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Abstract of [Smyth et al, In Pressb has suggested another source
) of relevance knowledge: in th€ollaborative Web Search

Collaborative Web search uses the past search be- (cws) approach patterns of queries and result selections
haviour (queries and selections) of a community of  from a community of users are used to re-rank the results of
users to promote search results that are relevantto  5p underlying search engine. A community can be a well-
the community. The extent to which these promo-  gefined group of users, such as the employees of a given
tions are likely to be relevant depends on how re-  company, or it can be an ad-hoc group of individuals, such
liably past search behaviour can be captured. We 55 the users of some topical Web site, for example a motor-
consider this issue by analysing the results of col-  jng Web site. The point is that many searches can be traced
laborative Web search in circumstances where the  pack to communities of users and our research indicates that

behaviour of searchers is unreliable. these communities are likely to submit similar queries and se-
lect the same types of resuliSmythet al, In Pressh In a
1 Introduction recent analysis of search logs from a variety of sources we

have found that within communities of searchers up to 70%
Traditional approaches to Web search are term-based; they more of queries share at least 50% of their query terms
assume that relevance is best understood from the termyith past queries from the community; sk@mythet al, In
within documents. It has been shown that typical Web userpressh For example, in[Smythet al, In Presshwe de-
are not experts when it comes to searching for documentscribe the results of a recent trial of CWS within a corporate
- they routinely provide ambiguous querilsawrence and  context and a community of about 50 searchers (the employ-
Giles, 1998, making it difficult for search engines to predict ees of an Irish software company). The data collected as part
their needs. In such an environment, query and documersf this trial indicates that 57% of queries share half of their
terms are not always a good indication of relevance and squery terms with previous queries. The results of this trial go
content-based approaches often ffilrnaset al, 1987. Re-  on to show that CWS can take good advantage of this type of
cent innovations have seen the introduction of new sourcegpetition and regularity to significantly enhance search per-
of relevance knowledge. For example, the work[Bfin  formance.
and Page, 199has famously demonstrated the usefulness of CWS relies on a relevance assumptiothat the selection
inter-document relationships by exploiting link-connectivity of a page for some query is a reliable indicator of page rel-
information. More recently researchers have also focused ogvance—which cannot be fully relied upon. Search engines
ways to exploit context in Web search as a way to disamoften return pages that turn out not to be relevant, and users
biguate vague queries, either by explicitly establishing theoften mistakenly select them. The question is: how sensitive
search context up-front or by implicitly inferring the con- are the results of CWS to selection noise? We will answer this
text as part of the search process (feawrence, 2000).  question in what follows by analysing the impact of selection
Yet others have focused on leveraging knowledge about thgoise on result precision.
query-space to directly address the correspondence problem,
by mining query logs in order to identify useful past queries2  Collaborative Web Search
that may help the current searcher (e.gslance, 2001; . . .
Raghavan and Sever, 1995; Wenal, 2004). The work CWS is a form of meta-search, relying on the search services
of a set of underlying search engines, but manipulating their
“This material is based on works supported by Science Foundd€sults in response to the learned preferences of a given com-
tion Ireland under Grant No. 03/IN.3/1361. munity of users. A key data structure in CWS is thiema-
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trix, H. It represents the search behaviour of a given commuwere evaluated with respect to their ability to locate pages rel-
nity of users and each time a member of a community selectsvant to these topics. After the evaluatiorekevance engine

a resultp; in response to some quegythe entry in cellHd;; was made available to help with the evaluation of new search
is incremented. In turn, thelevanceof a pagep; to¢; canbe  techniques. This engine provides ground-truth relevance for
estimated as the relative number of selectipnbas received the topics and allows for the detailed analysis of result-lists in

in the past forg;; see Equation 1. relation to the test queries.
Relevance(p;, ¢;) = J ) 3.2 Training the Hit-Matrix

> ov; Hij Normally in CWS the hit-matrix is trained by the searches

of a given community of users, but we need a mechanism
W Rel(p;, qr. q1s ooos Q) = @) for mampulayng selection noise and so we need a more con-

Rel i trolled experimental framework. For this we require a set of
2iz1..n HE eif‘mce(pj’ q) ® : im(qr, 4i) queries and a method for judging the relevance of the results
Y1 Bxists(pj, ;) ® Sim(qr, q;) that are returned and that might be selected by users. We gen-

erate queries by extracting subsets of terms from the TREC
- ; topic descriptions, after first removing commonly occurring
can be calculated as the weighted sum of its relevance to &op words; for each topic we generate 50 queries with be-

23tcﬁfir?gis/ir:jisaltr;gfe?/;en(S:Iem\;ngTdi:g)Tﬁlt)é%lB.'vtzg ;;lrlrt:i]Iari ¢ tfween 2 and 8 terms each. To simulate the action of a searcher
y Ywe use the official TREC relevance engine, which is capable

ts)iernt\?llgreitmge?\?viéhe q;nec'mr']g qllﬁft'?r?; ieeitiqg?;'%glgu:rheof identifying all result pages that are relevant for a given
Y r queryin g 0 topic. Thus, for a training query generated from topit; we

lated as in Equq’uon 3, itis wo'rth noting that we haye recentlycan identify thek pages returned by a baseline search engine
evaluated a variety of alternative and more sophisticated S'm'('see[BIott et al, In Pres) that are relevant to as the basis

larity metrics, the results of which are presentefBalfe and

More generally, the relevance of a pageto some queryr

' for updating our hit-matrix for topi¢. During the update we

Smyth, 2005; In Pregs use two types of noisé'ype A noise occurs when additional
) lgr N g non-relevant results are selected and thus during training we

Sim(qr, ¢;) = (3)  assume that the user selects faltetrieved documents that

lar U ail are relevant and an additionaf of k£ non-relevant pages.

Thus on receipt of some target queyy, CWS dispatches TypeB noise occurs when users fail to select all of the rele-
it to a set of underlying search engines and their results areant results returned and thus during training we assume that
combined to form a meta-search result-IRf,. Atthe same the user only selectd00 — n)% of the k relevant results and
time, ¢r is compared to other queries in the hit-matrix to n% of k irrelevant results returned for each query.
select a set of similar querieg,, ..., ¢,,, that are selected if . i
their similarity to gr exceeds some set threshold. The re-3-3  Precision Analysis
sults selected for these queries in the past are ranked by thélio assess the precision of CWS we use the official TREC
weighted relevance tgr, according to Equation 2, to pro- test queries that formed the basis of the TREC 2004 evalua-
duce a newpromotedresult-list, R,. Rp is combined with  tion; none of these queries were used in training. Two dif-
Ry, to produceRr, which is then returned to the user; in our ferent versions of CWS are used for query similarity thresh-
implementationkRr = Rp U Ry,. For further detail on the olds of > 0 and>= 0.5, with different types and levels of
technical details of the CWS architecture and operation seselection noise introduced. Each test query is replayed and

[Smythet al,, In Pressh the percentage of relevant results for different result-list sizes
is computed. The average of these precision values is com-
3 Evaluation puted to produce an overatiean average precisiofMAP)

] ) for each version of CWS. We also compute a baseline MAP

The success of CWS depends on the quality of its promoteghy the TREC Benchmark search engine usedBiott et al.,
results, Rp, and their quality in turn depends on the re- |y pres§, which serves as the underlying engine for CWS.
liability of the user selections that underpin the core rele- The results are presented in Figures 1 and 2. Each graph
vancy calculations. In this evaluation we will assess the qualsphows the MAP for the baseline and for CWS with Type A
ity of these promotions under different degrees of selectiogng B noise. They show that CWS offers significant preci-
noise with an experiment using the.TREC Terabyte collecxjgn increases over the baseline. For example, forthe
tion (seehttp://www-nlpir.nist.gov/projects/terabytand the  threshold, at the @ noise level, CWS delivers over twice
Fisréal search enginidlott et al, In Presh the precision of the baseline (0.34 vs. 0.15). We also see

. that these precision benefits degrade gracefully as noise is in-
3.1 The TREC Terabyte Collection creased, and the benefits are preserved even for high noise
This collection consists of over 25 million Web pages (ap-levels. Forinstance, even with 100% Type A noise we see that
prox, 426GB) crawled from thegov domain during early CWS delivers a MAP of 0.17, which is greater than the cor-
2004. The TREC Terabyte track included 50 random topicsesponding baseline MAP (0.14). We see that CWS is more
as target search topics. Each topic included a short textual dsensitive to Type B noise, especially for the= 0.5 thresh-
scription and during the evaluation competing search engineald. Here, CWS MAP falls below the baseline for 80% noise;

1596 POSTER PAPERS



B References

N i%ﬁ:’; 7777777 [Balfe and Smyth, 2045Evelyn Balfe and Barry Smyth. An

g & Baseline analysis of query similarity in collaborative web search. In

= S—  rnaassgere e eereeeserrreees Proceedings of the 27th European Conference on Informa-

3 £ tion Retrieva) pages 330344, 2005.

g L S [Balfe and Smyth, In PressEvelyn Balfe and Barry Smyth.

2, . . | A Comparative Analysis of Query Similarity Metrics for
0%  20%  40%  60%  80%  100% Community-Based Web Search. Pnoceedings of the 6th

Noise Level International Conference on Case-Based Reasqnfhg

Press).

[Blott et al,, In Pres$ Stephen Blott, Ois Boydell, Fabrice
Camous, Paul Ferguson, Georgina Gaughan, Cathal Gur-
rin, Noel Murphy, Noel O'Connor, Alan F. Smeaton,

Figure 1: Similarity Threshold- 0

g 04 Barry Smyth, and Peter Wilkins. Experiments In Terabyte
I i%ﬁ:g _______ Searching, Genomic Retrieval And Novelty Detection For
E = Baseline TREC-2004. InProceedings of the Thirteenth Text RE-
) trieval Conferencg(ln Press).
E [Brin and Page, 1998Sergey Brin and Lawrence Page. The
= Anatomy of a Large-Scale Hypertextual Web Search En-
z . . ‘ | gine. Computer Networks and ISDN Systen39(1—
0%  20%  40%  60%  80%  100% 7):107-117, 1998.
Noise Level [Furnaset al, 1987 George W. Furnas, Thomas K. Lan-
dauer, Louis M. Gomez, and Susan T. Dumais. The vocab-
Figure 2: Similarity Threshold 0.5 ulary problem in human-system communicati@ommu-

nications of the ACM30(11):964-971, 1987.

L(gulance, 200[L Natalie S. Glance. Community Search As-
sistant. InProceedings of the International Conference
on Intelligent User Interfacegpages 91-96. ACM Press,
2001.

4 Conclusions .
) . . [Lawrence and Giles, 1998Steve Lawrence and C. Lee
CWS personalizes search results for a community of like-  Gjles. Context and Page Analysis for Improved Web

minded searchers based on their prior search histories. It gesrch. IEEE Internet ComputingJuly-August:38—46
is appropriate in a wide variety of search scenarios because 1ggg. '

many Web searches are initiated within a community context; .

for example, the searches initiated from a search box on sonfkawrence, 200D Steve Lawrence. Context in Web Search.
themed Web site or the searches of some online social group. |EEE Data Engineering Bulletir23(3):25-32, 2000.

When responding to a new search query, CWS exploits thERaghavan and Sever, 199¥ijay V. Raghavan and Hayri
results of searches for similar queries that have taken place in Sever. On the reuse of past optimal querie®rvceedings
the past (for a given community) and actively promotes those of the 18th Annual International ACM SIGIR Conference
results. Thus, results that are consistently selected for queries on Research and Development in Information Retrieval
will tend to be promoted, although care must be taken to limit  pages 344-350. ACM Press, 1995.

the influence of promotional biases as a result of SeleCtioTSmythet al, In Pressh Barry Smyth, Evelyn Balfe, Ois

noise or malicious users. : X .
. Boydell, Keith Bradley, Peter Briggs, Maurice Coyle, and

In this paper we have evalyated the perfqrmance of CWS Jill Freyne. A Live-User Evaluation of Collaborative Web
when search histories contain result selections that are un- Search. InProceedings of the 19th International Joint

reliable. Obviously, if users select results that are not rel- o : )

evant to their query then there is the risk that these results Conference on Artificial Intelligence, JCAI-06n Press)-.
will be promoted in the future. The question that we have at/Smythetal, In Pressb Barry Smyth, Evelyn Balfe, Jill
tempted to answer is the degree to which CWS is sensitive to Freyne, Peter Briggs, Maurice Coyle, and i@igoydell.
such noisy selections. Our results indicate that CWS is rela- Exploiting Query Repetition & Regularity in an Adaptive
tively robust to noise with significant precision benefits avail- ~ Community-based Web Search Enginelser Modeling
able even for very high levels of selection noise. This bodes and User-Adapted Interaction: The Journal of Personal-
well for CWS and is in agreement with the performance ben- ization Research(In Press).

efits witnessed in live-user trials, in which noisy selections[Wenet al, 2004 Ji-Rong Wen, Jian-Yun Nie, and Hong-
are likely to occur. In finishing, it is worth highlighting that Jiang Zhang. Query clustering using user logaCM
the CWS approach has been fully implemented in the I-SPY  Transactions on Information Systerg2§(1):59—81, 2002.
system which can be accessedtip://ispy.ucd.ie

this corresponds to a situation where in many search sessio
no relevant results are selected by users.

POSTER PAPERS 1597



Image Retrieval and Disambiguation for Encyclopedic Web Search

Atsushi Fujii and Tetsuya Ishikawa
Graduate School of Library, Information and Media Studies
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Abstract

To produce multimedia encyclopedic content, we
propose a method to search the Web for images as-
sociated with a specific word sense. We use text in
an HTML file which links to an image as a pseudo-
caption for the image and perform text-based in-
dexing and retrieval. We use term descriptions in a
Web search site called “CYCLONE” as queries and
correspond images and texts based on word senses.

1 Introduction

The World Wide Web, which contains an enormous volume
of up-to-date information, is a promising source to obtain
encyclopedic knowledge. It has become common to con-
sult the Web for specific keywords, instead of using con-
ventional dictionaries and encyclopedias. However, existing
Web search engines often retrieve extraneous pages contain-
ing low-quality, unreliable, and misleading information.

Fujii and Ishikawa [2001] proposed an automatic method
to extract term descriptions from the Web and classify mul-
tiple descriptions into domains and word senses. Using this
method, Fujii and Ishikawa have built a Web search site called
“CYCLONE”!, in which a user can efficiently obtain an en-
cyclopedic term description in a specific word sense. Over
700,000 Japanese terms are currently indexed as headwords.

However, to explain certain headwords, specifically those
related to an entity, such as devices and animals, it is effective
to present a picture depicting the entity, in addition to text
descriptions.

In this paper, we propose a method to integrate images on
the Web and text descriptions in CYCLONE. We resolve the
ambiguity of the meaning of an image by text analysis, so that
images for a polysemous word, such as “hub (network de-
vice and center of wheel)”, are classified on the basis of word
senses. Our research is a step toward the automatic compila-
tion of multimedia encyclopedias, such as Encarta’.

2 Description-based Image Disambiguation

Existing search engines, such as Google and Yahoo!, use texts
in HTML files for retrieval purposes, instead of performing

'http://cyclone.slis.tsukuba.ac.jp/
Zhttp://encarta.msn.com/
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content-based image retrieval. Given a text query, an image
file, such as GIF and JPEG files, linked from an HTML file
including one or more query terms is selected as a candidate
image. In other words, text content in an HTML file is used
as a “pseudo-caption” for a target image.

However, the text-based image retrieval cannot distinguish
images depicting different entities, if a query term is polyse-
mous. For example, images of network devices and images
of axles can potentially be retrieved together in response to
the query “hub”.

To resolve this problem, we use a text description for a
specific word sense. Term descriptions in CYCLONE, which
are organized on the basis of word senses, provide informa-
tive contexts for word sense disambiguation. For example,
if an HTML file includes words “LAN” and “cable”, an im-
age linked from this HTML file is likely to depict a network
device more than an axle.

We need to crawl the Web and cache a large number of im-
ages and HTML files linking to those images. We shall call
these HTML files “hyper HTML files”. However, this process
is computationally expensive. We experimentally use Yahoo!
Japan® to obtain pairs of an image and its hyper HTML file,
by submitting a target term (e.g., “hub”) as a query. We dis-
card all HTML tags in the hyper HTML files and extract the
text content, from which we produce a text index.

For indexing and retrieval purposes, any best-match text
retrieval method, such as the vector space model and prob-
abilistic model, can be used. We experimentally use Okapi
BM25. We use content words, such as nouns, extracted from
text as index terms, and perform word-based indexing. We
use the ChaSen morphological analyzer* to extract content
words, because Japanese sentences lack lexical segmentation.
The same method is used to extract terms from queries.

However, unlike a text-based image retrieval which uses
well-organized captions [Smeaton and Quigley, 1996], not all
words in an HTML file are related to an image. We use differ-
ent term weights depending on the region in an HTML file.
In principle, a decreasing function which assigns a value to
each word depending on the proximity between the word and
an anchor (i.e., <IMG> and <A> in HTML) to a target image
can be used. In practice, we multiply the weight of a word M

3http://www.yahoo.co.jp/
“http://chasen.aist-nara.ac.jp/
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Figure 1: Example text descriptions and images for “habu”.

times, if the number of characters between the word and the
anchor to the image is less than N. We shall call this method
“proximity-based term weighting (PBTW)”. The values of M
and N are determined empirically in Section 3.

Figure 1 depicts a successful example result for the
Japanese term “habu”, which is associated with multiple
word senses, such as a network device, snake in Okinawa,
airport, and center. In Figure 1, the first two paragraphs de-
scribe device and snake, respectively. The top three image
candidates are associated with each paragraph.

3 Experimentation

To evaluate the accuracy of our method, we produced a test
collection. First, we collected polysemous words used as test
terms. For each test term, at least two word senses must be
able to be depicted by image, because our purpose is to dis-
ambiguate the meaning of images. We collected 22 test terms.

Second, for each test term, we used Yahoo! Japan to search
the Web for the top one hundred images and their hyper
HTML files. Third, each image was manually annotated with
a word sense, disregarding as to whether or not the sense is
included in CYCLONE. The annotator was able to read the
content of a hyper HTML file for the decision, if necessary.
The images not associated with any word sense are annotated
with “irrelevant”. Fourth, for each test term, a query is pro-
duced from each description in CYCLONE. We used the top
descriptions classified into each domain. The descriptions not
associated with any word sense annotated to the images were
discarded. The total number of queries was 155.

We compared the following three methods:

e a baseline method, which sorts candidate images for
each query according to the ranking in Yahoo! Japan
(“Baseline™),

e our method (the description-based disambiguation
method), which uses descriptions in CYCLONE as
queries (“DBD”),

e our method, which uses descriptions in CYCLONE as

POSTER PAPERS
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Figure 2: Rank-accuracy graphs for different methods.

queries and performs the proximity-based term weight-
ing method (“PBTW”).

For the baseline method, which did not perform image dis-
ambiguation, the same list of candidate images was associ-
ated with the different senses for each test term. Through a
preliminary experiment, we set M = 7 and N = 400 for
PBTW.

Figure 2 shows the accuracy for each method in different
ranks. The accuracy for rank r is the number of queries for
which a correct image was found in the top r candidates and
the total number of queries. DBD and PBTW significantly
improved on the accuracy of the baseline method, irrespective
of the rank. PBTW improved on the accuracy of DBD. As
predicted, the words in close proximity to an anchor for a
target image were important to disambiguate the meaning of
the image. PBTW retrieved at least one correct image in the
top ten candidates for 93.6% of the queries.

4 Conclusion

To compile multimedia encyclopedic content on the Web, we
proposed a method to associate text descriptions in CYCLONE
and image files based on word senses, and showed its effec-
tiveness by means of experiments.
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Abstract

The presence of long gaps dramatically increases
the difficulty of detecting and characterizing com-
plex events hidden in long sequences. In order to
cope with this problem, a learning algorithm based
on an abstraction mechanism is proposed: it can in-
fer a Hierarchical Hidden Markov Model, from a
learning set of sequences. The induction algorithm
proceeds bottom-up, progressively coarsening the
sequence granularity, and letting correlations be-
tween subsequences, separated by long gaps, natu-
rally emerge. As a case study, the method is evalu-
ated on an application of user profiling. The results
show that the proposed algorithm is suitable for de-
veloping real applications in network security and
monitoring.

1 Introduction

This paper addresses the task of discovering complex events
(CEs) occurring sparsely in long sequences. It is assumed
that a CE is a partially ordered set of short chains (episodes)
of atomic events (AEs), interleaved with gaps, where irrele-
vant facts may occur. Moreover, the presence of noise can
make episodes hard to recognize. Episodes are represented
as strings of symbols, being a symbol the label assigned
to an atomic event. In a recent paper [Botta et al., 2004],
a method for automatically inferring a Hierarchical Hidden
Markov Model (HHMM) [Fine et al., 1998] from a database
of sequences has been proposed. Here, an improved version
of the algorithm is applied to a non trivial application of user
profiling in computer security.

2 User Profiling

User profiling is widely used to detect intrusions in computer
networks or in telephony networks. The possibility of auto-
matically building a profile for users or for network services
reflecting their temporal behavior would offer a significant
help to the deployment of adaptive Intrusion Detection Sys-
tems (IDSs) [Lee et al., 2002].

The experiments described in the following investigate the
possibility of automatically constructing a user profile from
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the logs of its activity. The selected task consists in learn-
ing to identify a user from his/her typing style on a keyboard.
The basic assumption is that every user has a different way
of typing, which becomes particularly evident when he/she
types specific words, or sequences of characters. The goal is
not challenging the results previously obtained [Bleha et al.,
1990; Brown and Rogers, 1993], but investigating the possi-
bility of synthesizing automatically profiles from the activity
logs. The specific application has been selected because the
data are easy to acquire. In other words, if the methodology
described so far succeeds in building up a HHMM for this
kind of user profiling, it is likely that it will succeed in other
cases as well. Two experiments, described in the following
subsections, have been performed.

3 Key Phrase Typing Model

In the first experiment, the goal was to construct a model for
a user typing a key phrase, discriminant enough to recognize
the user among others. A selected sentence of 22 syllables
has been typed many times on the same keyboard, while a
transparent program recorded the duration of each stroke, and
the delay between two consecutive strokes. Then, every rep-
etition of the sentence generated a temporal sequence. Four
volunteers provided 140 sequences each, and, for every one
of them, a model has been built up using 100 traces (for each
user) as learning set. The four learned models have been
tested against the remaining 160 traces. For each model A
and for each trace s, the probability of \ generating s has
been computed using the forward-backward algorithm [Ra-
biner, 1989]. Then, s has been assigned to the model with the
highest probability. The results reported only one commis-
sion error and two rejection errors (no decision taken), when
a trace was not recognized by any one of the models.

4  Text Typing Model

The second experiment addressed the more general problem
of modeling a user during a text editing activity. A corpus
of several paragraphs, selected from newspapers and books,
has been collected. The total number of words was 2280, and
the number of typed keys 14273. Again, four users typed the
entire corpus in several different sessions, without any con-
straint, in order not to modify their natural typing style. In this
kind of application, a user model should be centered not on
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Figure 1: User profiling statistics. Graphs (a), (b), (c) and
(d) refer each one to a different user profile. The continuous
line ”Pos” reports the scoring, measured in log odds, for the
the sequences belonging to the profile. The dotted line ”"Neg”
refers to the sequences not belonging to the profile.

the specific words he/she types, but on the user typing style,
which, in turns, depends on the position of the keys on the
keyboard. Therefore, a standard keyboard subdivision into
regions, used in dactylography, has been considered. On this
basis, keys have been grouped into 10 classes. In this way,
transition from one region of the keyboard to another should
be emphasized. Afterwards, the sequences generated during a
typing session have been rewritten by replacing every charac-
ter with the name of the class it has been assigned to. Finally,
long sequences deriving from an editing session have been
segmented into shorter sequences, setting the breakpoint in
correspondence of long gaps. The idea is that typical de-
lays due to the user typing style cannot go beyond a given
limit. Longer delays are imputable to different reasons, such
as thinking or changing of the focus of attention. In this way
a set of about 1350 subsequences has been obtained. For ev-
ery user, a subset of 220 subsequences has been extracted in
order to learn the corresponding model. The remaining ones
have been used for testing. As in the previous case, the prob-
ability of generating each one of the sequences in the test set
has been computed for every model. The results are summa-
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rized in Figure 1, where the distribution of the scoring rate on
the test sequences is reported for every model. The scoring
rated is measured in log odds®. The continuous line, labelled
”Pos”, represents the distribution of the scores assigned to the
correct model (user), whereas the other one, labelled ”"Neg”,
represents the distribution of the scores assigned to all other
models (users), considered together . The sequences on the
extreme left have been rejected. It is evident from the fig-
ure that sequences belonging to the model are well separated
from the other ones. Referring to the data in the test set, a
monitoring system using the simple rule that, in a set of three
consecutive sequences generated by a user at least two must
have a score higher than 0, would give a perfect discrimina-
tion of the legal user without rising false alarms.

It is worth noting that the results have been obtained as a
first shot, without requiring any tuning of the algorithm. This
means that the method is robust and easy to apply to this kind
of problems.

5 Conclusion

An improved version of the algorithm [Botta et al., 2004] for
inferring complex HHMM from sequences has been applied
to a non trivial user profiling problem. Even if this case study
is just a preliminary investigation, the results are promising.
In fact, the considered case is highly representative of many
other similar problems found in intrusion detection systems,
and the results show that HHMM is a suitable tool for build-
ing profiles. The methodology is effective, robust and easy to

apply.
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Abstract

In conditional visuomotor learning, several abitrary
associations between visual cues and motor responses have
to be learned by trial and error at the same time. Monkeys,
as humans, do not achieve this task by randomly trying each
possible association. Raher, they use a strategy that
organizes sequentidly the acquisition of individud
stimulus-response  associations.  Accordingly, neurona
recordings in the monkey striatum, the main basal ganglia
structure, reveals two forms of plasticity during learning, a
transient one that could constitute the neuronal correlate of
the strategy, and a long-lasting one that could reflect the
slow neuronal implementation of individual associaions.
Existing models of basa ganglia function based on
reinforcement learning cannot account for this dual process.
Hence, we developed a mathematicad model of conditiona
visuomotor learning, inspired from viability theory, which
implements both the formation of individua associations
and the use of strategies to organize learning.

I ntroduction

Studies of arbitrary visuomotor learning in laboratory
situations generally use several stimuli taken from the same
category (colors, pictures, positions etc.) and an equivaent
number of motor responses (hand postures, lever
displacements, etc.). Subjects are required to learn by trid
and error, conditional rules such as 'if green go right, if red
go left, if blue, go up', etc. This requires on-line monitoring
of the associations already tried and of their outcome
(correct or incorrect). With large sets of items and actions to
associate, this monitoring represents a high memory load,
which can be decreased by using specific learning strategies.
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Conditional associative learning: behavioral
and neuronal data

The driatum, the larger structure composing the basd
ganglia, congtitutes a key neura substrate for arbitrary
visuo-motor learning (see eg. Hadj-Bouziane et al., 2003
for review). Hence, in a recent study, we recorded single
cell activity in the striatum of two rhesus monkeys during
learning of a conditional visuomotor task that required to
associate complex visual cues with joystick movements
(Hadj-Bouziane & Boussaoud, 2003). The animals searched,
by tria and eror, for the correct joystick movement
associated with each of four visual cues. The four
associations comprising a set were presented concurrently,
that is, each appeared once, in randomized order, within
each block of four consecutive trials.

Behavior. Although the four associations were presented
concurrently within each block of 4 trials, monkeys learned
them sequentially, focusing on one association at atime in
order to decrease the memory load. The use of strategies to
organize learning was a so observed in humans in a separate
study (Hadj-Bouziane et a., 2004).

Neuronal activity: Neuronal activity in the striatum showed
two main types of modulations during learning. One was
transient, consisting in a time-limited increase in activity
during early learning stages. The other was long-lasting,
consisting in a gradud increment of activity over the entire
course of the learning session. The former could underlie
the devdlopment and use of learning strategies, whereas the
latter could be responsible for long term storage of the
individual associations.
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M athematical model: the striatum and viability
theory

Severa not mutualy exclusive computational models of
basa gangliahave been proposed in the literature (e.g. Houk
et d., 1995; Barto, 1995). Many of these models use the
reinforcement learning (RL) agorithm. For learning
associations by RL agorithms one would need to build a
cost function adapted to this particular learning task and
then to find a way to maximize this function. However, as
described above, learning arbitrary visuomotor associations
is not based on random selection of a behavioral response,
but rather implies strategies. Mathematicaly the learning of
associations leads to the so called target problem of control
theory and there are different tools (cf. viability theory and
capture basin agorithms, time optimal control, adaptive
control) that alow to find policies theoretically and
construct solutions numerically. The learning of policies
leading to a target can be derived from viability theory
(Aubin 1991). Instead of a repetitive improvement of the
cumulative reward to make it as close as posshle to a
maximum (as it is done in RL algorithms), the viability
kernel algorithms are based on the systematic exploration of
boundaries of sets. Indeed when we investigate the
boundary of a set, instead of the set itself, we reduce the
dimension of the problem (Cardaliaguet et al., 1999). We
propose that the use of strategies such as the sequentia
strategy evoked above correspond to investigation of
boundaries. From the mathematica view point the viability
and capture basin agorithms are based on elimination:
taking out points from which it is impossible to get to a
target and in the same time constructing the winning
strategies for Capture Basin  (eg. Frankowska &
Quincampoix, 1991). This elimination is based on a locd
analysis of constraints. Instead of applying exploration type
arguments and trying different controls from the same initia
condition, the viability kernel agorithms consider only
critical points, that is the boundary of the set of constraints
and check which points of the boundary are not viable.

Summary and conclusions

Learning arbitrary visuo-motor associations implies to learn
the correct stimulus-movement associations and then to
store them in long term memory. One has to learn by trid
and error to select the appropriate movement according to
the stimulus presented. During early stages of learning,
processes such as discrimination, recognition and
memorization of the stimuli are required, but aso
monitoring of events and behavioral outcome. Learning
time can be reduced by the use of particular strategies such
as focusing on a single cue at a time or repeating a motor
response until correct.

We propose a computationd model based on 1) these
behavioral data showing the use learning strategies, 2) the
possible corrdates found in the dynamics of neurona
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changes in the striatum, and 3) viability theory. This modd
complements existing ones, by taking into account the
strategies, viewed as a way to determine the boundaries of
the learning pace. In our modd the learning strategies
artificialy reduce the dimension of learning space (number
of actions or number of images), a process that simplifies
the task. At the neurond level, we suggest that the strategy
choice may be carried out by the transient activities,
whereas the boundary encodings may be accomplished
using the rules proposed in Bar-Gad et al. (2003), and loca
analysis done using the reinforcement signal. We thus
propose an additiond role of the basal ganglia, that of
reducing the dimension of learning space.
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Abstract assumption. For the fMRI classification described abovs, th
problem is particularly non-trivial as we expect the data to
be of very high dimension and extremely noisy, as the brain
concurrently works on many given tasks. It is also quite nat-
ural to assume that there is only representative data of the
task of interest; and not necessarily representative ddkeeo
negation of this task thus making the one-class learnirig-tec
nigues appropriate. In this work, we use two major one-class
learning techniques - "bottleneck” or compression neued n
works[Manevitz and Yousef, 200 &and a common version of

1 Introduction the one-class Support Vector Machine (SVIMcholkopfet

Functional magnetic resonance imaging (fMRI) allows the@l:; 1999 We point out that we use the entire brain slice,
carrying out of specific non-invasive studies within a givenW!th no pre-filtering - i.e. the data is the entire slice, lebe
subject while providing an important insight to the neural b with the task.
sis of brain processes. Neurons, which are the basic func- .
tional unit of the brain, consume a higher level of oxygen2 EXperiments
when active, hence blood with a higher level of oxygenationThe fRMI scans are of a voluntédiexing their index finger
is supplied to those active neurons. fMRI makes indirect us@n the right hand inside a MR-scanner whilzimage slices
of this effect by detecting areas of the brain which have arpf the brain were obtained from @2T-weighted MR scanner.
elevated consumption of oxygen. This effect can be used tqhe time-course reference of the flexing is built from the-sub
identify areas of the brain associated with specific fumsio ject performing a sequence of 20 total actions and rests con-

The current methodology used to identify such regions issisting of rest, flex, rest,.. flex. Two hundred fMRI scans
to compare, using various mathematical techniques, the elre taken over this sequence; ten for each action and rest. Th
vation of oxygen consumption during a task with that usedndividual fMRI images are dicoAformat of sizel28 x 128.
during a resting state[Mitchell et al., 2004 applied ma-  Each image is labelled as eithie(active) or—1 (inactive).
chine learning techniges to this problem, when considering Thuys, in our data we haveno positive and100 negative
the classification of the COgnitive state of a human SUbjeCti.mages for each of th&2 slices. For the bottleneck neural
Thus, in order to determine the elevation of oxygen consumpnetworks0 positive samples were chosen randomly and pre-
tion during a task, images acquired during a resting state arsented for training and0 samples, consisting of the remain-
required. In order to keep the alternation between activitying 20 positive anc20 random negative samples, were used
a reference time-course is needed, where the resting and &gy testing. This experiment was redone with ten independen
tive states are embedded. In this paper we further consideandom runs. The limitation t80 negative samples out of a
the problem of identifying fMRI scans that have only beenpossible100 was chosen to keep the testing fair between the
acquired during the “active” state, i.e. scans acquirethdur positive and negative classes. We manually cropped the non-
the duration when the human subject has performed the givefyain background from the scans; resulting in a slightly dif
taSk The basic intuitions are that, if ava.llable, two-slalsis- ferent input/output size for each slice of ab@ugoo inputs
sification should perform better; although not always. How-and outputs. The compression percentage arising from the
ever, as is the case und_er con5|derat|_o_n here, often we haygttleneck was chosen by experimenting with different pos-
some reasonable sampling of the positive examples; i.e. thgple values. A uniform compression of ab@0t% gave the
distribution of positive examples can be estimated; whit t pest results for the hidden layer. The irrelevant (nondrai
negative examples are either non-existent or episodim@®  jmage data was cropped for each slice resulting in a slightly
necessarily representative.

Obtaining good results under this assumption is known to  !Provided by Ola FrimafFriman, 2003.
be quite challenging; nonetheless it is often the moststali 2For information regarding dicom see http://medical.nemg.

We show how one-class compression Neural Net-
works and one-class SVM can be applied to fMRI
data to learn the classification of brain activity as-
sociated with a specific motor activity. For com-
parison purposes, we use two labeled data and see
what degree of classification ability is lost com-
pared with the usual two-class SVM.

1604 POSTER PAPERS



different input/output size for the network for each slitke  the one-class. This is expected as the one-class metho@s mak
network was trained to the identity usir2§ epochs on the no use of the negative samples and eminently will have a
above chosen data. Following training the network was usetbwer ability in classifying it. Additional experiments Y&

as a classification filter, with an input value being clasgifie

as positive if the error level was lower or equal to a threghol

chosen heuristically from training and classified as negati Table 3: Methods Statistics

We used the same protocol in a one-class SVM. Additionally,

we used the two-class SVM where we randomly seletééd Method True-Positive | False-Negativg  std
training images and the remainidg for testing. This was BN - NN 78.96% 21.04% +3.15%
also repeatedl0 times. One-class SVM 72.83% 27.17% +1.98%
The obtained results are an average over all the slices. Each True-Negative] False-Positive

slice was averaged ovéd repeats where in each repeat a ran- BN - NN 33.42% 66.58% £3.45%
dom split of training testing was selected. Both SVM classi1_One-class SVM|  39.25% 60.75% £3.25%
fiers were used in their default setting as set by the OSU- Two-class SVM|  65.64% |  54.46% | £3.02% |

SVM 3.00 packagé In addition, the two-class SVM was

used with the unnormalised data as we have experimental . . .

found that with normalised data the overall results were siggfnei?afreé;%rlged on visual instead of motor tasks with very
nificantly worse. In Table 1 we are able to observe that while '
the one-class SVM performs better with the RBF kernel, th .
two-class SVM is better with the linear kernel. In Table 283 Conclusions
We have found that one class classification can be done, even
with the "noisy” data and with the full slices of the brain aca

Table 1: SVM Results (success). Comparable results (about 58% accuracy) were obtained un-

Method Linear kernel RBF kernel der both one-class SVM and Compression-Based NN tech-
One-class SVM| 49.12% + 0.86% | 59.18% + 1.47% nigues. For future work we would further investigate auto-
Two-class SVM| 68.06% + 2.10% | 44.70% + 1.12% mated feature reduction as it might be fruitful, comparesca

of the same individual across different fMRI sessions. The
work presented here was for one individual. We intend to
we compare the one-class to two-class techniques. As ineompare training and classification across individuals.

tially expected we are able to observe that the two-class ap-

proaches outperform those of the one-class. The One-Claﬁcknowledgments

SVM is slightly better then the bottleneck compression NN.

We further analyse the statistics of the methods i.e. tha-sep This collaboration was supported by the Caesarea Rotuschil

Foundation, and by thellACS Reseach Center, the Univer-
sity of Haifa. The first author is funded by the European
Table 2: Methods success results. project LAVA num. IST-2001-34405 and PASCAL network
of excellent num. IST-2002-506778. We also thank Ola
Friman of Harvard Medical School for his generous sharing
of his data.

Method Result on slices
BN - NN 56.19% + 1.26%
One-class SVM| 59.18% + 1.47%

[ Two-class SVM] 68.06% + 2.10% ] References

[Friman, 2003 Ola Friman.Adaptive Analysisof Functional
ration of the classified samples to their true classes. IkeTab  MRI Data. PhD thesis, Linkoping Studies in Science and
3* we compute and show the statistics of the fMRI images of Technology, 2003.
the Positive samples that were classified as positive, ddnot

as true-positive, and the positive samples that were fikedsi Yousef. One-class svms for document classificationr-

as negative, denoted as false-negative and the statistios o nal of Machine Learning Research 2, pages 139-154
negative fMRI images samples that were classified as nega- 2001. ' '

tive, denoted as true-negative, and those that were ctabsifi = ) )

as positive, denoted as false-positive. We are able to ebser [Mitchell etal., 2004 T.M. Mitchell, R. Hutchinson, R.S.

in that the compression NN is able to find a higher rate of Niculescu, F. Pereira, X. Wang, M. Just, and S. Newman.
true-positive fMRI images then the one-class SVM and the Learning to decode cognitive states from brain images.
two-class methods even though they have obtained an higher Machine Learning, 1-2:145-175, 2004.

overall success rate. Also we observe with regard to the nedScholkopfet al., 1999 B. Scholkopf, J. Platt, J. Shawe-
ative samples that the two-class methods perform bettar the Taylor, A. J. Smola, and R. C. Williamson. Estimating

. the support of a high-dimensional distribution. Technical
3 .
OSU SVMs Toolbox http://www.ece.osu.eduhaj/osusvm/ Report 99-87, Microsoft Research., 1999.

“std stands for Standard Deviation

[Manevitz and Yousef, 20@1Larry Manevitz and Malik
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Abstract

A martingale framework is proposed to enable
support vector machine (SVM) to adapt to time-
varying data streams. The adaptive SVM is a one-
pass incremental algorithm that (i) does not require
a sliding window on the data stream, (ii) does not
require monitoring the performance of the classifier
as data points are streaming, and (iii) works well for
high dimensional, multi-class data streams. Our ex-
periments show that the novel adaptive SVM is ef-
fective at handling time-varying data streams sim-
ulated using both a synthetic dataset and a multi-
class real dataset.

1 Introduction

In this paper we propose an efficient adaptive support vec-
tor machine (SVM) for time-varying data streams based
on the martingale approach [Vovk et al., 2003] and using
adiabatic incremental learning [Cauwenberghs and Poggio,
2000]. When a new data point is observed, hypothesis test-
ing decides whether any change has occurred. Once a change
is detected, historical information about previous data is re-
moved from the memory.

2 Change Detection Using Martingale

[Vovk et al., 2003] introduced the idea of testing exchange-
ability online using martingale. The sequence of random
variables 21, - - -, 2z, is exchangeable if the joint distribution
p(z1, -+, 2y,) is invariant under any permutation of the in-
dices of the random variables. When a new labeled example,
zn, 1S observed, testing exchangeability of the sequence of
examples 21, 2o, - -, 2 consists of two main steps [Vovk et
al., 2003]:

1. Extract the randomized p-value for z,,:

- #{i:a; > an} +n9n#{i foy = ap} n

where « is the strangeness measure (for SVM, one can
use either the Lagrange multipliers or the distances from
the hyperplane) for z;, ¢ = 1,2,---,n and 6,, is a ran-
dom number between 0 and 1.
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2. Construct the randomized martingale:

n

ME =T] (ep™) )

i=1
where p; are p-values, a constant € € [0, 1], and the ini-
tial martingale M = 1.

p; and Mi(é), fori =2,---,n— 1, are computed using Step 1
and 2.

The exchangeability of a data sequence is a slightly weaker
assumption compared to the randomness (i.i.d.) assumption.
Hypothesis testing using the randomized martingale is suit-
able to check for the randomness of a data sequence which,
in turn, can detect changes.

One tests the null hypothesis Hy : “no change in the data
stream” against the alternative hypothesis H; : “change in the
data stream”. The martingale test continues as long as

0< M <\ 3)

One rejects the null hypothesis when M,(f) > A

The martingale test is justified using the Doob’s Maximal
Inequality [Steele, 2001] which states that for a martingale
{M}} and any A\ > 0,

AP (glgx My > A) < BE(M,) @)
Hence, if E(M,,) = E(M;) = 1, then
1
> < —
P (Il?gar}ka > /\> =3 (5)

This inequality means that it is unlikely for M, to have a high
value. Based on this inequality, A is appropriately set to reject
the null hypothesis.

3 Experiments

Experiments are first conducted on a binary-class two-
dimensional rotating hyperplane data stream [Hulten et al.,
2001]. To show the performance of the adaptive SVM on
high dimensional multi-class data stream, experiments are
carried out using a modified three-digit data stream based on
the USPS handwritten digit dataset [LeCun et al., 1989]. For
the SVMs, C = 10 and the Gaussian kernel are used.

POSTER PAPERS



501 B

Accuracy Difference (%)

S

-50
o 2000 4000 6000 8000 10000 12000 14000 16000
Data Stream

Figure 1: The difference between baseline accuracy and the
accuracy of the adaptive SVM. Negative values imply better
performance than the baseline accuracy.
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Figure 2: The martingale values of the data stream. Detected
change points (denoted *): 1007, 3133, 4697, 5054, 6068,
7165, 8144, 9312, 11029, 12099, 13015, 14368, 15045. Miss
detections: 2001, 10001. The median of the time between
true change points and their corresponding detected change
points is 99 time units.

A. 2-D Rotating Hyperplane Synthetic Dataset

For the two-dimensional rotating hyperplane data stream, the
sequence consists of 16,000 data points with changes in the
data distribution occurring at points (1000 x i) + 1, for i =
1,2,---,15. For each segment of a steady data distribution,
500 points from the same data distribution are used to assess
the performance of the SVM classifier.

The adaptive SVMs using A = 16, for the martingale test
(3), displays very good performance as shown in Figure 1.
The difference in accuracy from baseline accuracy (perfor-
mance of the classifier that adapts to the given true change
points) is near zero most of the time. Short bursts of accu-
racy discrepancy occur between true change points and their
corresponding detected change points. Longer accuracy dis-
crepancies happen when a significant change is detected late
(e.g. change point 4001) as shown in Figure 1. In Figure 2,
we observe that the martingale value is small and stable when
no change in the data distribution is detected. The martingale
value increases abruptly when change is suspected.

B. Three-digit Data Stream

The USPS handwritten digits dataset, which consists of 10
classes of dimension 256 and includes 7,291 data points, is
modified to form a data stream as follows. There are four
different data segments. Each segment draws from a fixed
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Segment Digit 1 Digit 2 Digit 3 Total Change
Point
1 597/359 (0) | 502/264 (1) | 731/198 (2) 18307821 1831
2 597/359 (0) | 658/166 (3) | 652/200 (4) 1907/725 3738
3 503/264 (1) | 556/160 (5) | 664/170 (6) 1723/594 5461
4 645/147 (7) | 542/166 (8) | 644/177 (9) 1831/490 -

Table 1: Three-Digit Data Stream: TR/TS (D): For the true
digit class D, TR and TS are the number of data points used
for segment construction and for testing respectively.
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Figure 3: Left Graph: The proportion of data points with
the difference from the baseline accuracy less than or equal
to some percentage value. The maximum, minimum and
mean percentage of data points at each accuracy difference
are shown. Right Graph: The mean difference between the
baseline accuracy and the accuracy of the adaptive SVM.

set of three different digits in a random fashion. The three-
digit set changes from one segment to the next. The composi-
tion of the data stream and ground truth for the change points
are summarized in Table 1. Ten simulations were performed
on the simulated data stream using the one-against-the-rest
multi-class SVM and the martingale test with A = 10.

For the three-class data stream there are three martingale
values that have to be computed at each point in order to de-
tect change. When one of the martingale values is greater
than A, the SVM will detect and adapt to the change. One can
see from Figure 3 that the adaptive SVM performs extremely
well. About 94% of the data points have a difference from
baseline accuracy less than or equal to 1%. There are no miss
detections for all the ten simulations.
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Abstract

This paper describes initial experiments in apply-
ing knowledge derived from hypertext structure to
domain-specific automatic keyphrase extraction. It
is found that hyperlink information can improve
the effectiveness of automatic keyphrase extraction
by 50%. However, the primary goal of this project
is to apply similar techniques to information re-
trieval tasks such as web searching. These initial
results show promise for the applicability of these
techniques to more far-reaching tasks.

1 Introduction

The associative nature of the Web has been under-exploited
so far. This paper describes the initial steps taken towards
developing a framework that will take advantage of the as-
sociative hyperlink structure of the web to improve informa-
tion retrieval and document classification. In this project,
the automatic keyphrase extraction program, KEA, was
adapted for use on web corpora and an extra feature was
added that takes advantage of any semantic similarity that
may exist between linked web documents.

1.1 KEA

KEA [Witten et al., 1999] is an automatic keyphrase extrac-

tion algorithm for documents based on a domain-specific

machine-learning model [Frank et al., 1999]. It compiles a

list of phrases from a training set of documents with anno-

tated keyphrases and generates a naive Bayes classifier
based on two default features of these phrases:

e TFxIDF [Salton, 1988], which is a value based on the
ratio of probability of a phrase appearing in the current
document and the probability that it appears in any
document, and is given by:

TF x IDF (P.D) = No. of occur. of Pin D «

No. of phrases in D

total number of documents

log( .
number of docs that contain P

e Distance - the ratio of the number of words before the
first appearance of the phrase in the document and the
total number of words in the document.

The classifier is then used to extract potential keyphrases
from a test set of documents.
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1.2 Hypertext

The concept behind hypertext is that text content (or other
media, in fact) is connected by associations or ‘links’ from
document to document, forming a directed graph structure.
The associations will usually (although not always) be based
on some semantic similarity or relevance (of varying
strength) between two documents.

2 Method

The link structure of web documents is included in KEA by
introducing the “Semantic Ratio” (SR) feature. SR is similar
to the TFXIDF feature, in that it is a frequency ratio. How-
ever, the SR of a phrase is calculated by dividing the num-
ber of occurrences of that phrase in the current document by
the number of times it occurs in all documents directly
linked to that document (i.e. those that are the targets of
hyperlinks in the document).

SR(P,D) = Frequency of Pin D

Frequency of P in documents linked to D

The reasoning behind including this feature in KEA is based
on the intuition that the content of a web document is fre-
quently semantically related to its neighbours (in the context
of a graph structure, in other words, the documents linked to
it) and that the subject matter (identified by the keyphrases)
of the document is therefore in some way relative to their
contents. The inclusion of the SR feature is a first step in
testing, and subsequently, modelling this intuition.

A low SR value (< 1) indicates that a potential keyphrase
occurs more frequently in the document’s neighbours than
in the document itself. The higher the SR value, therefore,
the more specific the phrase to this document, relative to its
immediate surroundings. Note that this is different to the
TFxIDF score as only a subset of the documents are used to
compute it, namely those documents that form a localised
subgraph with paths of length 1 from the original document.

3 Testing

The new version of KEA with the SR feature included was
tested on four web corpora taken from the WWW. These
corpora were chosen because a sufficient number of docu-
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ments in each site contained annotated keyphrases in the
form of the Meta Keyword HTML tag and were therefore
suitable for empirical tests on the accuracy of automatic
keyphrase extraction.

The corpus was then split into a training set and a test set of
roughly equal size, with the restriction that no document in
the test set should be linked to a document in the training
set. The new KEA algorithm (called KEAWeb) was then
trained on the training set and then performed automatic
keyphrase extraction on the test set, and the average number
of correct keyphrases found in each corpus was recorded
and is presented below.

b
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Average Number of Correct Keyphrases
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aaaaa htas Nal0 Britannica

Figure 1: Comparison of KEA and KEA Web

4 Results

Figure 1 shows that the inclusion of the SR feature in the
naive Bayes classifier improves the success of the KEA
algorithm by between 45% and 52% in three out of four of
the test corpora. KEA performs badly on the Britannica cor-
pus whether the SR feature is included or not. This is due to
a number of factors based on the fact that the license-free
version of the site severely restricts both the size and the
number of links in a document. It can therefore be safely
assumed that the corpus is an atypical example of a web site
and that the three other corpora are more representative ex-
amples.

Initial analysis of the SR distribution in keyphrases suggests
that phrases with extremal SR values are more likely to be
keyphrases. In other words, phrases that appear frequently
in surrounding documents (low SR) have high relevance for
the document in question. Also, phrases that occur very
rarely in surrounding documents (high SR) will also have
high relevance, suggesting that they indicate a topic that is
specific to the current document.

5 Conclusions & Future Work

The SR feature shows initial promise as an indicator of se-
mantic relations between linked pages. The latent semantic
information that causes the improvement in KEA is ex-
pected to be transferable to other domains, particularly Web
searching. Future work therefore involves (in order of im-
mediacy):

POSTER PAPERS

e  Further analysis of the distribution of SR in keyphrases
and adapting the KEA algorithm to use a more suitable
classifier than the naive Bayes. It is clear that the SR
and TFxIDF features are not independent, as the naive
Bayes classifier requires. Furthermore, while phrases
with low TFxIDF are generally less likely to be key-
phrases, this is not typically the case with SR. There-
fore, the independence assumption will, in some cases
result in a less accurate classification. Also, the normal
density function assumed by KEA may be suboptimal
for the continuous features used in this project. Current
work therefore involves testing variations on the naive
Bayes classifier (such as the ‘flexible’ naive Bayes de-
scribed in [John et al., 1995]).

e Experimentation with the SR feature is required in or-
der to determine if a more suitable feature or number of
features exist. In addition, the SR feature will be more
generalised to take into account more distant documents
than those directly related to the document in question,
perhaps including a link-weighting or spreading-
activation mechanism for retrieving the documents.

e The SR distribution will be further analysed and used to
adapt a term-frequency-based document retrieval pro-
gram to the Web and to improve existing web search
engines by assigning scores to documents according to
the probability that a given search term is a keyphrase
of that document. These projects will be applied ini-
tially in a domain-specific, supervised learning envi-
ronment, and ultimately in a more general and universal
environment.

The initial results mentioned in this paper lend encourage-
ment to the hope that a system based on hyperlink analysis
can make significant improvements to existing Web search
technology.
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1 Introduction and Background vide relational clues that can be used to establish links be-
tween emails and group them into tasks. Instead of treating
these two problems separately, we proposgrergetic ap-
proachwhere identifying related emails is used to assist se-
pwantic message analysis and vice versa.

Today’s email clients were designed for yesterday’s email
Originally, email was merely a communication medium. To-
day, email has become a “habitdPucheneaut and Bellotti,

2001—an environment where users engage in a variety o Our contributionsare as follows:

complexactivities Our goal is to develop automated tech- . s . i
niques to help people manage complex activitiesasksin (1) We propose a new method for identifying relations be
ween emails, based on pair-wise message similarity. We

email. In many cases, such activities manifest the user’s paF— o O ' : y
L : ' extend the similarity function to take into account available
ticipation in various structured processes or workflows. The Fructured information in email.

central challenge is that most processes are distributed ov@ (2) We propose a relational learning appro#ileville and

mu:}:g!; ?nnésilghéﬁneerggg cGI;Sents are designed mainly to ma'Jensen, 20dao email task management. We investigate how
P ges. (a) features of related emails in the same task can assist with

A task-oriented email client would allow the user to man- ssification of speech acts, and how (b) information about

i : la
age activities rather than separate messages. For instance, &EJ ech acts can assist with finding related messages. Combin-
user would be able to quickly inquire about the current Statu1?’ng these two methods yields an iterative relational algorithm

of unfinished e-commerce transactions or check the outcome, speech act classification and relation identification.
of recent project meetings. Some process steps could be au-~ ay\y e ey aluate our methods on a real-life email corpus
tomated, such as automatically sending reminders for earlier '

user’'s requests. Similarly, the email client could remind th " ;
userwheqn her/his input is/ required in some activity. 2 Problem Decomposition and Email Corpora
Previous work in this area has mainly focused on two disn @ non-relational approach, we would use the content of a
tinct problems: finding related messages and semantic me§l€ssage to assign speech acts, and some content similarity
sage analysis. The goal dihding related messagds to ~ between messages to identify relations. In a relational ap-
group emails according to tasks and possibly establish corroach to speech act classification, we can use both the mes-
versational links between emails in a task (e.g. extract a taskdge content and features of the related messages from the
from email given a seed messdd¥redze, 200h. Note that ~Same task. For example, if a message is a response to a meet-
tasks need not correspond to folders (folders can be orthogdd proposal, then it is more likely to be a meeting confirma-
nal to tasks); and conversations need not correspond to sy#on or refusal. Similarly, we can use messages’ speech acts
tactic threads (users can use the “Reply” button or the sam improve relations identification, e.g. a request followed by
subject to start a semantically new conversation). a delivery are more likely to be related than two requests.
Semantic message analysisolves generating metadata | nerefore, we can identify four sub-problems$21J find
for individual messages in a task that provides a link betweef€lations in email using content similarity only (i.e. without
the messages and the changes in the status of the underlyiH§ind messages’ speech actdj2) classify messages into
process, or the actions of the user in the underlying workflowSPeech acts (semantic message analysis) using only the mes-
For example[Cohenet al, 2004 proposed machine learn- Sage content (i.e. WlthOL_Jt using information ab_out the related
ing methods to classify emails according to the intent of theNessages);R3) use the identified related emails to improve
sender, expressed in an ontology'efail speech acts” the quality of speech acts classification for a given message;
Our key innovation compared to related work is that we(P4 use the messages’ speech.acts to improve identification
exploit therelational structureof these two tasks. The idea ©f relations (links) between emails. These four sub-problems
is that related messages in a task provide a valuable contekg" P& combined into a synergetic approach to task manage-
that can be used for semantic message analysis. Similarl ent based on an iterative relational classification algorithm

the activity-related metadata in separate messages can prgustrated in Figure 1. ,
We used the PW CALO email corp{Sohenet al, 2004

*This research was funded by the Science Foundation Irelanfor our study. It was generated during a 4-day exercise con-
and the US Office of Naval Research. ducted at SRI specifically to generate an email corpus. During
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1: Identify initial relations (P1) Identifying Relations Using Speech Acts (P4)We treat

2: Generate initial speech acts (P2) the problem of finding related messages using speech acts as a
'O%F’ Use related emails in the task to clari h acts (p3) Supervised learning task. We assume that we have access to a

e Uzg ;%S:Ch ZT;'%'& ari?y?; atic())ﬁ Sag];ynzgiﬁcen?;”z EP 4)) training set, which provides the correct Igbels for bo_th _speech
5: Update messages relations acts an_d message relations. The goal is to use thIS_ informa-

6: Update messages speech acts tion to improve our performance on an unseen email corpus.

end loop From the given labelled email corpus, we produce a set of
training instances as follows. For each message in the cor-

Figure 1: Iterative relational algorithm for task managementpus (child), we identify the most similar preceding message

(parent) using the previously defined similarity function. For

Table 1: Identifying relations Precision| Recall| F1 each such pair of messages, we create one training instance
No time decay, thresh. prune  0.83 0.80 | 0.81 with one numeric feature for the similarity between messages,

p1 | Time decay, thresh. prune 0.84 0.80 | 0.82 and two subsets of binary features for each possible speech
No time decay, threads prune  0.83 0.81 | 0.82| act (10 features in total). The first binary subset is filled with
Time decay, threads prune 0.84 0.82 | 0.83 | gpeech acts of the parent message: 1 if the message has this

P4 | Using speech acts 0.91 0.80 | 0.85| gpeech act, 0 otherwise. The second binary subset if filled

with speech acts of the child message. The class label for the
. . : instance is positive if the corresponding messages are related
Eglsnflen(:teIgagdrgrupfi?\;iléep?nogz;esrsurrggga?::?aerrenét\g)og(n?IS%M negative otherwise. The resulting classifier can then be
formed a number of activities. Each email has been manuallys%i tgvlglig[t';y 'I{|rr]1(la<s 'gtggt?;:s%iniemm?gv(;?;gun? from usin

annotated with labels linking it to other emails and also with P P 9

labels showing the intent of the sender, expressed in a ver peech acts, we tried to train and test a classifier on the same

noun ontology of'email speech actsTCohenet al, 2004. User 1" corpus. We use the SMO as our classification algo-

« e rithm [Platt, 1999. As shown in Table 1, using speech acts
Examples of speech acts are “Propose meeting”, “Deliver in- ’ . L R
formation”. For this study we only use 5 most frequent verbsworkecj here as a more effective pruning method resulting in

“ - v Ayl i w " the increase in precision with only marginal loss in recall.
(“Propose”, “Request”, “Deliver”, “Commit”, “Amend”) as T .
speech acts. To perform experiments, we need to ensure 0 rCIassn‘ylng Speech Acts without Related Messages (P2).

training and testing sets are unrelated. So we generated in the 'p.revi'ous case, we treat the pro_blem of emalil speech
act classification as a supervised learning task. We use the

gg? uc;\gg?.?&r;? fgrgggaevﬂg is;]sdagjgerre ge “é%detr)%/azilgﬁerstandard text cIassjficatiqn _methods with bag-of-words doc-
ument representations similar [€ohenet al, 2004, and
. SMO as the classification algorithm.
3 Solutions and Results Classifying Speech Acts Using Related Messages
Identifying Relations without Using Speech Acts (P1)For  (P3). We adopt here the relational learning terminology
each email in the corpus, we find the most similar precedfrom [Neville and Jensen, 2000 Each email message is
ing (in time) email using a pair-wise message similarity. Ourrepresented by a set of featurestrinsic features derived
similarity functions takes into account not only the textualfrom the content of the given message; antrinsic features
similarity between messages, but also the available structureterived from the properties of related messages in the same
information in email, such as send dates, and message sutask. To represent the intrinsic features of a message, we use
jects. The textual similarity is defined as the TF/IDF cosinethe raw term frequencies as in P2. To represent the extrinsic
similarity between email texts. However, the terms appearfeatures of a message, we use the speech acts of related mes-
ing in the subject get a higher weight, since people oftersages. We want to know whether speech acts of “surround-
summarise email content in the subject making subject termi&g” messages can help in classifying speech acts of a given
more important. Similarly, related messages tend to be semnessage. For each speech act, we produce a separate binary
around the same time. So, two messages with a large semthssification problem where the goal is to identify whether
time difference are less likely to be related. We use the folthe message has this act or not.
lowing formula: Sim(mq,me) = Cosine_Sim(my, msa) * Each message can be viewed as a response to its parent
exp(—a * Norm_time_diff (m1, m3)), where Cosine_Sim message and as a cause for its children messages. In addi-
is the cosine message similariyorm _time_diff (mq, ms) tion to looking at the immediate ancestors and descendants of
is the time difference between messages divided by the maya message, we can also include features from several “gen-
imum time difference, and is a time decay parameter. erations” of ancestors and descendants (e.g. parents, grand-
There may be multiple pairs of messages with non-zergarents, children, grandchildren). For each “generation” of
similarity in a corpus, however, not all are actually related.related ancestor and descendant messages, we use a separate
Hence, we would like to be able to prune the links suggestedet of extrinsic features with one feature per each possible
by the similarity function. One way is to use some thresholdspeech act. The number of generations included into extrin-
value: if the similarity is below the threshold, the messagessic features is regulated by tliepth of lookuparameters:
are not related. Another way is to use email threads: messane for ancestor messages and one for descendant messages
sages from different threads are not related. Table 1 compar€8 lookup depth means we use only intrinsic features).
different methods on the “User 1” corpus. We evaluated speech act classification using the human-
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Table 2 Speech acts classification

Ancest./Descend. lookup 0/0 | 0/1 1/0 1/1

Amend (p=0.43) 0.40| 0.36 | 0.45v | 0.40

Commit (p=0.05) 0.17| 0.20 | 0.28 | 0.37v

Deliver (p=0.24) 0.22| 0.29v | 0.21 0.29v

Propose (p=0.21) 0.08 | 0.11 0.13v | 0.15

Request (p=0.05) 0.09 | 0.17 0.14 0.31v L

[oJ 1

for all speech acts do o1l 4
Train C,, on the training set to classify speech aatsing only ‘ ‘ ‘ ‘ ‘ ‘
intrinsic features 2 1 2 3 4 5 6 7

Train R, on the training set to classify speech aatsing in-
trinsic+extrinsic features

end for

Train L on the training set to classify email links

[*Problem 1*/

Set relations in the test set using similarity function

[*Iterative classification*/

for Iteration = 1...1 do

Sub-iterations

Figure 3: Speech acts classification, Iteration 1

tain confidence scores for SMO, we used the distance from
the hyper-plane normalised over all test instances. We use
the similarity function with time decay and threshold-based

[*Problem 2*/
Use classifierg’,, to set speech acts in the test set
[*Problem 3*/
Theshold = 1
for Subiteration = 1... K do
for all messages in the test setlo
for all speech acts do
Obtain confidence forf hasa” using R,
Obtain confidence forh has noa” using R,
end for
end for
For all cases where confidence fom“has/has na:” is
greater tharihreshold update speech acts of
Threshold = Threshold /2
Evaluate performance for speech acts
end for
[*Problem 4*/
UseL to find links between emails in the test set
Evaluate performance for relations

pruning to identify the initial links between messages (P1).
We repeated the inner speech act classification loop 10 times
(K = 10) and the outer iteration loop 2 times £ 2).

The initial links identification resulted in precision = re-
call = F1 =0.95. It improved after the first iteration to
precisiond.0; recall=0.95; F1=0.98, and remained the same
after the second iteration. Figure 3 shows how the speech
acts classification performance was changing during the first
main iteration. Once the links improved after the first itera-
tion, we were able to further improve the performance for the
“Request” speech act at the second iteration to Kappa=

Discussion.Our experiments demonstrated tht) struc-
tured features in email, such as message subject and send
dates, can be very useful for identification of related mes-
sages and grouping them into email tagl®;the properties
of related messages in the same task can be used to improve
the semantic message analysis. In particular, the features of

related messages in a task can improve the performance of
the email speech acts classificatidB) the semantic meta-
data in messages can be used to improve the quality of task
identification. In particular, taking into account speech acts
of messages improves identification of links between emails.
annotated (correct) relations between messages and the corFinally, our combined iterative classification algorithm was
rect speech acts for related messages on the “User 1” co@ble to simultaneously improve performance on both speech
pus. Notice that using the correct speech acts for related megcts and message relations. These results provide a good
sages does not mean that we use the class label of an instar@i@pirical evidence in favour of the proposed synergetic ap-
among its features. Each message uses only the speech atgach to email task management.

of the related messages, but not its own speech acts. Classifi-

cation accuracy is not a good measure of performance on inReferences

balanced data sets, so we use the Kappa statistics if€ead [Cohenet al, 2004 W. Cohen, V. Carvalho, and T. Mitchell.
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testing (paired T-test). “V" marks statistically significant im- [predze, 2005 M. Dredze. Taxie: Automatically identifying tasks
provements over thiease ling(both lookup depths are 0). in email. InManuscript avail. from the authp2005.

Iterative Algorithm for Task Management (P1 + P2 +  [Ducheneaut and Bellotti, 200IN. Ducheneaut and V. Bellotti.
P3 + P4). The results for P3 and P4 have demonstrated Email as habitat: An exploration of embedded personal infor-
promise for our synergetic approach to task management. mation managemenACM Interactions8(1), 2001.

Therefore, here we combine the described methods for solyNeville and Jensen, 2000J. Neville and D. Jensen. Iterative clas-
ing P1-P4 into the algorithm shown in Figure 2 (which is a sification in relational data. IAAAI Workshop on Learning Sta-
detailed version of the algorithm in Figure 1). tistical Models from Relational Dat£2000.

In our experiments, we used the “User 1” corpus as théplatt, 1999 John C. Platt. Fast Training of Support Vector Ma-
training set and the “User 2" corpus as the test set. To ob- chines using Sequential Minimal Optimizatiovi T Press, 1999.

end for

Figure 2: Iterative relational algorithm (detailed version)
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Abstract

Stochastic complexity of a data set is defined as the
shortest possible code length for the data obtainable
by using some fixed set of models. This measure is
of great theoretical and practical importance as a
tool for tasks such as model selection or data clus-
tering. In the case of multinomial data, comput-
ing the modern version of stochastic complexity,
defined as the Normalized Maximum Likelihood
(NML) criterion, requires computing a sum with
an exponential number of terms. Furthermore, in
order to apply NML in practice, one often needs to
compute a whole table of these exponential sums.
In our previous work, we were able to compute this
table by a recursive algorithm. The purpose of this
paper is to significantly improve the time complex-
ity of this algorithm. The techniques used here are
based on the discrete Fourier transform and the con-
volution theorem.

Introduction

The Minimum Description Length (MDL) principle devel-
oped by RissaneRissanen, 1978; 1987; 1906ffers a well-
founded theoretical formalization of statistical modglifThe

main idea of this principle is to represent a set of model
(model class) by a single model imitating the behaviour of
any model in the class. Such representative models arelcall
universal. The universal model itself does not have to belong

to the model class as often is the case.

From a computer science viewpoint, the fundamental ide
of the MDL principle iscompression of data. That is, given

some sample data, the task is to find a descriptionode

of the data such that this description uses less symbols th

it takes to describe the data literally. Intuitively spewki

this approach can in principle be argued to produce the be
possible model of the problem domain, since in order to b

rectly believe that MDL and BIC are equivalent. The latest
instantiation of the MDL ismot directly related to BIC, but

to the formalization described iiRissanen, 1996 Unlike
Bayesian and many other approaches, the modern MDL prin-
ciple does not assume that the chosen model class is correct.
It even says that there is no such thing as a true model or
model class, as acknowledged by many practitioners. The
model class is only used as a technical device for constigicti
an efficient code. For discussions on the theoretical motiva
tions behind the modern definition of the MDL see, dBis-
sanen, 1996; Merhav and Feder, 1998; Barwbal., 1998;
Grunwald, 1998; Rissanen, 1999; Xie and Barron, 2000;
Rissanen, 2041

The most important notion of the MDL principle is the
Stochastic Complexity (SC), which is defined as the shortest
description length of a given data relative to a model clets
The modern definition of SC is based on the Normalized
Maximum Likelihood (NML) codd Shtarkov, 198%. Unfor-
tunately, with multinomial data this code involves a sumrove
all the possible data matrices of certain length. Computing
this sum, usually called theegret, is obviously exponential.
Therefore, practical applications of the NML have beenejuit
rare,
In our previous worKontkanenet al., 2003; 2005, we

presented a polynomial time (quadratic) method to compute
ghe regret. In this paper we improve our previous results and
show how mathematical techniques such as discrete Fourier
ransform and convolution can be used in regret computation

he idea of applying these techniques for computing a sin-
gle regret term was first suggested foivisto, 2004, but as
?iscussed imKontkaneret al., 2003, in order to apply NML

o practical tasks such as clustering, a whole table of tegre
terms is needed. We will present here an efficient algorithm
a{ﬂr this specific task. For a more detailed discussion of this
work, sedKontkanen and Myllyraki, 2009.

NML for Multinomial Data

able to produce the most efficient coding of data, one musthe mostimportant notion of the MDL is tt$ochastic Com-
capture all the regularities present in the domain.

plexity (SC). Intuitively, stochastic complexity is defined as

The MDL principle has gone through several evolutionarythe shortest description length of a given data relative to a

steps during the last two decades. For example, the early renodel class. To formalize things, let us start with a defoniti
alization of the MDL principle, the two-part code MORis-
sanen, 1978 takes the same form as the Bayesian BIC cri-itive integer. A class of parametric distributions indexsd
terion[Schwarz, 197B which has led some people to incor- the elements 06 is called amodel class. That is, a model
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of a model class. Consider a $8tc R?, whered is a pos-
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classM is defined as
M={P(-]0):6 €6}

Consider now a discrete data set (or matrixy
(x1,...,xn) Of N outcomes, where each outcomg is
an element of the set consisting of all the vectors of the
form (ay,...,a,), where each variable (or attribuig)takes
onvalues € {1,...,n;}. Given a model class/, theNor-
malized Maximum Likelihood (NML) distribution[Shtarkov,
1987 is defined as

1)

P(xN | 6(xN), M
Pran (e | M) = TECLIEI0 g
M
where §(x") denotes thenaximum likelihood estimate of

datax”, andR Y, is given by
=> PN [IxN),M

and the sum goes over all the possible data matrices of\size
The termR Y, is called theregret. The definition (2) is intu-
itively very appealing: every data matrix is modeled using
its own maximum likelihood (i.e., best fit) model, and then a
penalty for the complexity of the model clagd is added to
normalize the distribution.

The stochastic complexity of a data g€t with respectto a
model class\M can now be defined as the negative logarithm
of (2), i.e.,

3)

P(xN | O(xN
RV
—log P(x™ | 6(xN

), M)

C" | M) = (4)

), M) +log RY,. (5)

As in [Kontkaneret al., 2009, in the sequel we focus on
a multi-dimensional model class suitable for cluster agialy

log

The selected model class has also been successfully applied

to mixture modeling[Kontkanenet al., 1994, case-based
reasoning Kontkanenet al., 1994, Nalve Bayes classifica-

tion [Griinwald et al., 1998 Kontkaneret al., 2000 and
data visualizatioﬂjKontkanemt al., 20004.
Let us assume that we hawevariables(as, ..., a.), and

we also assume the existence of a special varialpfehich

can be chosen to be one of the variables in our data or it can

be latent). Furthermore, given the value®fthe variables
(ala ]
model class is denoted hy1. Suppose the special vari-
ablec has K values and each; hasn; values. The NML
distribution for the model clas$1r is now

(%) 111

K

[1

n;

II

fzk:'u

Pymp(xN | Mr) = [

k=1 i=1k=1v=1
1
e A (6)
Ritr i
whereh,, is the number of times has valuek in xV, f;, is

the number of times; has valuey whenc = k, ande\V,lT’K
is the regret term. lfKontkanenet al., 2009 it was proven
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an,) are assumed to be independent. The resulting

that an efficient way to compute the regret term is via the
NI

following recursive formula:
N-—r
—r)! ( )
wherek; + ky =

N
TZ:(:) ri(N

As discussed iflKontkanenet al., 2009, in order to ap-
ply NML to the clustering problem, we need to compute a
whole table of regret terms. This table consists of the terms

ek forn=0,...,Nandk =1,..., K, whereK is the
maximum number of clusters.

The procedure of computing the regret table starts by fill-
ing the first column, i.e., the cage = 1, which is trivial
(see[Kontkanenet al., 2003). To compute the columi,
for k = 2,..., K, the recursive formula (7) can be used by
choosingk; = k — 1, ko = 1. The time complexity of filling
the whole table i$0 (K - N2). For more details, seléon-
tkanenet al., 2005; Kontkanen and Myllyéki, 2005.

In practice, the quadratic dependency on the size of data
limits the applicability of NML to small or moderate size dat
sets. In the next section, we will present a novel, signitigan
more efficient method for computing the regret table.

r

N

- T

Rt i ) (NT

()

T N-—r
Mo ,ky RMTJCQ’

3 The Fast NML Algorithm

In this section we will derive a very efficient algorithm for
the regret table computation. The new method is based on
the Fast Fourier Transform algorithm. As mentioned in the
previous section, the calculation of the first column of the
regret table is trivial. Therefore, we only need to consttier
case of calculating the coluningiven the firs& — 1 columns.

Let us define two sequencasandb by

n n

n

ap = HRSL\/IT,kfl’ bn = F ?/(/[T,la (8)
forn = 0,...,N. Evaluating the convolution oi andb
gives

N (= h)""
(axb), = Z ol Ry ke ) M 9)
h=0
_n”i n! A\" (n—n\"""
ol Rl(n—h)! \ n n
h=0
Rl k1 R (10)
n’I’L
- n./\/l*r,k? (11)

where the last equality follows from the recursion for-
mula (7). This derivation shows that the colurhrcan be
computed by first evaluating the convolution (11), and then
multiplying each term by:!/n"™.

The standardonvolution theorem states that convolutions
can be evaluated via the (discrete) Fourier transform, lninic
turn can be computed efficiently with the Fast Fourier Trans-
form algorithm (sedKontkanen and Myllyraki, 2003 for
details). It follows that the time complexity of computirftet
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whole regret table drops t@ (N log N - K). Thisiis a ma- [Kontkaneret al., 1999 P. Kontkanen, P. Myllyraki, T. Si-
jor improvement ove® (N? - K) obtained by the recursion  lander, and H. Tirri. On Bayesian case matching. In
method of Section 2. B. Smyth and P. Cunningham, editofgivances in Case-
Based Reasoning, Proceedings of the 4th European Work-
: shop (EWCBR-98), volume 1488 of ecture Notes in Arti-
4 Conclusion And Future Work ficial Intelligence, pages 13—-24. Springer-Verlag, 1998.

The main result of this paper was a derivation of a novel algo{kgntkaneret al., 20004 P. Kontkanen, J. Lahtinen, P Myl-
rithm for the regret table computation. The theoreticaktim ™"y y1i T Silander, and H. Tirri. Supervised model-based

complexity of this algorithm allows practical applicatioof — yig ajization of high-dimensional datalntelligent Data
NML in domains with very large datasets. With the earlier Analysis, 4:213-227, 2000.

guadratic-time algorithms, this was not possible. L ,

In the future, we plan to conduct an extensive set of emIKontkaneret al., 20008 P. Kontkanen, P. Myllyraki, T. Si-
pirical tests to see how well the theoretical advantage ef th  [ander, H. Tirri, and P. Gmwald. On predictive distribu-
new algorithm transfers to practice. On the theoreticaésid  1ONS and Bayesian networksStatistics and Computing,
our goal is to extend the regret table computation to more 10:39-54, 2000.
complex cases like general graphical models. We will alsdKontkaneret al., 2003 P. Kontkanen, W. Buntine, P. Myl-

research supervised versions of the stochastic complebeity lymaki, J. Rissanen, and H. Tirri. Efficient computation of

signed for supervised prediction tasks such as classditati stochastic complexity. In C. Bishop and B. Frey, editors,
Proceedings of the Ninth International Conference on Ar-
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Abstract

Sentiment analysis is an example of polarity
learning. Most research on learning to identify
sentiment ignores “neutral” examples and instead
performs training and testing using only examples
of significant polarity. We show that it is crucial to
use neutral examples in learning polarity for a
variety of reasons and show how neutral examples
help us obtain superior classification results in two
sentiment analysis test-beds.

Many machine-learning problems involve predicting an
example’s polarity: is it (significantly) greater than or less
than some standard. One canonical example of learning
polarity is sentiment analysis, the determination of whether
a particular text expresses positive or negative sentiment
regarding some issue.

The problem of how to exploit a labeled corpus to learn
models for sentiment analysis has attracted a good deal of
interest in recent years [Dave et al 2003, Pang et al 2002,
Shanahan et al 2005]. One common characteristic of almost
all this work has been the tendency to define the task as a
two-category problem: positive versus negative. In almost
all actual polarity problems, including sentiment analysis,
there are, however, three categories that must be
distinguished: positive, negative and neutral. Not every
comment on a product or experience expresses purely
positive or negative sentiment. Some — in many cases, most
— comments might report objective facts without expressing
any sentiment, while others might express mixed or
conflicting sentiment.

Researchers are aware, of course, of the existence of
neutral documents. The rationale for ignoring them has been
a reliance on two tacit assumptions:

e Solving the binary positive vs. negative
problem automatically solves the three-category
problem since neutral documents will simply lie
near the boundary of the binary model

e There is less to learn from neutral documents
than from documents with clearly defined
sentiment
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The purpose of this paper is to show that there is no basis
for either of those myths and that neutrals can be exploited
in interesting ways to great effect.

We consider two labeled corpora. The first consists of
1974 posts to chat groups devoted to popular U.S. television
shows. The second consists of about 14,000 posts to
shopping.com’s product evaluation pages. Both are equally
distributed among positive, negative and neutral documents.

Is it in fact the case that neutral documents lie near the
boundary of a learned model that distinguishes positive and
negative examples? To test this, we trained a linear SVM on
all positive and negative documents in the TV corpus. In
Figure 1, we show the signed distance from the boundary of
the positive and negative training examples, in ascending
order from left to right. (This SVM correctly classifies
79.1% of the training examples.) In addition, we show the
signed distance from the boundary of all neutral examples.
There is no band near the boundary in which the
preponderance of examples is neutral. We indicate the band
around the boundary that is optimal in terms of overall
classification accuracy (positive, negative, or neutral) when
all examples in the band are classed as neutral. Even using
this optimal band, we attain accuracy of only 54.8%. (Note
that simply using the SVM boundary to distinguish positive
from negative and not classifying any examples as neutral
would yield accuracy of 52.7%.)

———-neg

optimal upper
boundary

optimal lower
boundary

-3

Figure 1 Distance from boundary in the TV shows corpus

Similar results are obtained for the second dataset.

What happens when we try to solve the three-class
problem using positive, negative and neutral training
documents? Five-fold cross-validation experiments using
Weka’s implementation of multi-class SVM yields accuracy
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of 56.5% for the TV corpus and 63.8% for the
shopping.com corpus. Interestingly, we will see that these
results are far inferior to results obtainable by making even
stronger use of neutral documents.

Consider the algorithm used in this experiment for
extending a binary algorithm to handle multiple classes,
namely, pairwise coupling. In this approach, a model is
learned for each pair of classes (positive-negative, positive-
neutral, negative-neutral) and these models are then
combined. Weka’s implementation [Witten and Frank 2000]
of the [Hastie and Tibshirani 1998] algorithm treats the
three constituent pairwise problems identically. That is, no
allowance is made for the particular relationships that
positive, negative and neutral examples stand in to each
other.

The main point of this paper is that it is crucial to take
these special relationships into account. We begin by
running the following experiment. For each of the pairs,
negative-positive, negative-neutral, and positive-neutral, we
ran five-fold cross-validation experiments. For each
example, we recorded how it was classed in the holdout set
in each of the three experiments.

Table 1 shows the actual class distribution of examples in
the TV corpus assigned to each of the eight possible
outcomes.

PosVs  PosVs  NeutVs | original category

Neg Neut neg neg neut pos

Neg Neut Neg 354 52

Neg Neut Neut 117 154 148

Neg Pos Neg 47

Neg Pos Neut 9 108

Pos Neut Neg 145 69

Pos Neut Neut 42 225 46

Pos Pos Neg 90

Pos Pos Neut 12 356

Table 1: Class distribution of examples per pairwise outcomes
in TV corpus

As can easily be computed from the table, the accuracies
of the pairwise models in five-fold cross-validation trials on
their respective category pairs are: positive-negative, 67.3%;
positive-neutral, 73.7%; negative-neutral, 68.5%. We want
to parlay these pairwise models into the best possible three-
class model. To do this, let us define a stack [Wolpert 1992]
as a mapping from each of the eight possible outcomes to
some class. Let an optimal stack be the mapping from each
of the eight possible outcomes to the majority class of the
examples with that outcome. [Savicky and Furnkranz 2002]
have considered when such optimal stacks (determined
using holdout data) might permit optimal use of pairwise
coupling.

For a given example, let’s use the shorthand Classl >
Class2 to mean that the learned model of Classl vs. Class2
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classed the example as Classl. The optimal stack for this
data can be neatly summarized as follows:
« If positive > neutral > negative then class=positive
« If negative > neutral > positive then class=negative
o Else class=neutral

This simple stack yields accuracy of 74.9% on the three-
class problem, which is significantly better than multi-class
SVM (and better than any of the constituent two-class
problems).

What is most astonishing about this table is the following:
When, according to our model for positive vs. neutral, a test
example is classified as positive, it is not necessarily
positive, but we can assert with certainty that it is not
negative (despite not a single negative example being used
in training.) Likewise, when, according to our model for
negative vs. neutral, a test example is classified as negative,
it is not necessarily negative, but we can assert with
certainty that it is not positive (despite not a single positive
example being used in training.)

An analogous (though not identical) principle holds in the
shopping.com corpus.

These results strongly suggest that polarity problems be
attacked by stacking results of pairwise coupling in non-
standard ways, taking full advantage of neutral examples.

References

[Dave, K., Lawrence, S., and Pennock, D. M., 2003]
Mining the peanut gallery: Opinion extraction and
semantic classification of product reviews. In
Proceedings of the Twelfth International World Wide
Web Conference (WWW-2003)

[Hastie, T. and R. Tibshirani, 1998] Classification by
pairwise coupling in M. I. Jordan, M. J. Kearns, and
S. A. Solla (eds.) Advances in Neural Information
Processing Systems 10 (NIPS-97), pp. 507-513. MIT
Press, 1998.

[Pang, B., Leg, L. and Vaithyanathan, S., 2002] Thumbs
up? Sentiment Classification using Machine Learning
Techniques. In Proceedings of the 2002 Conference
on Empirical Methods in Natural Language
Processing (EMNLP)

[Savicky, P. And Fuernkranz, J., 2003] Combining
Pairwise Classifiers with Stacking. in Advances in
Intelligent Data Analysis V. (Ed.: Berthold M.R.,
Lenz H.J., Bradley E., Kruse R., Borgelt Ch.) -
Berlin, Springer 2003, pp. 219-229.

[Shanahan, J. G., Yan Q., Janyce W. (Eds.), 2005]
Computing Attitude and Affect in Text, Springer,
Dordrecht, The Netherlands, 2005

[Witten I. H. and Frank E. 2000] “Data Mining:
Practical machine learning tools with Java
implementations” Morgan Kaufmann, San Francisco,
2000

[Wolpert, D.H., 1992], Stacked Generalization, Neural
Networks, Vol. 5, pp. 241-259, Pergamon Press

1617



Transfer in Learning by Doing

Bill Krueger, Tim Oates, Tom Armstrong Paul Cohen, Carole Beal
University of Maryland Baltimore County ~ USC Information Sciences Institute
CSEE, 1000 Hilltop Circle 4676 Admiralty Way
Baltimore, MD 21250 Marina del Rey, CA 90292

{wkrueg1l,oates,arn}i@cs.umbc.edu {cohen,cbedl@isi.edu

Abstract learner learns finite state machines and uses its current ma-
chine to generate its next move.

We develop two related themelgarning proce- The experiments in this paper involve a sequence of three
dures and knowledge transfer. This paper intro- games. In the first game, the child and the adult each have two

duces two methods for learning proceduresand one  gtacks of cards, one in which all of the cards are face-up and
for transferring previously-learned knowledge to a another in which all of the cards are face-down. Let’s denote
slightly different task. We demonstrate by experi-  these stacks by the owneh for adult or C for child) and
ment that transfer accelerates learning. whether they are face-upJf or face-down D). Therefore, the
four stacks aréU, AD, CU, CD. Each player must flip over the
. card on top of their face-down stack and move it to the top of
1 Introduction their face-up stack. Each player does this as fast as they can

Procedures are interesting for many reasons: Infants exefd can ignore the other player’s actions for the purposes of

cise procedures (called “circular reactions” by Piaget)adt  this game.
from birth. These gradually develop in complexity, adding

new elements, and eventually incorporate objects in the in- HOVE(To7 (707,

fant's environment. Piaget believed infants learn muchuabo o

the world by executing procedures. Older students do, as errR(TOR(CD))
well; indeed, the literature on expert/novice differencan

be summarized in a single phrase: Novices know “how,” ex- it LI —

perts also know “why.” Novices can run statistical tests but TOR(CO))

not understand why they are appropriate, they can follow ] )
recipes but not understand the underlying chemistry and ga&igure 1: A state machine for Game 2 that yields perfect play.
tronomy.

There are advantages to learning fact-like knowledge In the second game, the players take turns flipping and
alongside procedures. One can do useful work with procemoving cards, as shown in Figure 1. The two nodes
dures even if one doesn’t completely understand them. Thien the left specify constraints on what the child observes,
means learning is grounded in activity and is gradual ovenamely, the action that is currently being taken by the
the life of the agent. By exercising procedures the learneadult. To be in the lower-left state in the machine, the adult
produces occasional failures as well as the context onesneethust currently be flipping over the top card on her face-
to gradually learn both new procedures and non-proceduralown stack LI P( TOP( AD) ) ). When this happens, the
knowledge. The latter includes the facts and reasons we cadiction executed by the child Al T. That is, when the
“understanding,” or, less colloquially, the conditioningri-  adult doesFLI P( TOP( AD) ) , the child doesMAI T at the
ables that affect the probabilities that procedures wil-su same time. This leads to a state in which the adult does
ceed. In social environments, there often is a human to helOVE( TOP( AD), TOP( AU) ), which also results in the
the learner correct missteps before a procedure goes cormhild waiting. Then, when the adult execute®A T action
pletely wrong. This minimizes the credit-assignment prob-(the constraintin the upper-right state), the child flips¢hrd
lem. on top of her face-down stack, and the adult continues to wait

Our intention is to have a machine learn a sequence ofthe lower-right state) as the child doB&VE( TOP( CD) ,
increasingly-difficult games, starting with extremely yas TOP( CU)) . Some time later, the adult flips the card on top
ones. All the games are two-person card games. One playef her face-down stack, and the cycle repeats.
makes mistakes, the other is a competent player who offers The third game is just like the second game, except when
corrections as necessary. For convenience we call thege pleeither player turns over a card and the color of that card
ers the learner or childX) and the adult 4). Correct play matches that of the card atop the other player’s face-uj,stac
for the games can be modeled by finite state machines, so thmth players say “Squawk”.
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2 Learningthe State Machines 3 Experiments

Figure 2 shows two machines that were intermediate steps
Our goal s o learn procedures, and, specfically, pEEY ciine. thare is a single stae rom ihich he chic Ut T,
state machines such as those we described in the PrevioNgy/E( CD CU) , or FLI P( CD) . Edges are labeled with two
section. A useful distinction can be drawn between learning.onts - the number of times the transition was taken and the
a state machine and learning a state machine given a relatgh mper of times that transition resulted iN@ This machine
state machine. We are most interested in the second casgyes not yield perfect play, so the state will be split. The ob
which we present as a kind ofansfer learning. EVen so,  genyaple feature that most reduces entropy in the disioibut

we begin our discussion of learning with two methods for ot hegative feedback is the feedback received for the move
learning state machine® novo. These are Bayesian Model just made.

Merging (BMM) [Stolcke, 1994 a well-known method for
learning HMMSs; and State Splitting (SS), which also learns e BRI D L) rhasiaris) rmss o
HMMs, though by splitting rather than merging states. Com oo Do .

The training data in both approaches was a sequence of ob-
servations such adOvVE( TOP( CD), TOP( CU)) , the sym-
bol SQUAVKK, and the special symbdlO. The BMM and SS TaeOvEDL) |06
algorithms rely onNO to indicate that the child has done
something that is not allowed in perfect play. Incorrecypla i
is generated by the learner’s incorrect machine in the activ
learning regime. Passive learning requires training dea t Figure 2: Machines produced by SS when learning the turn
includes mistakes and adult admonitions (iNQ) and cor-  taking game.
rections. For this purpose we build simulators of child and
adult play. The bottom machine in Figure 2 shows the result of split-
ting on this feature and pruning away any transitions that al
ways cause BIO. This machine correctly captures the fact that
[f the adult corrects the child, the only legal action is\al T
while the adult repairs the incorrect action, which will ults

N=174
(0 (FEEDBACK YES)) w

27,0,(FLIP LD)

119,0,(WAIT)

BMM is a top-down approach in which an initial HMM is
constructed with one state for every observation, and ebse
vations are greedily merged to maximize the posteriorilikel

hood of the data using a description length prior on HMMSs. It 5 yES Residual feedback non-determinism exists in the
is incremental in the sense that new observations can beladdfbp state due to errors in action ordering (e.g., flippingévi

during the merging process. SS is a bottom-up approach thit'y ro\). Therefore, that state will be split next.
starts with one state that matches all observations, and re- |, 5 second set of experiments, the child chose actions ran-

peatedly splits states on observa_ble featu_res of the world idomly from a set of known actions until a model was devel-
an effort to more accurately predict negative feedback from, o 4" (ysing BMM) that could guide action selection. Ini-
the teacher. Features are chosen that minimize entropgin thia iy therefore, the child would frequently choose andnc

distribution of feedback (positive or negative) over adites. ot action. Learning early on with no model is tedious and

Regardless of whether the HMM was learned via BMM time-consuming as it requires heavy exploration. The secon
or SS, it can be used for action selection (game play) and t§ame, the simple turn-taking game, was still easy to learn.
parse new observations. We are interested in whether fearni Only 10 simulation time steps were required to learn the-opti
a series of related, yet increasing|y difficult, games rm_“ mal moc_iel for that game when starting from SCI'atCh._ Without
less effort in total than learning the most difficult gamee  Using this model to bias the model learned for the third game,
novo. For example, is it easier to learn our three games irP3 time steps were required to achieve the optimal model for
sequence, using the machine learned for gane bias the  the more complex game. However, when the game 2 model

learning of game: + 1, than to learn to play Squawk with no was used to bias the learning of game 3, only an additional
prior machine to serve as bias? 17 time steps were needed to learn game 3, making a total of

27 time steps. That is, game 3 took in total half as long to

~ When using BMM to learn a new game biased by an existiearn when game 2 was learned as an intermediate step in the
ing HMM, new states and transitions are added for the neWearning process.

observations, but old and obsolete state transitions dneno
moved. Instead, as more and more data are collected for t

new game, the probabilities of obsolete state transitibat t %c?’knomedgments

are no longer traversed will tend to zero. This is not accept]his work was supported by DARPA (contract number: 53-
able, as we want to quickly refine the model to work with the4540-0016; project name: Learning by Doing).

new game while harnessing as much information as possible

from previous experience. To achieve this we preserve moddReferences

structure but eliminate the bias of old probability paraengt [Stolcke, 1994 Andreas Stolcke. Bayesian Learning of

when moving from one game to the next. In BMM terminol- - prohapligtic Language Models. PhD thesis, University
ogy, this means that we reset Viterbi counts to be uniformand ¢ cajifornia Berkeley, 1994

small when starting to learn a new game.
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Abstract The neighborhood sdt represents the set of indices for
Supervised local tangent space alignment (SLTSA) tmhgtl;:i)?earest neighbors af;. T'is an ' x N identity
is an extension of local tangent space alignment '
(LTSA) to supervised feature extraction. Two al- 4. Computing thel+ 1 smallest eigenvectors &f and set-
gorithmic improvements are made upon LTSA for ting the global coordinate® = [us, ..., uq41]" corre-
classification. First a simple technique is proposed sponding to thend tod + 1st smallest eigenvalues.

to map new data to the embedded low-dimensional
space and make LTSA suitable in a changing, dy-
namic environment. Then SLTSA is introduced to

deal with data sets containing multiple classes with
class membership information.

1 Introduction

In many pattern recognition problems, original data taken -t ®

with various capturing devices are usually of high dimension- = = = = = * = = =~
ality. Dimension reduction has emerged with an aim to obtain
compact representations of the original data while reducing
unimportant factors. It can make the resulting classification
more efficient as fewer variables are being considered which
reduces the complexity of the resulting classifier. LTSA pro-
posed in [Zhang and Zha, 2004] is an unsupervised method -
for nonlinear dimension reduction. It does not make use of -
the class membership of each point to be projected and lacks | . o
generalization to new data. Here we extend LTSA to a super- I N IR
vised version and make it suitable in a changing environment. (c) (d)

o6 0 o o1 o o0z 0% 03

2 Local Tangent Space Alignment Figure 1: (a) and (b): Mapping training samples with LTSA

LTSA maps a data se¥ = [z1,...,zn], z; € R™ globally ~ @nd SLTSA respectively. (c) and (d): Mapping unknown test
toadataset = [yi,...,yn], v € R withd < m. The Samples to the spaces discovered by LTSA and SLTSA.

brief description of LTSA is presented as follows:
1. Findingk nearest neighbors;; of z;, j = 1,..., k. Set

X = [zij, ... ). 3 Supervised LTSA

2. Extracting local information by calculating thé  Our attempt is to adapt LTSA to a situation when the data
largest eigenvectors,, ..., gq Of the correlation ma- come incrementally point by point. We assume that the di-
trix (X; — z;eD)T(X; — 72;¢7), and settingG; =  mensionality of the embedded space does not grow after pro-
le/VE,gi,...,94). Herez; = % Zj x5, e is ak- jecting a new point to it, i.ed remains constant.
dimensional column vector of all ones. The proposed technique is based on the fact that new points

are assumed to come from those parts of the high-dimensional
space that have already been explicitly mapped by LTSA. It
implies that when a new point arrives, a task of interpolation
should be solved. LeX as an input. For a new poitty 1,

, V. its closest neighbog; is looked for fromX. If y; is the

3. Constructing the alignment matri¥ (please refer to
[Zzhang and Zha, 2004] for details) by locally summing

with initial B = 0 as follows:
B(I;,I;) «— B(I;, ;) + 1 - G:GF i =1,...
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projection ofz; to the embedded space, there must exist a 'i‘ ’."1 u
[, \

pointyy 1 aroundy; corresponding ta: 1. A,

LTSA belongs to unsupervised methods; it does not make
use of the class membership of each poBupervised TSA F' r r
(SLTSA) is proposed for classification purposes. The term _' j j
implies that membership information is employed to form the
neighborhood of each point. That is, nearest neighbors of a . z ] r
given pointx; are chosen only from representatives of the r] ’ !]
same class as that of. This can be achieved by artificially . :
increasing the shift distances between samples belonging to (@) Three digits: 0, 1 and 2

different classes, but leaving them unchanged if samples are

from the same class. =
In short, SLTSA is designed specially for dealing with data - | ¥

sets containing multiple classes. The results obtained with .

the unsupervised and supervised LTSA are expected to be .. Q% o

different as is shown in Fig.1. Thies data set [Blake and L

Merz, 1998] includes 150 4-D data belonging to 3 different -

classes. Here first 100 data points are selected as training "L . [ | o |

samples and mapped from the 4-D input space to a 2-D fea- (b) LTSA (c) SLTSA

ture space using LTSA (Fig.1(b)) and SLTSA (Fig.1(a) ) re-

spectively. In Fig.1(b), three class centers on the feature space . . S
P igure 2: Recognition of three digits: 0, 1 and 2. (a) Some of
are completely separated. However in Fig.1(a) two classe, gse three digi?s are shown. Thgy are represenu(ag byl6

(set 2 and 3) overlap such that their boundary cannot be acc nary images which can be considered as points on a 320-
rately determined. Fig.1(c; d) respectively show the mappin 'me%siongl space. (b) Mapping these binalro diaits includ-
of unknown test samples to the two feature spaces discover . pace. pping the nary dig

ing training and test samples to a 2-dimensional feature space

by LTSA and SLTSA. In Fig.1(d), test samples in different _ :
classes can be well distributed around class centers. Thus tWéth LTSA, where these three clusters overlap and are unsep-

classification of test samples can be easily implemented off 2ted- (€) The ;‘eaturp spafce obtained with SLTSA, which
such space. provides better clustering information.

4 Results linear manifolds. Thus, such linear methods as PCA cannot
perform well.

To examine its performance, SLTSA has been applied to a

number of data sets varying in number of samples, dimen5 Conclusions

sions and classes. : .
. o . : The supervised version of LTSA was proposed here. It takes

_The binarydigits set discussed here consists obAB- 15 account class membership during selecting neighbors.
pixel binary images of preprocessed handwritten digits. In\pqiher enhancement to LTSA is to generalize it to new data
our experiment only three digits: 0, 1 and 2 are dealt withy4 maye it suitable in a changing, dynamic environment.
and some of the data are sho_w_n in Fig.2(a). 90 of the 117 bi- \ya compare SLTSA with LTSA, PCA and supervised LLE
nary images are used as training samples and others as tegt o \ymper of data sets, in order to gain insight into what
samples. It is clear that the 320-dimensional binarydigits\ehods are suitable for data classification. The SLTSA
data contain many insignificant features, so removing themyaihod has been shown to yield very promising classification

can make classification more efficient. The results after di- : : . . .
. A A results in our experiments when combined with some simple
mension reduction from 320 to 2 with LTSA and SLTSA are classifiers. P P

respectively displayed in Fig.2(b) and 2(c) where two coor-
dinate axes represent the two most important features of t eferences
binarydigits data. The figures show that the feature space ob- )
tained with SLTSA provides better classification information [Blake and Merz, 1998] C.L. Blake and C.J. Merz.  Uci
than LTSA. Actually no cases of misclassification in the test repository of machine learning databases, 1998.
samples occurred if using the SLTSA method, but LTSA will [Kouroptevaet al, 2002] O. Kouropteva, O. Okun, A. Ha-
result in the error rate of 18.52% in the best case. did, M. Soriano, S. Marcos, and M. Pietikainen. Be-

Our experimental results confirm that SLTSA generally yond locally linear embedding algorithm. Technical Re-
leads to better classification performance than LTSA when port MVG-01-2002, Machine Vision Group, University of
combined with simple classifiers such lasinandlda. Be- Oulu, 2002.

side this, the performance of SLTSA is comparable with SUTzhang and Zha, 2004] Zhenyue Zhang and Hongyuan Zha.
pervised LLE [Kouroptevaet al, 2002] and finer than with Principal manifolds and nonlinear dimension reduction via

PCA (please refer to the supplementary document). Maybe ..o tangent space alignmerlAM Journal of Scientific
the reason is that those points on a high-dimensional input Computing 26(1):313-338, 2004

space are more likely to lie close on nonlinear rather than
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Abstract

For many classification tasks a large number of
instances available for training are unlabeled and
the cost associated with the labeling process varies
over the input space. Meanwhile, virtually all these
problems require classifiers that minimize a non-
uniform loss function associated with the classifica-
tion decisions (rather than the accuracy or number
of errors). For example, to train pattern classifica-
tion models for a network intrusion detection task,
experts need to analyze network events and assign
them labels. This can be a very costly procedure if
the instances to be labeled are selected at random.
In the meantime, the loss associated with mislabel-
ing an intrusion is much higher than the loss asso-
ciated with the opposite error (i.e., labeling a legal
event as being an intrusion).

As a result, to address these types of tasks, practi-
tioners need tools that minimize the total cost com-
puted as a sum of the cost of labeling and the loss
associated with the decisions.

This paper describes an approach for addressing
this problem.

1 Introduction

A number of applications require learning algorithms that are
capable (1) to learn from both labeled and unlabeled exam-
ples, (2) to minimize the cost non-uniform associated with
the labeling efforts, and (3) to minimize the misclassification
loss.

The active learning framework [Cohn et al., 1994] relies on
algorithms that select unlabeled instances and provide them
to the expert for labeling and learn a classifier based on the
labeled data. In most of the cases the data is labeled incre-
mentally and the classification model tries to minimize the
misclassification error rate. To our knowledge, virtually all
research efforts in active learning have assumed both a uni-
form loss function (for which the goal was to reduce the num-
ber of misclassifications) and a uniform labeling cost function
(for which the goal was to reduce the number of instances that
have to be labeled to achieve a certain accuracy).

Meanwhile, research in cost-sensitive learning [Elkan,
2001] has focused mostly on the problem of minimizing the

1622

expected loss of the learned models, and has assumed that
all (training) instances and their labels were readily available
prior to the training phase.

Our approach in addressing the active cost-sensitive learn-
ing problem is based on learning algorithms that construct
models for conditional density (or class probability) estima-
tion P(y|x), rather than class label predictors. The proba-
bility estimates provide an easy means for factoring in the
misclassification losses in the classification decision making
step. To address the labeling cost problem, we employ the
same density estimation techniques over the available unla-
beled data. The two methods are then combined into an algo-
rithm that minimizes the combined cost.

Next section presents the general framework for our pro-
posed techniques and discusses the challenges in implement-
ing and applying these algorithms as well as some prelimi-
nary experimental results.

2 Active Learning for Minimizing the
Combined Costs for Labeling and Decisions

Most learning algorithms can be transformed into class prob-
ability estimators that compute estimates P(y|x) for the prob-
abilities that an instance z isinclass y (y € {1... K}, where
K is the number of classes). We employ these estimates in
our algorithm both for minimizing the labeling costs and the
misclassification decisions. We make the assumption that the
loss function associated with the decisions is represented as a
static /{-by-K loss matrix L available at learning time. The
contents of L(3, j) specify the cost incurred when an example
is predicted to be in class ¢ when in fact it belongs to class j.

The pseudo code for our approach, ACTIVE-CSL, is pre-
sented in Table 1.

The algorithm trains a base learner to compute the class
probability estimates over the unlabeled data (line 2). Then,
both the sampling step (line 3) and the decision making step
(the hypothesis h) are based on those estimates. The unla-
beled instance for which the next label is requested from the
expert is selected in line 3. The selection rule chooses the
instance that, if labeled provides the most expected gain in
terms of the total cost (labeling + decision loss) on the la-
beled instances (or on a hold-out labeled validation set). It
is important to note that iff C' and L functions have a shape
such that instances that are more expensive to label reduce the
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Table 1: Pseudo code for the ACTIVE-CSL active cost-
sensitive learning algorithm.

Input: a set S;, of m labeled examples:
Sp =< (zi,yi), 1 =1,2,...,m >,
a set Sy, of v unlabeled examples:
Sy =< (51)322 1,2,...,v0>,
L (a loss matrix), C (a labeling cost function)
a stopping criterion

[1] repeat
2] for each j learn P(y|&;) using \S; as training data;
[3] I = argmin(C'(§)+

§ESy

[4] 1y = requested labeIfor &
[5] remove §; from S,,, add (&, ;) to S;;
[6] while stopping criterion not met

K
Output: h(x) = argminz P(j|x)L(y,J)
yey

K K
+3°PHRE IS, P (il Ly, 5):
k=1 j=1

j=1
/I the optimal classification with respect to L and P

misclassification cost more than instances that are less expen-
sive to label - the selection rule will trade the loss associated
with misclassifications against examples to be labeled. The
procedure selecting for the next instance to be labeled, as em-
ployed by ACTIVE-CSL, and based on computing the maxi-
mum expected gain upon labeling (the second sum in line 3),
is somewhat similar in nature to the querying rule of uncer-
tainty sampling [Lewis and Catlett, 1994].

One important detail that needs to be addressed when ap-
plying this algorithm in practice is the choice for the algo-
rithm used for estimating the probabilities (line 3 in Table 1),
given that ACTIVE-CSL and its predictions rely on these es-
timates. In general, the quality of learned density estimates is
dependent on the amount and the distribution of the labeled
data that is available and on the hypothesis constructed by the
base learning algorithm. Several research studies have ad-
dressed the problem of learning good probability estimates
and calibrating classification scores and ranks into accurate
probabilities [Zadrozny and Elkan, 2001 ].

We have implemented and tested ACTIVE-CSL by using
bagged probability estimation trees [Provost and Domingos,
2003] as class probability estimators (in line 2 of the code).
We have compared two procedures for computing probabil-
ity estimates out of the bagged trees: (a) by averaging the
probabilities computed by the individual trees and (b) by es-
timating the confidence for the individual probabilities based
on the distribution of the estimates of the individual trees (as
suggested by [Margineantu, 2002]). For assessing the quality
of the misclassification decisions we have employed active
learning curves (showing the gain in terms of cost compared
to a random selection of instances for labeling) and BDELTA-
CosT [Margineantu and Dietterich, 2000] - a paired test for
cost-sensitive classification decisions. The loss matrices for
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our experiments were generated based on some generic loss
models, and the labeling cost function mapped instances that
were closer to the decision boundary to higher labeling costs
(the actual function we employed was a bell-shaped function
with a maximum on the decision boundary).

We tested the two implementations of ACTIVE-CSL on
five data sets from the UC Irvine Repository [Blake and Merz,
1998] (Breast cancer Wisconsin, Horse colic, King-rook vs.
king-pawn, Liver disease, and Sonar) and on the binary ver-
sion of the KDD Cup 1998 donations data.

The preliminary results show a minor advantage of the
implementation employing confidence-based estimates over
the implementation using averaged probability estimates. We
have also run tests by employing random forests with log m
attributes tested in a node [Breiman, 2001] as the class prob-
ability estimator and the results show no significant differ-
ence between the classification decisions based on random
forests and the decisions based on bagged probability estima-
tion trees.
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Abstract
This paper deals with the automatic building of
personalized hypermedia We build upon ideas
developed for educationa hypermedia; the
definition of a domain model and the use of
overlay user models. Since much work has been
done on learning user models and adapting
hypermedia based on such models, we tackle the
core problem: the automatic definition of a domain
model for a static hypermedia.

1 Introduction

In adaptive hypermedia one aims at developing user centric
help strategies. One has to characterize the user in order to
infer relevant help action for him al along his situation. A
domain model may be used that characterizes the whole
knowledge accessible in the hypermedia; it is used to infer
information in the user model [De Braet al, 2003]. Based on
a user model, an adaptation model personalizes the
hypermediain order to offer to the user the most interesting
and relevant information [Brusilovsky 2001]. An interesting
task in adaptive hypermedia concerns educational
hypermedia [Henze et al, 1999]. Although building such
systems is il difficult, the task is well identified; in such
systems domain models are often manually designed and
defined as a graph of the concepts being discussed in the
hypermedia [Herder et al, 2002]. Popular user models are
overlay user models; these share the same representation as
domain models and are used to represent a user knowledge /
interest in a concept space. These models are vectors of
attributes (measures of interest or knowledge), one for each
concept in the domain model. These are updated from user
navigation logs according to the domain mode with
standard techniques such as Bayesian Networks. However,
the definition of domain models, hence user models, is done
manually. We are interested in learning automatically such
models, allowing the automatic building of personalized
hypermedia from its content. This would alow for instance
the automatic building of an adaptive website from any
document collection. To do this, one can take advantage of
works done in the educational hypermedia field concerning
the learning of overlay user models and the personalization
of hypermedia based on overlay user models. In this
context, the core problem for the automatic conception of a

1624

personalized hypermedia lies in the automatic learning of a
relevant domain model. We focus on this task here. Thisis
not an easy task since this model involves high level
concepts that cannot be easily inferred automatically.

2 Discovering concepts from a corpus

Some approaches were developed in the information
retrieval field for generating documents hierarchies
according to specialization/ generalization relations between
concepts but these fail to infer semantic relations between
concepts and are thus useless regarding our goal. Recently
hierarchies have been proposed [Krishna et al, 2001,
Sanderson et al, 1999] which are automatically built from
corpora. They are term hierarchies built from generalization
| specidlization relations automatically discovered between
terms in a corpus. Once this hierarchy is built, documents
may be “projected” on it, thus producing a document
hierarchy. We propose to extend these approaches to the
construction of concept hierarchies where concepts are
discovered from the corpus and are identified by sets of
keywords and not only by single terms. Such a richer
representation allows discovering relations that single term
concept cannot. Our method takes as input a corpus, i.e. a
collection of documents (e.g. pages of a website) that are
preprocessed as usual in information retrieval tasks, non
informative words are removed, all remaining words are
lemmatized. The main steps of the procedure are as follows.
Documents are first segmented into homogeneous
paragraphs. The segmentation task consistsin identifying, in
each document, homogeneous text regions [Hearst, 1997].
Next, we cluster al these parts of documents in order to
determine groups of paragraphs related to a similar topic.
Each cluster is then considered to be a set of part of texts
dealing with a concept of the collection. Each concept is
represented as the set of most significant words (e.g. with
highest tfidf values) in the texts of the cluster. Finally, we
discover generalization links between concepts using a
subsumption measure that we have extended to concepts. At
last, applying trangtivity leads to a concept hierarchy.

3 Application to user modeling

We applied our method to the discovery of a domain model,
i.e. a concept hierarchy, on a collection of documents which
is a part of the www.looksmart.com site hierarchies. The
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main interest of this corpus is that we can compare, after
learning, the discovered hierarchy and the manually
designed one. The corpus consists in about 100 documents
and 7k terms about artificial intelligence. It has been
manually organized in hierarchies of themes. We ran the
method on the flat corpus, without any use of the
hierarchical information. Compared to theinitial Looksmart
hierarchy with five categories, our discovered hierarchy is
larger and deeper. Most of the original categories are
refined. For example, many sub-categories do emerge from
the origind “Knowledge Representation” category:
ontologies, building ontologies, KDD (papers about data
representation for KDD)... It is clear that such a hierarchy
could not have been obtained using single keyword
concepts. An interesting feature of this discovered
hierarchical organization is that it alows using efficient
visualization tools such as Treemaps [ Schneiderman, 1992].
Treemaps allow displaying a tree-like structure in a 2D grid
where each node is represented by a rectangle whose size or
color determined by a node specific value. Fig. 1 shows a
Treemap representing the discovered Looksmart domain
model. Each concept is shown as a rectangle with different
colour; the hierarchy is shown through inclusion of
rectangles. Smaller rectangles represent documents. Set of
keywords associated to concepts only are shown for
readability reasons.

Fig. 1. Part of th treemap of the concept hierarchy discovered
on the Looksmart corpus. Each rectangl e stands for a concept.

We realized a second experiment by running the method
on the pages of the website of a French museum. Fig. 2
shows the resulting domain model with french keywords. As
an illustration, we have shown a navigation path of a
particular user on this treemap, where the colour of a
concept is a function of its thematic similarity with the three
last pages visited by the user. As may be seen, concepts
close to these pages lie close to the current concept. Other
information could be visualized. Hence, one can browse and
investigate a user model by assigning for instance
knowledge or interest information about concepts to the size
or colour of rectangles.
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Fig. 2. Part of the treemap for the website of a French museum
where a navigation path has been drawn.

4 Conclusion

We described an approach to automatically learn a domain
model from a corpus of hypermedia documents. This model
consists of concepts organized into a specialization /
generalization Based on such a domain model, one can
define user models as overlay models, and use existing
techniques for learning and personalization. Our procedure
may be thought as a core step for devel oping automatically
an adaptive hypermedia from any document collection.
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Abstract e if s € Candt € CthenK(s,t) = k(s,t) wherex :
We describe a family of kernels over untyped and C x C, — IR is a valid kernel on constants; )
typed Prolog ground terms and show that they can e else if s and ¢ are compound terms and have differ-
be applied for learning in structured domains, pre- ent arities or functors, i.e.s = f(s1,...,s,) and
senting experimental results in a QSPR task. t=g(t1,...,tm) then
K(s,t)=(f,9) 1)

1 Introduction . .

. . . where. : F x F — IR is a valid kernel on functors;
Starting from the seminal work of Haussler on convolution 4 g|se jfs andt are compound terms and have the same
kernels[Haussler, 1999 several researchers have proposed arity and functor, i.e. s = f(si,...,5,) and ¢ =

kernels on discrete data structures such as sequences, trees Ft1,...,t,), then

and graphs (sefGartner, 200Bfor a review). Recently, ker- ' .

nels over complex individuals have been defined using higher -

order logic abstractiongGartneret al, 2004. The family K(s,t)=uf./) + ZK(S“ ti) 2)
of kernels developed in this paper originates from a special- =1
ization to first-order logic of such kernels, as it is designed
to work on individuals represented as Prolog ground terms.
There are several reasons for such a specializagemplic- We call < and . atomic kernels as they operate on non-
ity: Prolog representations provide a simpler representationatructured symbols. A special but useful case is the atomic
framework. Sufficiency useful higher order structures such match kerneb defined ag(z, z) = 1if 2 = z andd(z, z) =

as sets can be simulated in Prolog. Types can also be if+if = # z.

troduced. In practice, Prolog based representations are suf- A finer level of granularity in the definition of ground term
ficiently expressive for many application domainsegacy  kernels can be gained from the use of typed terms. This extra
many inductive logic programming systems and knowledgeflexibility may be necessary to specify different kernel func-
bases are actually based on first order logic and Prolog is tions associated with constants of different type (e.g. numer-
well supported languagd&xtendibility. first-order logic pro- ical vs. categorical). It may also be necessary in order to
grams have been extended to deal with uncertainty througbpecify different kernels associated to different arguments of
the use of probability resulting in models such as stochasticompound terms. Our approach for introducing types is sim-
and Bayesian logic programs (sHee Raedt and Kersting, ilar to that proposed iflLakshman and Reddy, 199 MWe de-
2009 for a review); these extensions can be very interestingiote by7 the ranked set of type constructors. The type signa-
in the context of machine learning. ture of a function of arity: has the formr x, ..., X7, — 7/

We develop variants of the kernel on typed and untypedvheren > 0 is the number of arguments;,..., 7, € T
terms. The present formulation allows us to obtain a relativelytheir types, and’ € T the type of the result. Functions of ar-
simple proof of positive definiteness based on showing thaity 0O have signature. +— 7" and can be therefore interpreted
kernels over terms are a special case of convolution kernelss constants of type’. The type signature of a predicate of
[Haussler, 1999 We finally present experimental evidence arity n has the formr; x, ..., x7, — Q whereQ € T is the
of the usefulness of these kernels by learning the boiling pointype of booleans. We write : 7 to assert that is a term of
of alkanes from their chemical structure. type 7. We denote byB the set of all typed ground terms,

by C C B the set of all typed constants, and Bythe set of
2 Ke_me_ls on Prolog ground terms ) ty)|/oed functors. Finally we introduce a (possibly empty) set
We begin with kernels on untyped terms. For a given progranyf distinguishedype signature® c 7 that can be useful to

P we denote by5 the Herbrand universe df (i.e. the set of  gpecify ad-hoc kernel functions on certain compound terms.
all ground terms that can be formed from symbols”nby o
C C B the set of all constants, and b5 the ranked set of Definition 2 (Kernels on typed terms). The kernel between

e in all other cased<(s,t) = 0.

functors. two typed terms and s is defined inductively as follows:
Definition 1 (Kernels on untyped terms). The kernel be- eifseC,teC,s:7,t:7thenK(s,t) = k(s,1)
tween two termg and s is a functionK : B x B — IR wherek, : C x C — IR is a valid kernel on constants of
defined inductively as follows: typer;
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e else if s and ¢t are compound terms that have the CH,  CH, CHg
same type but different arities, functors, or signatures, ‘ .

ie. s = f(517~"55n) andt = g(tla"';tm)' f : CHy—C—C——CH;, [— /(f\
O1X,..., X0, — T, g : T1X,...,XTm — 7, then ‘ ‘ CH, GCH; C
CH CH <N
K(Sv t) = L'r/(fa g) (3) ° ° / CH; CHg CH,
where.,. : F x F — IR is a valid kernel on functors
that construct terms of type C(H,H,H,C(C(H,H,H),C(H,H,H),C(C(H,H,H),C(H,H,H),C(H,H,H))
* f)};gy'fgri?;d;n%r?ucnocr%%oﬁgi te:rmfs(;rj(.j.h?;/ne) ,tr;e SaME  Figure 1: Ground term representation of an Alkane.
[t tn),andf i, ... X7, = 7/, then Fig. 1. We addressed this task using kernel ridge regression
Koy oo xcrmrart (85 1) [Shawe-Taylor and Cristianini, 20D4vith the kernelK on
if (1X%,...,x7 —7') €D untyped terms of Def. 1, a match kernel for functors (car-
K(s,t) = = i 4 pon atoms), and a null kernel for constants (hydrogen atoms).
() + Z K(si,t:) otherwise In this way the kernel measures the number of carbon atoms
=t in corresponding positions. As an additional source of in-
e in all other cased((s,t) = 0. formation, we extracted the depths of the trees representing

In the case of numerical constants, examples of uselne molecules, and summed their product to the term kernel,

: T - N2 obtaining a more informed kern&l’. Finally, we employed
ful kernels mclydemReal(x,z) = exp(—(z — 2)°) and a Gaussian kernel on top @€ and K’. Performance was
K Real (T, 2) = min{z, z}.

) evaluated by a ten fold cross validation procedure, Hyperpa-
Theorem 1. The kernel functions on Prolog ground terms rameters (namely, the Gaussian width and the regularization

given in Definitions 1 and 2 are positive definite (pd). parameter), were chosen by a hold-out procedure on the train-
Proof sketch. Let us introduce the following decomposition ing set of the first fold, and kept fixed for the successive 10
structure (se¢Shawe-Taylor and Cristianini, 204 R = fold cross validation procedure. When using kerhelwe
((X1,X5), R, (ki, ko)) with X; = F (the set of functors), obtained an average mean square error of 4.6 Celsius degrees
X, = (F,IN,B)), and while usingK”’ the error can be reduced to 3.8 degrees. These
results are comparable to those produced by the highly tuned
R ={(f,(f,n,a),s) s.t.sis aterm having functof, networks developed i[Bianucciet al, 2004.

tuple of arguments, and f has arityn} Acknowledgements
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Abstract

We describe our approach for generating expressive
musi ¢ performances of monophonic Jazz melodies.
It consists of three components. (a) a melodic
transcription component which extracts a set of
acoustic features from monophonic recordings, (b)
a machine learning component which induces an
expressive transformation model from the set of ex-
tracted acoustic features, and (c) a melody synthe-
sis component which generates expressive mono-
phonic output (MIDI or audio) from inexpressive
melody descriptions using the induced expressive
transformation model. In this paper we concentrate
on the machine learning component, in particular,
on the learning scheme we use for generating ex-
pressive audio from a score.

1 Introduction

Expressive performanceis an important issue in music which
has been studied from different perspectives [Gabrielsson,
1999]. The main approaches to empirically study expres-
sive performance have been based on statistical analysis (e.g.
[Repp, 1992]), mathematical modelling (e.g. [Todd, 1992]),
and analysis-by-synthesis (e.g. [Friberg, 1995]). In all these
approaches, it is a person who is responsible for devising a
theory or mathematical model which captures different as-
pects of musical expressive performance. Recently, there has
been work on applying machine learning techniques to the
study of expressive performance. Widmer [Widmer, 2002]
has focused on the task of discovering general rules of ex-
pressive classical piano and recognizing famous pianists from
their playing style. Lopez de Mantaras et a. [Lopez de Man-
taras, 2002] reported on SaxEx, a case-based reasoning sys-
tem capable of inferring a set of expressive transformations
and applying them to a solo performancein Jazz. In this pa-
per we describe an approach to investigate musical expressive
performance based on inductive machinelearning. In particu-
lar, we areinterested in monophonic Jazz mel odies performed
by a saxophonist. Our work differentiates from that of Wid-
mer in that, being focused on saxophone Jazz performances,
we are interested in intra-note variations (e.g. vibrato) absent
in piano, as well as melody aterations (e.g. onset deviations,
ornamentations) which are normally considered performance
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errorsin classical music. The work of Lopez de Mantaras et
a. issimilar to ours but they are unable to explain their pre-
dictions. The deviations and changes we consider are on note
duration, note onset, note energy, and intra-note features (e.g.
attack, vibrato). The study of these variations is the basis of
an inductive content-based transformation tool for generating
expressive performances of musical pieces. The tool can be
divided into three components: a melodic transcription com-
ponent, amachine learning component, and amelody synthe-
sis component. In the following, we briefly describe each of
these components.

2 Melodic description

Sound analysis and synthesis techniques based on spectral
models are used for extracting high-level symbolic features
from the recordings. The sound spectral model analysistech-
nigques are based on decomposing the original signal into si-
nusoids plus a spectra residual. From the sinusoids of a
monophonic signal it is possible to extract information on
note pitch, onset, duration, attack and energy, among other
high-level information. Thisinformation can be modified and
the result added back to the spectral representation without
loss of quality. We use the software SM STools which is an
ideal tool for preprocessing the signal and providing a high-
level description of the audio recordings, as well as for gen-
erating an expressive audio according to the transformations
obtained by machine learning methods.

The low-level descriptors used to characterize the melodic
features of our recordings are instantaneous energy and fun-
damental frequency. The procedure for computing the de-
scriptorsisfirst to divide the audio signal into analysisframes
and compute a set of low-level descriptors for each analysis
frame. Then, a note segmentation is performed using low-
level descriptor values. Once the note boundaries are known,
the note descriptors are computed from the low-level and the
fundamental frequency values (see [Gomez et a., 2003] for
details about the algorithm).

3 Expressive performance knowledge
induction

Data set. The training data used in our experimental inves-
tigations are monophonic recordings of three Jazz standards
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(Body and Soul, Once | loved and Like Someonein Love) per-
formed by a professional musician (a saxophone player) at
11 different tempos around the nominal tempo. The resulting
data set is composed of 1936 performed notes.

Descriptors. In this paper, we are concerned with note-level
(in particular note duration, note onset and note energy) and
intra-note-level (in particular intra-note pitch and amplitude
shape) expressive transformations. Each note in the training
datais annotated with its corresponding deviation and a num-
ber of attributes representing both properties of the note it-
self and some aspects of the local context in which the note
appears. Information about intrinsic properties of the notein-
clude note duration, note metrical position, and note envelope
information, while information about its context include the
note Narmour group(s) [Narmour, 1990], duration of previ-
ous and following notes, and extension and direction of the
intervals between the note and the previous and following
notes.

Machine lear ning techniques. In order to induce predictive
models for duration ratio, onset deviation and energy, varia-
tion, we have applied machinelearning techniques such asre-
gression trees, model trees and support vector machines (for
a complete comparison of the accuracy of these techniques,
see [Ramirez et al., 2005]). Among these techniques, model
treesisthe most accurate method, and thus, we have based the
machine learning component of our tool on this method. We
have also induced rule-based models[Ramirez et a., 2004] to
explain the predictions made by our tool. In order to induce
a predictive model for intra-note features we have devised a
learning scheme roughly described as follows:

1. apply k-means clustering to all the notesin the data set.
We decided to set the number of clustersto five. Thisde-
cision was taken after analyzing alarge number of notes
in our data set and considering that there were basically
fivequalitatively different types of note shapes. We char-
acterize each noteinthe dataset by itsattack, sustain and
release.

2. apply aclassification algorithm (i.e. classification trees)
to predict the cluster to which the note belongs. In order
to train our classifier we used the descriptors described
above.

3. given anote and its cluster, apply a nearest neighbor al-
gorithm to determine the most similar notein the cluster.
We use the pitch and duration of a note as the distance
measure, i.e. given anote, welook in the predicted clus-
ter for the closest note in duration and in pitch. We are
particularly interested in duration and pitch because we
want to minimize the loss in sound quality when trans-
forming the selected note to a note with the required
pitch and the computed duration.

Once we obtain al the notes in a score by applying
the learning scheme described above, we proceed to "glue
the obtained notes together. Finally, we apply an algo-
rithm to obtain smooth note transitions. A sample of a
melody produced by our learning scheme can be found at
www. i ua. upf. es/ ~rramrez/ pronusic/ deno. wav.
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4 Méeody synthesis

The melody synthesis component transforms an inexpressive
melody input into an expressive melody following the in-
duced models. Given a melody score (i.e. an inexpressive
description of a melody), our tool can either generate an ex-
pressive MIDI performance, or generate an expressive audio
performance. In the second case, in addition to using the du-
ration, onset and energy model s for computing expressive de-
viations of these parameters, we apply the intra-note model
to obtain the set of notes to be used to construct the audio
expressive performance. In order to build the final audio per-
formance we transform each of the obtained notes according
to the computed duration, onset and energy deviations, and
concatenate the transformed notes using an algorithm that op-
timizes the transitions between notes.
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Abstract

Many inductive logic programming systems have
operators reorganizing the program so far inferred,
such as the intra-construction operator of CIGOL.
At the same time, there is a similar reorganizing
operator, called the “folding rule,” developed in
program transformation. We argue that there are
advantages in using an extended folding rule as a
reorganizing operator for inductive-inference sys-
tems. Such an extended folding rule allows an
inductive-inference system not only to recognize
already-learned concepts, but also to increase the
efficiently of execution of inferred programs.

1 Introduction

At first glance, it might seem that inductive logic program-
ming (ILP) and logic program transformation (LPT) have
opposite objectives. While ILP is interested in generalizing
from examples, LPT is careful to preserve correctness. Nev-
ertheless, there are ILP operators, like the intra-construction
operator of CiGoL, that do not generalize, and instead reor-
ganize the program so far inferred. This suggests looking at
logic program transformation rules to obtain better nongener-
alizing operators for ILP.

One LPT rule, called “folding,” [Pettorossi and Proietti,
1998] is reminiscent of intra-construction, with some impor-
tant differences. For example whereas intra-construction pro-
duces the definition of a new predicate (i.e. “concept”), fold-
ing receives as input such a definition, so that there is a sepa-
rate, dedicated rule for creating a definition. The reason there
is such a separate rule in LPT is that the derivation of effi-
ciently executable programs is closely related to being able to
fold using an already-existing definition.

Researchers have developed several reorganizing operators
for ILP. Such operators can be found, for instance in the sys-
tems devised by Muggleton, Baneriji, Ling, and Rouveirol and
Puget. We have selected Muggleton’s intra-construction as a
representative of these operators for performing a comparison
with folding. The main ideas of our comparison, however,
should carry over to other similar operators.

Throughout, A and B denote atoms, and Q and R denote
tuples of atoms (we will assume definite logic programs).
Also, msg(es, e2) denotes the most specific generalization of
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expressions e; and es, and “~” denotes equality up to vari-
able renaming.

When used to fold two clauses, the folding rule infers (F)
from (D1), (E1), (D2), and (E2):

B+« Q@ (D)) By+ Q>  (D2)
A+ Q101,R (El) A+ Q2027R (EQ)

A+ B,R (F)
where B = B16; = B,0,. In addition, there are some syn-
tactic restrictions for soundness, for which we refer the reader
to [Pettorossi and Proietti, 1998]. An application of folding
replaces (E;) and (Es) by (F).

Observe that this rule has the limitation of requiring both
clauses to be folded (E;) and (E,), to have the same head A
and the same part of the body R which is not an instance of
the bodies of the definition (D1) and (Ds).

On the other hand, folding has the advantage of allowing
the clauses (D7) and (D) to be drawn from a previous pro-
gram [Pettorossi et al., 1996].

To be able to perform a comparison with intra-
construction, we will assume that intra-construction consists
of two parts: first the “invention” of a predicate, and then the
clause-reorganization proper. The second part would then be:

Bl <~ (Dl) BQ «— (DQ)
A1 <~ R1 (El) A2 <~ R2 (E2)
A« B,R (F)

where
(A, R) = msg((A1, R1), (A2, R2))
B = p(Xla" aXn)
Bi = p( i,...,t:l)
(A, R){ X /t],.... Xn/th} = (A, Ry)

An application of the second part of intra-construction also
replaces (E1) and (Ez) by (F). Compared with folding, not
only must the definition clauses be unit clauses, but their ar-
gument places must be terms that undo the generalization
when resolving (F) with (D1) and (D5). If we are introduc-
ing a new definition, such constraints might not be relevant.
If, however, we wish to recognize an already-inferred concept
or we are interested in increasing the efficiency of execution
of our inferred program, it might be important to be able to
relax such limitations.
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2 A common extension of folding and
intra-construction

As an illustration showing the need for increasing the effi-
ciency of an inferred program, consider the string-matching
problem. This problem consists in finding all occurrences (or
only one occurrence, if any) of a string called the pattern
within another string called the text. Suppose that our pat-
tern is the string aab. If we give the following two examples,
both of which are a text having an occurrence of this pattern;

s([a, a,b]) @)
s([a,a,a,b])

we can apply absorption, deriving:

s([alX]) « s(X) )
A third example:
s([b,a,a,b]) <
allows us to apply absorption again, inferring:
s([b|X]) + s(X) @)

Clauses (1), (2), and (3) can be regarded as representing a
finite-state automaton accepting the language (a + b)*aab.
However, these clauses are a hondeterministic program, re-
quiring a quadratic time in the worst case to find an oc-
currence of the pattern. Note that this program cannot be
converted to a deterministic version with intra-construction.
A reason is that we would need to be able to apply intra-
construction without inventing a new predicate at every ap-
plication. (Such already-existing predicates represent edges
going backwards in the corresponding automaton.) Allow-
ing the use of already-existing definitions is accompanied by
a possible violation of the conditions for intra-construction
(i.e. the B;’s may not have the required form).

This limitation suggests using the ordinary folding [Pet-
torossi and Proietti, 1998] rule as part of the operator reper-
toire of an ILP system. In fact, [Pettorossi et al., 1996] show
how to determinize a program similar to the one we just in-
ferred with absorption (given as specification by the user),
where the folding rule plays a central role.

The ordinary folding rule [Pettorossi and Proietti, 1998],
however, is not adequate for inductive logic programming:
We observed that this rule requires the set of atoms that do
not match the bodies of the definition (i.e. A and R) be the
same in each clause to be folded (i.e. (E1) and (Ez)).

Now we give another illustration. Suppose an inductive-
inference system has inferred the following description of an
arch, where the example arch(([ ], beam, [])) is not given until
later:

arch(([X Y], beam, [X|Y])) « brick_or_block(X),
column(Y) 4

column([]) «+

column([X|Y]) « brick_or_block(X), column(Y")

If we now add the example:
arch([], beam, [)) + ®)
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both folding and intra-construction are unable to derive the
desired concept from (4) and (5):

arch((X,beam, X)) «+ column(X) (6)

Being able to derive the concise version of arch (6) might
be important if we have already the same concept under a
different name:

gateway((X, beam, X)) < column(X)

We have recently extended the ordinary folding rule so as
to overcome these limitations of folding [Rosenblueth, 2005].
Our extension can be viewed as a common generalization of
ordinary folding and intra-construction;

By + Q1 (D1) By + Q5 (Dy)

A+ Q191,R1 (E1) Ay Q292,R2 (E2)

Ay « Bi6,, Ry (Fy) Ay  Bybs, Ry (Fs)
A« B,R (F)

where
(A,R) = msg((A1, R1), (A2, Ry))
B = msg(B16171, B26>72)

Here, 6; only acts on the variables occurring in Q, and 7;
only acts on the variables occurring in B; and not occurring
in Q; (i.e. the head-only variables in (D;)). In addition, we
preserve the syntactic conditions on 6; developed for ordinary
(multiple-clause) folding [Pettorossi and Proietti, 1998].

The main point of our folding rule is the computation
of the substitutions 7; in such a way that soundness is
preserved. We distinguish two kinds of head-only vari-
able instantiation: (a) coverage, taking a function sym-
bol or variable from the substitutions p;, where (Ai,f%i)
= msg((A1, R1), (A2, Ra2))p; (i = 1,2), and (b) matching,
taking the function symbol from the corresponding position
in the clause of the other single-clause folding.

The contributions of this poster over [Rosenblueth, 2005]
are (1) the comparison of folding with intra-construction and
(2) the development of inductively inferred example pro-
grams. We are currently investigating the possibility of em-
bedding our folding rule in CiGoL.
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Abstract

Web search engines are a great help for accessing
web sites but they present several problems regard-
ing semantic ambiguity. In order to solve them, we
propose new methods for polysemy disambiguation
of web resources and discovery of lexicalizations
and synonyms of search queries.

1 Introduction

Search engines like Google have become an indispensable
tool. However, their ranking algorithms are based only on a
keyword’s presence and have some serious handicaps that
are reflected on the final results. On the one hand, if several
ways of expressing the same search query exist (e.g. syno-
nyms, lexicalizations, or even morphological forms), a con-
siderable amount of relevant resources will be omitted. On
the other hand, if the user selects a polysemic word as a
query, the set of returned results will contain sites that are
using that concept in different contexts (e.g. Virus).

In order to face these two problems, in this paper we pre-
sent new, automatic and autonomous methodologies for
semantic disambiguation and classification of web re-
sources and for discovery of lexicalizations and synonyms
for a specific domain. These techniques use a previously
obtained taxonomy of terms and web resources through the
method described in [Sanchez and Moreno, 2004] to per-
form the appropriate contextualization (see an example for
the Sensor domain in figure 1).

C© a:sensor_0
©) a:airborne_72
C) ahiomimetic_18
© a:capacitive_19
© acatadioptric_56
© acurent_54
©-(C) a:detection_108
© a:external_118
©- (O aforce_26
@ (© aglucose_7
@ (© a:amperometric_11 C) amultiple_55
Oa _12 Ca _107
C) atimplantable_14 C)ananoscale_117
©) atinvasive_8 @ (O arnetwork_115
©-(C) aoptical_15 ©- () anetworked_116 C atouch_112
C) a:optochemical_13 @ (© aoptical_113 ©) avelocity_57
© a:subcutaneous_10 © amultibeam_114 - (C) awireless_119

© aviscometric_9
C© aheterogeneous_49
© (C)aimage_3
@ (O aintrusion_58
©) a:chassis_59
- (©) alevel_95
© aminiaturised_71 - (C) aspeed_d4
© a:mobile_106 @ (O atactile_33
© amotion_50 ©-(C) atemperature_20
© amultifunctional_52 @ (C) atorque_60
©- (O aforce_61
C) a:magnetoelastic_66
©) a:magnetostrictive_65,
© arotary_67

©-(C) apressure_74
C) arrotation_53
©-(C) a:seismic_68
C© asilicon_73
C© asitu_51
C asmart_2

Figure 1. Example of an initial taxonomy of Sensors.

* The support of "Departament d'Universitats, Recerca i So-
cietat de la Informacio" of Catalonia is acknowledged.
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2 Discovery of lexicalizations and synonyms

There are several methodologies that try to find lexicaliza-
tions for a keyword like Latent Semantic Analysis [Deer-
wester et al, 1990]. It considers that words that co-occur in
the same documents are semantically related. However, it
tends to return domain related words but, sometimes, not
truly “equivalent” ones [Bhat ef al, 2004]. Other techniques
[Valarakos et al, 2004] identify lexicalizations with the as-
sumption that they use a common set of ‘core’ characters.
They can detect alternative spellings (e.g. Pentium I1I, Pent.
3), but not synonyms (e.g. sensor and transducer).

We have developed a novel methodology for discovering
lexicalizations and synonyms using an initial taxonomy and
a web search engine. Our approach is based on considering
the longest branches (e.g. subcutaneous amperometric glu-
cose sensor) of the taxonomy as a contextualization con-
straint and using them as the search query ommiting the
initial keyword (e.g. “subcutaneous amperometric glucose*)
for obtaining new webs. In some cases, those documents
will contain equivalent words for the main one just behind
the searched query that can be considered candidates for
lexicalizations or synonyms (e.g. subcutaneous amperomet-
ric glucose transducer). For each candidate (see Table 1
with candidates for the Sensor domain), a relevance measure
(1) is computed, obtaining a ranked candidate list. Those
that overpass a minimum threshold computed in function on
the number of multiwords considered will be selected.

relev=HDif _Web_ Appear* (10" (#Multi_words_terms—1)) (1)

Table 1. Lexicalizations and synonyms candidates for the Sensor
domain (24 multiwords). Elements in bold are selected results.

Concept and derivates Hits Webs Multi Relev.
Sensor, sensors 437 294 24 2E25
transducer, transducers 28 19 3 1900
system 4 4 2 40
probe 2 2 2 20
transmitter 11 11 1 11
measurement 10 7 1 7
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3 Polysemy detection and semantic clustering

In this case our goal is to be able to group different concepts
(and their associated web sites) of the taxonomy associated
to a search query in sets according to the concrete sense in
which they are used. So, the user will obtain disambiguated
sets of relevant web sites for the desired domain.

For that purpose, many techniques [Ide and Véronis,
1998] use an external dictionary to select the most appropri-
ate meaning in each case. However, performing this classi-
fication without previous semantic knowledge is not a trivial
process [Sanderson and Croft, 1999]. In this sense, we can
take profit from the context where each concept has been
extracted, concretely, the web documents that contain it. We
can assume that each website included in the taxonomy is
using the initial keyword (e.g. virus) in a concrete sense, so
concepts that are selected from the analysis of that single
document (e.g. linux, email) belong to the domain associ-
ated to the same keyword’s meaning. Applying this idea
over a significant amount of web sites we can find, as
shown in figure 2 for the Virus example, quite consistent
semantic relations between concepts.

The algorithm performs a clusterization process with the
list of terms of a specific level of the taxonomy. For each
pair, a similitude measure (2) is computed based on the
amount of coincidences between the concept’s URL sets.
The resulting similarity matrix allows us to detect the most
similar concepts and join them. A new matrix is computed
for the resulting set of classes. This process is repeated until
no more concepts can be joined (there are no coincidences
between URLs), building a dendogram (see figure 2).

sim(A, B) = Max[#Coin(URL(A),URL(B)) #Coin(URL(A),URL(B))] 2)

#URL(A) #URL(B)

The result is a partition (with 2 elements for the virus
domain as shown in figure 2) of classes that groups the con-
cepts and web resources that belong to a specific meaning.
The number of final classes is automatically discovered by
the clustering algorithm thanks to the constrained joining
criteria. Note that this methodology can be applied to a set
of terms at any level of the taxonomy.

anti | latest | simplex | linux | computer | influenza | online | inmunodeficiency | leukemia | nile | email

-
l } [

Sense 1:
anti | latest | inux | computer | online | email

Sense 2:
simplex | influenza | inmunodeficiency | leukemia | nile

Figure 2. Dendogram representing semantic associations between
the classes found for the keyword “virus”. Two final clusters are
obtained: Sense 1 groups the classes associated to “computer pro-
gram” and Sense 2 the ones related to “biological agent”.

POSTER PAPERS

4 Conclusions

Taking into consideration the amount of resources available
easily on the Web, we believe that methodologies that ease
the search of information should be developed. Standard
search engines are widely used for this task but they present
serious limitations due to their pattern-search algorithms
because they lack any kind of semantic content.

On the one hand, polysemy becomes a serious problem
when the retrieved resources obtained from the search en-
gine are only based on the keyword’s presence; in this case,
we propose an automatic approach for polysemy disam-
biguation of concepts and web resources. On the other
hand, in order to extend the search widely and retrieve the
largest amount of resources that are semantically relevant
for the query specified, an algorithm for discovering alter-
native keywords (lexicalizations and synonyms) for the same
domain is also proposed. This is very useful for domains
with a little amount of available web resources.

Moreover, it is important to note that the proposed meth-
odologies perform in an automatic and autonomous way,
allowing to maintain the results updated easily by perform-
ing executions as frequently as desired. This is a very useful
feature when dealing with a highly changing environment
like the Web and distinguishes our approach from other
similar ones in which user’s interaction or a thesaurus like
WordNet are required [Lamparter et al, 2004].
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Abstract scope-limited features which are more specific to local sub-

This paper introduces a new bootstrapping method sets of the data.

closely related to co-training and scoped-learning. . .
The method is tested on a Web information ex- 2 The Information Extraction task

traction task of learning course names from web We apply intimate learning to the problem of identifying
pages in which we use very few labelled items course names from those pages identified as course web pages
as seed data (10 web pages) and combine with  in WebKB which consists of web pages collected from four

an unlabelled set (174 web pages). The over- universities.? For our experiment we used: 10 web pages as
all performance improved the precision/recall from seeds, 174 web pages as unlabeled training data and 40 web
3.11%/0.31% for a baseline EM-based method to pages as test data. All web pages are tokenized using space
44.7%/44.1% for intimate learning. and punctuation symbols. We used an EM-based decision list
learning algorithniCollins and Singer, 199%s our baseline
1 Intimate learning method for combining labeled and unlabeled data (more de-

tails in §2.1). The course name feature model is initialized

The expensive nature of labelling data for machine Iearninqjsing the seed data and then trained using EM on the train-

\Tgégognset?]g%;hﬁa\l/aecﬁgrivsgf[ggetsﬁe'gtgj'n%fﬁg;er%nunf#gi[hg data. Our observation on the training data indicated that

: y 9 the course number, which does not form part of our target la-
ods that combine labelled and unlabelled data. SuccesszIeI is likely to co-occur with a course name. Course names
methods in this area include bootstrapping methods like Cog o o iilar characteristics to other named entities like names
training and scoped-learning. In this paper we introduce

. . X f people or organizations. Compared with course names,
novel method callehtimate learningfor bootstrapping that course numbers have far more regular forms, which usually

IS relgted to these methods. _The task is to learn the targ%‘bnsist of the department abbreviation and the number of the
funct|o_n hi(X) € Y whereX is the set of all feature sets course, e.gCMPT 825 As aresultidentifying a course num-
agﬂt}r:rﬁ It Sh 2 Ssztt(gf: lgsbsellgzeéi'akhelégpoléttﬁ)eof%r”fimf;]g Aper is easier and we take this class to be our intimate class
g XN feat P iated l't%t.h Y’. Our target clas¥” determines whether a string is a course
thh € 6|‘Spi ea;r.estﬁil’lxig’ I...,faiﬁ,i‘t?]ssoua E; V;”. i € nhame. In this paper, we hateandY”’ with one element each
o example.y; € 2 1S e ‘abel of the examp/e. nnt- (4+course-namend +course-numbér rather than a 2-class
m?te Ieta trnlng V\ée find anothetrhcltass Iab]?j et% ;’(Vh'ChY'f‘ classification task-course-name—course-name See§2.1
:: eL\J/i?g s f%y\;Vgpla\tl)veellzzsil':énnwes t(?ISar:ﬁWV\lljgga mtﬁgise rel- for details on how test examples are handled. We explain the
ev(gmt toY if accurately findingy/ € Y; can he)I/p in identi- details of our algorithm u_sing 'Figure 1 (for now, ignore the
fying y; € Y in examplei. We ‘then create the new target dashed _arrow)._The algorlthm_lsatwo-st_age process. 'I_'he left
functigah(X (X)) €Y that performs the same classifica- half of_F|gure lillustrates the_ f|r§t stage, in which th_e intimate
tion ash (Xj does. We call” the intimate class 7'(X) class is learned by a qlasaﬂca‘uon algorithm that is identical
L . ; e to the EM-based baseline system (§22). The second stage
the intimate func_tlon. Intimate Ie_arnmg IS rela}ted to the in the right half implements almost the same EM-based al-
co-training algorithm{Blum and Mitchell, 1998 in which gorithm, but with course numbers added from the first stage

‘Eof tra"”')ngofr)ézmg’rﬁ?r’]{i ’t%,z\;vgi dli?f grizct)f‘r\]/?eovxs/:’g g:g tﬂ epég_ as an extra feature towards learning of the course name (the
Xi, ; Xig P 9 ' darker line with an arrow).

get functionh(X) = hi(X;) = ho(X3) predicting a sin-
gle label class. While in our modek’ has only one "view” 2 1 EM Learning for course number identification
but labeled into two classes (target and intimate classes), i.eth f d for identifvi b )
hi(X) # K(X)L. Other related work is scoped-learning e features used for identifying a course number are:
[Blei et al, 2004, which uses a classifier trained on global e The HTML format of the course number, which is the
features from the entire training data and classifiers trained on  pair of HTML tags before and after the course number

intimate learning ismotthe same as feature selectidr: is not 20ther applications of intimate learning include finding product
directly observed. Furthermoigé’ doesn’t determind”; X com- names in web pages, which appear together with prices, quantities,
bined withY”’ can improve prediction of". locations which are generally much easier to identify.
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Figure 1: Course name identification system chart

Test

course
numbers

respectively.
e Department namg and lengthS|.
e Course id: integer and its digit length|.
e The separator symbol sequence betwgemd].

Features are collected for each strigjgfrom the seed data.
We estimate the conditional probabiliBy, .., = P(y' | z; ;)

of seeing the label/ given the featurer; ;. F,.,,, defines

a decision list of rules; ; — 3’ ranked by confidence score
P(y'" | z; ;). Intraining, we use EM to (re)estimate the course
number probability modeP,,.... (v’ | s), wheres is the input
string. In the E-stepP,.., is re-estimated based dn, .
We assume all features do not equally contribute to cours
number identification and assign different weighto z;, and
each parameter d?,,,.,, is computed by:

Y6 Py | wig)

Py | s;) = 1

W' | ) = (1)
In the M-step,F,,..., is adjusted with respect t8,,,,:
Count(x; ;) - P(y' | i) + Py | s

Count(z; ;) +1

Partial Matching
Full matching

Precision

o
~
o

0.44

0.43
0.38

042 0.44 0.46

Recall

04 0.48

Figure 2: Experimental results of course name identification.
The precision and recall curves for partial and full matchings.

e Each word in the course name and the number of words.

e Each separator symbol between the course number and
course name and total number of such symbols.

The course name feature mode},.,, is initialized from the
seed data and trained by the EM algorithm defined2rn.
Applying the trained feature model to the test data generates
all course name candidates with their probabilities. We again
apply the 2-means clustering algorithm defined2ril. Note

that the chosen candidates are individual words instead of the
full string as a course name. We simply group contiguous
words as a single course name. Haseline systenis iden-

tical to the course name feature modg),,, except that it
does not use the identified course number as an input feature.

3 Experiments and discussion

Two metrics are applied to the performance evaluation of
course name identificationpartial matching in which the
course name is correctly recognized if any of its words is pre-
dicted, andfull matching in which the course name is cor-
rectly predicted only if all words of the course nhame are pre-
dicted and in the correct order. The precision/recall of the
baseline system i3.11%/0.31%for full matching Figure 2
illustrates the performance of our implementation on course
name identification, for full and partial matchings. Our ex-
periments show that the intimate learning algorithm exhibits

Sincey’ is a single labek-course-numberfor test examples  gjgnificant gains in performance over the baseline system ob-
we pick those to be labelled as a course number by using Zaining44.7%/44.1%for full matchingand 45.8%/46.5% for
means clustering to separate those examples that have hightja| matching Since the course number and course name
confidence scores (high(y’ | x; ;) values) from those ex- 516 two related classes, in addition to intimate learning, a co-
amples that have low confidence scores. This method avoidg,ining-based extension can also be applied to training one
hand-picking or using a held-out set to pick a confidence;|ass py the other, and vice versa as shown by the dashed ar-
threshold. row in Figure 1. For details and full set of references, please

22 Course name identification refer tohttp://natlang.cs.sfu.ca/researchProject.php?s=299

The learning procedure of the course name identification iReferences
the same as that for the course number, except that the cou
number identified using the model defined§1 becomes
an important feature in predicting whether an example is la-
belled as a course name. For each candidate course name, [
features used are:

r . . .
FBﬁel etal, 2004 D. Blei, D. Bagnell, and A. McCallum. Learning
with scope, with application to information extraction and classi-

hefication. InProc. UAI, 2002.
Blum and Mitchell, 1998 A. Blum and T. Mitchell. Combining la-

beled and unlabeled data with co-training.Aroc. COLT, 1998.

e Intimate class:course number preceding candidate
e The pair of HTML tags before and after course name.
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[Collins and Singer, 1999M. Collins and Y. Singer. Unsupervised
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In many domains, the objects of interest are not uniquely
identified, and the problem arises of determining which ob-
servations correspond to the same object. For example, in
information extraction and NLP we need to determine which
noun phrases refer to the same entity. When merging multiple
databases, a problem of keen interest to many large scientific
projects, businesses, and government agencies, we need to
determine which records represent the same entity and should
therefore be merged. This problem, first placed on a firm sta-
tistical footing by Fellegi and Sunter [1969], is known by the
name of object identification, record linkage, de-duplication
and others. Most approaches described to solve this problem
are variants of the original Fellegi-Sunter model, in which ob-
ject identification is viewed as a classification problem: given
a vector of similarity scores between the attributes of two ob-
servations, classify it as “Match” or “Non-match.” A separate
match decision is made for each candidate pair, followed by
transitive closure to eliminate inconsistencies. Typically, a
logistic regression model is used. We call this the standard
model.

Making match decisions separately ignores that informa-
tion gleaned from one match decision may be useful in others.
For example, if we find that a paper appearing in Proc. 1JCAI-
03 is the same as a paper appearing in Proc. 18th 1JCAI,
this implies that these two strings refer to the same venue,
which in turn can help match other pairs of IICAI papers. In
this paper, we propose an approach which accomplishes this
propagation of information. Our approach makes decisions
collectively, performing simultaneous inference for all candi-
date match pairs, and allowing information to propagate from
one candidate match to another via the attributes (or fields)
they have in common. Our model is based on conditional
random fields [Lafferty et al., 2001]. We call our model the
collective model. Figure 1(a) shows a four-record bibliog-
raphy database and 1(b) shows the corresponding graphical
representation for the candidate pairs (b1, b2) and (b3, bs) in
the collective model. There are three types of nodes in the fig-
ure. Record-match nodes are Boolean-valued and they corre-
spond to asking the question “Is record b; the same as record
b;?” Field-match nodes are also Boolean-valued and they
correspond to asking the question “Do field values b;.F" and
b;.F, for the field F, represent the same underlying property ?”’
Field-similarity nodes are real-valued nodes taking values in
the domain [0, 1] and they encode how similar two field val-
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Record Title Author Venue
bl Object Identification using CRFs | Linda Stewart Proc. AAAI-05
b2 Object Identification using CRFs | Linda Stewart Proc. 20th AAAI

b3 Learning Boolean Formulas Bill Johnson Proc. AAAI-05

b4 Learning of Boolean Expressions | William Johnson | Proc. 20th AAAI

O C ) ]

record—match node field—match node field—similarity node

(a) A bibliography database

Title(T) Title(T)

Sim(Object Identification using CRFs,

. R X Sim(Learning Boolean Formulas,
Object Identification using CRFs)

Learning of Boolean Expressions)

[blAV =b2.V?

bl.A =b2.A? b3.A =b4.A?
b3.V =b4.V?

Sim(Proc. IJCAI-03, Proc. 18th IJCAI) ‘

Venue(V)

Sim(Bill Johnson, William Johnson)

Sim(Linda Stewart, Linda Stewart) ‘

Author(A) Author(A)

(b) Collective model (fragment)

Figure 1: Example of collective object identification. For
clarity, we have omitted the edges linking the record-match
nodes to the corresponding field-similarity nodes.

ues are, according to a pre-defined similarity measure. The
values of these nodes can be directly computed from data,
and hence they are also called the evidence nodes. Intu-
itively, an edge between two nodes represents the fact their
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values directly influence each other. Note how dependencies
flow through the shared field-match node corresponding to
the venue field. Inferring that b; and bs refer to the same un-
derlying paper will lead to the inference that the correspond-
ing venue strings “Proc. IJCAI-03” and “Proc. 18th IICAI”
refer to the same underlying venue, which in turn might pro-
vide sufficient evidence to merge b3 and by. In general, our
model can capture complex interactions between candidate
pair decisions, potentially leading to better object identifica-
tion.

For random fields where maximum clique size is two and
all non-evidence nodes are Boolean, the inference problem
can be reduced to a graph min-cut problem, provided cer-
tain constraints on the parameters are satisfied [Greig et al.,
1989]. Our formulation of the problem satisfies these con-
straints. Since min-cut can be solved exactly in polynomial
time, we have a polynomial-time exact inference algorithm
for our model. We follow the standard approach of gradient
descent to learn the parameters. Calculating the exact deriva-
tive is intractable as it involves an expectation over an expo-
nential number of configurations. We use a voted perceptron
algorithm [Collins, 2002], which approximates this expecta-
tion by the feature counts of the most likely configuration,
which we find using our polynomial-time inference algorithm
with the current parameters.

Combining models is often a simple way to improve ac-
curacy. We combine the standard and collective models us-
ing logistic regression. For each record-match node in the
training set, we form a data point with the outputs of the two
models as predictors, and the true value of the node as the
response variable. We then apply logistic regression to this
dataset. Notice that this still yields a conditional random field.

We performed experiments on real and semi-artificial
databases, comparing the performance of (a) the standard
Fellegi-Sunter model using logistic regression, (b) the col-
lective model, and (c) the combined model.

The first set of experiments was on Cora database, which
is a collection of 1295 different citations to computer science
research papers. We cleaned it up by correcting some labels
and filling in missing values. This cleaned version contains
references to 132 different research papers. We used the au-
thor, venue, and title fields. The second set of experiments
was done on the BibServ.org database, which is the result of
merging citation databases donated by its users, Citeseer, and
DBLP. We experimented on the user-donated subset of Bib-
Serv, which contains 21,805 citations. Table 1 reports the
results for these databases. The combined model gives the
best performance on both Cora and BibServ, followed by the
collective model. Transitive closure helps these on Cora but
hurts all models on BibServ (where recall was close to 100%
even without transitive closure). The best combined model
outperforms the best standard model in F-measure by about
2% on Cora and 3% on BibServ.

To further observe the behavior of the algorithms, we gen-
erated variants of the Cora database by taking distinct field
values from the original database and randomly combining
them to generate distinct papers. Figures 2(a) and 2(b) com-
pare the performance of the collective and standard models
as number of clusters and level of distortion in the data are
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Table 1: F-measures on Cora and BibServ before and after
transitive closure.

Model Cora BibServ
Before  After | Before  After
Standard | 86.9% 84.7% | 82.7% 68.5%
Collective | 87.4% 889% | 82.8% 73.6%
Combined | 85.8% 89.0% | 85.6% 76.0%

100
80 |

o o
? 60 ?
[ @
(5] 153
IE 401 standard — f 401 standard ——

20 | collective 1 20 | collective

0 . . . 0 . . . .

50 100 200 300 400 0 02 04 06 08 1

Number of Clusters Distortion

(b) F-measure vs. distor-

tion level

(a) F-measure vs. number
of clusters

Figure 2: Experimental results on semi-artificial data.

varied, respectively.! The collective model clearly dominates
the standard model over a broad range of number of clusters
and level of distortion.

In summary, determining which observations correspond
to the same object is a key problem in information integra-
tion, citation matching, natural language, vision, and other ar-
eas. We have developed a collective approach to this problem,
where information propagates among related decisions via
shared field values, and shown experimentally that it outper-
forms the standard one of making decisions independently.
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Abstract

In this article we introduce a new approach (and
several implementations) to the task of question
classification. The approach extracts structural in-
formation using machine learning techniques and
the patterns found are used to classify the questions.
The approach fits in between the machine learning
and handcrafting of regular expressions (as it was
done in the past) and combines the best of both:
classifiers can be generated automatically and the
output can be investigated and manually optimised
if needed.

1 Introduction

Before a question answering (QA) system can answer a ques-
tion, it needs to have an idea what the question is about.
One of the principal tasks of the question analysis stage of a
QA system is the determination of the expected answer type
(EAT). Finding the EAT of a question is called question clas-
sification (or EAT classification) [Hermjakob, 2001].

In this work we introduce a new approach to the prob-
lem of EAT classification, based on structural information
that can be extracted from the questions. Re-occurring struc-
tures found in questions, such as “How far ...” may help
finding the correct EAT (in this case “distance”) for a par-
ticular question. The approach described here automatically
finds these structures during training and uses this informa-
tion when classifying new questions.

Our approach combines the two main methods to question
classification: machine learning and pattern matching. Us-
ing machine learning, patterns are extracted from the training
data. These patterns serve as regular expressions during the
classification task.

In the next two sections, we will describe two systems that
fit into this approach. The first one uses a grammatical infer-
ence system and the second one is based on tries.

2 Alignment-Based Learning Classifier

The structure extraction phase of the first system is done by
Alignment-Based Learning (ABL) [van Zaanen, 2002]. ABL

*This work is supported by the Australian Research Council,
ARC Discovery Grant no. DP0450750.
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“DESC” (What)(is (caffeine))
“DESC”  (What)(is (Teflon))
“LOC” (Where) is (Milan)
“LOC”  What (are the twin cities)

Table 1: Example sentences with ABL structure

is a generic unsupervised grammatical inference framework
that learns structure from plain text sentences. The underly-
ing idea of ABL is that constituents can be interchanged. To
give an example, if we exchange the noun phrase the man
in the sentence He sees the man with another noun phrase
a woman, we get another valid sentence: He sees a woman.
This process can be reversed (by aligning sentences) and pos-
sible constituents, called hypotheses can be found. This is
called the alignment learning phase, one of the three phases
of ABL, and the one that we use in this article. Table 1 shows
an example of the structure learned from a toy corpus of 4
sentences.

In the training phase, regular expressions associated with
the structures found are stored together with the EAT of the
corresponding questions. Several EATs with their frequen-
cies may be stored if a regular expression matches several
questions.

We have experimented with two implementations. The first
implementation, which we call hypo, uses the words in the
hypotheses (i.e. the words between the brackets) to form reg-
ular expressions which are stored together with the EATSs of
the associated questions. The second implementation, called
unhypo, uses the words that are left after removing each hy-
pothesis. For example, the hypo version uses the first ques-
tion of Table 1 to produce the patterns /What/, /is caffeine/,
and /caffeine/, whereas unhypo produces the patterns /is caf-
feine/, /What/, and /What is/.

During the classification phase we have experimented with
two further approaches that differ on the use of the frequency
counts of the matched regular expressions. The first method
(called default) increments the counts of the EATs of the
question by the frequency that is stored with the EATSs of the
regular expression. The second method (called prior) will
simply increment the counts by 1. When all regular expres-
sions are tried, both methods select the EAT with the highest
count. If there several expressions with the same count, the
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default method makes a random choice, whereas the prior
method selects the EAT with the highest overall frequency.

Finally, we have experimented with the impact of the parts
of speech (POS) as a simple approach to disambiguate words.
We used Brill’s tagger [Brill, 1992] and the resulting POS in-
formation is simply combined with the plain words. Adjacent
words that have the same POS are combined into one token.
For example the question Who is Federico Fellini? is, af-
ter POS tagging, divided into three tokens: (Who, WP), (is,
VBZ) and (Federico Fellini, NNP).

3 Trie Classifier

The second system uses a trie structure. A trie T'(S)
is a data structure defined by a recursive rule T(S) =
{T(S/a1),T(S/az),...,T(S/a,)}. S is a set of sequences
whose elements are taken from the alphabet A. S/a,, is the
set of strings that contains all strings of S that start with a,,
but stripped of that initial element [Clément et al., 1998].

During the learning phase, all questions are inserted into a
trie structure that contains, in addition to the token, the EAT
and frequency information (the number of questions that use
that path in the trie).

During the classification phase, the trie is traversed in the
usual way. If the new question is a prefix of a training ques-
tion the traversal is trivial, and the node at the end of the
traversal path indicates the EAT of the question.

To find a path for unseen questions, non-matching nodes
are skipped in a methodical way in what we call the look-
ahead process. Let us say that question tokens of ques-
tion Q@ = q1gz2...g, match up to ¢;: T(S/q1/q2/ --- /@),
and T'(S/q1/q2/ ---/qi/gi+1) does not exist. The look-
ahead process then builds a set of sub-tries of the form
{T(S/q1/a2/ - -- /ai/B/qir2)|B € A}. The sub-trie with the
highest frequency associated is selected, and the process con-
tinues with ¢;4» until all tokens are consumed.

There are two variations of the above process. In the strict
method, 8 and ¢;+1 must have the same POS tag. If the re-
sulting set of sub-tries is empty, the search process stops and
the EAT is retrieved from the node g; in the trie. In the flex
method, if an empty set of sub-tries is retrieved, we consider
[ as a sequence of question words until we find a question
word equal to g; 4.

We also experimented with a set of variations that have no
POS information. In this case, 8 and g;4; must be exactly the
same token. Again we allow for a strict and a flex version.

4 Results

To compare our systems with current machine-learning meth-
ods, we have used the same data as [Zhang and Sun Lee,
2003]. This is a collection of 5,452 training questions and
500 test questions. The data have 6 coarse-grained classes
and 50 fine-grained classes.

Table 2 indicates the precision of the questions classified
with the coarse-grained classes for all our systems and for a
baseline that always selects the most frequent class according
to the training data. This baseline is, of course, the same for
the plain words and POS tagged data. All our implementa-
tions performed well above the baseline.
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words | POS

Baseline 0.188 | 0.188
ABL | hypo default | 0.516 | 0.682
prior 0.554 | 0.624

unhypo | default | 0.652 | 0.638

prior 0.580 | 0.594

Trie | strict 0.844 | 0.812
flex 0.850 | 0.794

Table 2: Results on the coarse-grained data

The results show that the POS information helps the perfor-
mance of the ABL method but not of the trie-based method.
Overall, the trie-based approach outperforms the ABL imple-
mentations. We obtained similar results with the fine-grained
data (not shown for reasons of space).

Our best results fall close to the best-performing system in
the bag-of-words and bag-of-n-grams versions of [Zhang and
Sun Lee, 2003]. Their results ranged from 75.6% (Nearest
Neighbours on words) to 87.4% (SVM on n-grams). Given
the simplicity of our methods and their potential for further
improvement, this is encouraging.

5 Conclusion

The results on the annotated questions of the TREC10 data
show that the approach is feasible and both systems generate
acceptable results. We expect that future systems that fall
in the structure induced question classification approach (for
example, based on other grammatical inference systems) will
result in even better performances.

The automatically learned regular expressions can be in-
spected and extended by humans. The systems therefore
combine the advantages of machine-learning and pattern-
matching methods.

Additionally, we think that the structure found by the sys-
tems can be used to find the focus of the question.
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1 Introduction

Data mining aims at discovering previously unknown and po-
tentially useful information from large collections of data.
The discovered knowledge, in the form of patterns, is ex-
tracted without any extra information about data. A pattern
is a representation of a concept (rules describing properties
of data, clusters in databases, etc.) that generalizes some data
in a database.

Imielinski and Mannila [Imielinski and Mannila, 1996]
designed a data mining formalization framework named in-
ductive database (IDB). The main goal of IDBs is to man-
age knowledge discovery applications just as database man-
agement systems successfully manage business applications.
IDBs contain patterns in addition to data. The data mining
process is modeled as an interactive process in which users
can query data as well as patterns. IDBs represent also a good
way to take advantage of the efficiency of database algorithms
by using jointly data mining and database algorithms.

Some IDBs implementations [Lee and De Raedt, 2003] use
sequences of symbols as data and complex sequences of sym-
bols as patterns (sequences with gaps). In many problems one
often needs to discover patterns which are more sophisticated
than a simple sequence of symbols. To this end, we propose
to extend IDB patterns by adding numerical constraints. In
this proposal, the data are event sequences and the patterns
are chronicles. A chronicle is composed of events and numer-
ical temporal constraints, in the form of numerical intervals,
on delays between their occurrences. Figure 1 illustrates a
chronicle C; and an event sequence /1.

A chronicle is recognized in an event sequence as follows:
a set o; of events of the sequence [, instantiates the chroni-
cle C, if every event of C; is instantiated by an event of o;
respecting type and temporal constraints. A set o; is called a
chronicle instance of C;. For example, the event sequence Iy
has six instances of the chronicle C;: |Z¢, (11)| = 6.

2 Time in data mining

Several solutions have been proposed to tackle the problem
of time integration in data mining. Some pattern extraction
techniques use symbol ordering as a model of time. For in-
stance, Winepi and Minepi [Mannila et al., 1997] extract pat-
terns represented by serial or parallel sequences of symbols.
SegLog [Lee and De Raedt, 2003] extracts ordered sequences
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Figure 1: A chronicle C; of size 3: intervals labeling edges
represent bounds on the distance between event times as
—2 <tp—ta < 1. Right, 6 instances of C; in a sequence [;.

of symbols with gaps. Parallel and serial notions can also be
expressed in chronicles. In addition, they can state numerical
constraints on delay between events.

Time can be also represented by a special numerical at-
tribute. For instance, Yoshida [Yoshida et al., 2000] extracts
frequent itemsets containing a temporal feature. Their algo-
rithm extracts “delta-patterns” that are ordered lists of item-
sets with time intervals between two successive itemsets (as

for instance: 5y 2%, 212, 1 ) which specify the

numerical temporal constraints between the itemsets. How-
ever, interval bounds of delta-patterns are always positive
whereas interval bounds of chronicles can be negative.

Our goal is to discover chronicles that are frequent in some
event sequences and infrequent in other ones. For instance,
let I3 and I3 be the event sequences of figure 2. A complex
query such that freq(C,l2) > 3 A freq(C,l3) < 1 asks for
the set of chronicles that are frequent in /5 and infrequent in
I3 according respectively to thresholds 3 and 1. Chronicles
Cs and C¢ (fig. 2) satisfy this query because both cover three
instances in [, and only one in /3.

[0,3] [2,3]
Ct6= A—>B,Cs= A—B

......................

........
A B A A B A A

b:BAA BA BA BB A 5: B
|\\
0

\\\\lwwwwlwwwwl
5 10 15

\lwwww
0 5 10

Instances of Cg or C in Is:

{((4,2),(B,5)),((4,6), (B,8)),((4,9), (B,12))}
Instance of Cs or C inls: {((A,7),(B,10))}

Figure 2: Chronicles search under frequency constraints
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Furthermore, we introduce a generality relation between
chronicles: a chronicle C is more general than a chronicle C’
(noted C C C’) if there is a match between C and C’ such that
every event of C is matched to an event of C’ and the temporal
constraints of C contains the corresponding constraint in C’.
Thus, we can note that C¢ C Cg (fig. 2) and that there is no
solution chronicle more specific than Cs or more general than
Ca.

3 Frequency of chronicles in a sequence

The most used interest measure for patterns mining is based
on frequency. The use of a generality relation makes chron-
icle search based on frequency easier, but only on the con-
dition that constraints on frequency satisfy monotonicity or
anti-monotonicity properties. Let C be more general than C’.
The threshold constraints on frequency satisfy one of these
properties if the frequency of C is equal or greater than the
frequency of C’ in an event sequence. To ensure these proper-
ties for some frequency measure, we introduce a recognition
criterion @ that specifies how instances of some chronicle are
selected in a sequence and consequently how the frequency
of this chronicle is computed.

Some recognition criteria have been defined in the liter-
ature. The minimal occurrences criterion [Mannila et al.,
1997] selects all the shortest instances of an episode (a
partially ordered collection of events occurring together).
The earliest distinct instances criterion, Q.gq [Dousson and
Duong, 1999], selects all the instances such that two instances
of a same chronicle have no common events and occur as
early as possible in the event sequence according to a total
order on instances. Let freq@«a(Cy, ;) be the frequency of
C, computed on the event sequence /1 (fig. 1). The recog-
nition criterion Q.4 recognizes the set of instances £ =
{01, 03,06} and the value of freq@-«4(Cy,1;) = |E| = 3.

4 Queries on event sequences

Let P and NV be two sets of event sequences and T be a set of
frequency thresholds. Every event sequence [ has a threshold
T;. If [ is an element of P (resp. N) then T} is a minimum
(resp. maximum) frequency threshold. Our goal is to extract
some phenomenon in the form of chronicles. These are fre-
quent in at least one event sequence of P and infrequent in
every event sequence of N. A query has the general form:

Qu(P,N,T) =(3l € P, freq®(C,1) > Ti)A

(VI € N, freq®(C,1) < T) @

The computation of frequent and maximally specific
chronicles, Fmc® (1, T}), in an event sequence [ according to a
threshold T; is performed by the levelwise algorithm of FACE
[Dousson and Duong, 1999] that we have adapted to the task.
The method consists in computing all the Fmcs from the dif-
ferent event sequences separately (with FACE), memorizing
them, and merging them to get the solutions of the query:
this method is efficient if we consider a set of queries that use
the same sets 7" and (P U V). We use Mitchell’s algorithm to
merge these Fmcs. This algorithm is extensively used to com-
pute the version spaces of symbol sequences [De Raedt and
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Kramer, 2001]. It computes the bounds of the version space
from a conjunction of constraints. Query (1) is rewritten in
such a way as to use Mitchell’s algorithm:

Qu(P,N,T) = \/ (C CB /\

BeFmMc® (p,T) BeFmc® (N, 1)

czE)

)

where Fmc? (E, T) = U,y FMC? (1, T)).
For each chronicle from Fmc® (P, T'), the version space of
a conjunction of constraints is computed by Mitchell’s algo-
rithm. The union of these version spaces gives the solutions
set to query (2). One of the main interests of this method is
that it needs to compute only once the Fmcsin each sequence.

5 Conclusion

We have presented an original method that extracts temporal
information in the form of patterns named chronicles. These
patterns use numerical temporal constraints on events. Fur-
thermore, they provide a way to express sequentiality and
parallelism between events and they generalize temporal pat-
terns used by Mannila and De Raedt [Mannila et al., 1997;
Lee and De Raedt, 2003], among others. Chronicles are ex-
tracted by querying an IDB that contains event sequences
and chronicles. The user sets the minimum or maximum fre-
guency thresholds of searched chronicles in event sequences.

Our contribution introduces the notion of recognition cri-
terion that generalizes the specification of pattern frequency
computation on temporal data. Furthermore, we use a gen-
erality relation on chronicles that enables us to adapt version
space algorithms to manage numerical temporal constraints.
These algorithms require the prior computation of frequent
and maximal chronicles for each event sequence used in the
query. This computation is performed by a data mining tool
that we have adapted to the task. Our approach can compute
the complete and correct set of solutions.
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Abstract

This paper proposes a novel approach to discover
simultaneous time differential law equations hav-
ing high plausibility to represent first principles un-
derlying objective processes. The approach has the
power to identify law equations containing hidden
state variables and/or representing chaotic dynam-
ics without using any detailed domain knowledge.

1 Introduction

A set of well known pioneering approaches of scientific law
equation discovery is called BACON family [Langley et al.,
1987]. They try to figure out a static equation on multiple
quantities over a wide state range under a given laboratory ex-
periment. Some approaches introduced unit dimension con-
straints and “‘scale-type constraints” to limit the search space
to mathematically admissible equations reflecting the first
principles [Falkenhainer and Michalski, 1986],[Washio and
Motoda, 1997]. Especially, the scale-type constraints have
wider applicability since it does not require any unit informa-
tion of quantities. Subsequently, LAGRANGE addressed the
discovery of “simultaneous time differential law equations”
reflecting the dynamics of objective processes under “passive
observations” where none of quantities are experimentally
controllable [Dzeroski and Todorovski, 1995]. Its extended
version called LAGRAMGE introduced domain knowledge
of the objective process to limit the search space within plau-
sible law equations [Todorovski and Dzeroski, 1997]. Ex-
tended IPM having similar functions with LAGRAMGE fur-
ther identified plausible law equations containing “hidden
state variables” when the variables are known in the domain
knowledge [Langley et al., 2003]. PRET identified “chaotic
dynamics” under similar conditions with these approaches
where rich domain knowledge is available [Bradley et al.,
1998]. However, scientists and engineers can develop good
models of the objective dynamics without using the discovery
approaches in many practical cases when the detailed domain
knowledge is available. Accordingly, the main applications
of the discovery approaches are to identify simultaneous time
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differential equations reflecting the first principles under pas-
sive observation and “little domain knowledge.”

In this paper, we propose a novel approach called SCALE-
TRACK (SCALE-types and state TRACKing based discov-
ery system) to discover a model of an objective process under
the following requirements.

(1) The model is simultaneous time differential equations
representing the dynamics of an objective process.

(2) The model is not an approximation but a plausible can-
didate to represent the underlying first principles.

(3) The model is discovered from passively observed data
without using domain knowledge specific to the objec-
tive process.

(4) The model can include hidden state variables.

(5) The model can represent chaotic dynamics.

2  Outline

2.1 Basic Problem Setting
We adopt the following “state space model” of objective dy-
namics and measurements without loss of generality.

fx(t) +v(t)
Cz(t) + w(t)

i(t) =
y(t) =

where the first equation is called a “state equation” and the
second a “measurement equation.” x is called a state vec-
tor, f(x) a system function, v a process noise vector, y a
measurement vector, C' a measurement matrix, w a measure-
ment noise and ¢ a time index. f(x) is not limited to linear
formulae in general. C' is represented by a linear transfor-
mation matrix, since the measurement facilities are artificial
and linear in most cases. If C is column full rank, the val-
ues of all state variables are estimated by solving the mea-
surement equation with . Otherwise, some state variables
are not estimated within the measurement equation, and these
variables are called “hidden state variables.” In the scientific
law equation discovery, f(x) is initially unknown, and even
@ is not known correctly. Only a state subvector ’(C x)
and a submatrix C’(C C) are initially known. To derive C
from C’, SCALETRACK must identify the dimension of x
at first. Then, it searches plausible candidates of f(x) from
the measurement time series data.

(v(t) ~ N(0,%,)), and
(w(t) ~ N(0, ),
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2.2 Entire Approach

The entire approach of SCALETRACK is outlined in Fig-
ure 1. Given a set of measurement time series data, the di-
mension of  is identified through a statistical analysis called
“correlation dimension analysis” [Berge et al., 1984]. For
each element of y, its time trajectory is mapped to a phase
space constructed by time lagged values of the element, and
the degree of freedom, i.e., the dimension of x, embedded in
the time trajectory is estimated by computing the sparseness
of the trajectory in the space.

Once the dimension is known, all possible combinations
of scale-types of the elements in x are enumerated based on
scale-type constraints, the known measurement submatrix C'’
and the scale-types of the elements in y. The representative
scale-types of quantities are ratio scale and interval scale. The
examples of the ratio scale quantities are physical mass and
absolute temperature where each has an absolute origin, while
the examples of the interval scale quantities are temperature
in Celsius and sound pitch where their origins are not abso-
lute and arbitrary changed by human’s definitions. Due to
these natures, the quantitative relations among the quantities
are strongly constrained [Luce, 1959], and these constraints
are used to determine the scale types of the elements in
from y. After every combination of the scale types in x is
derived, the candidate formulae of a state equation are gener-
ated for each combination based on “Extended Product The-
orem” [Washio and Motoda, 1997] limiting the admissible
formulae of the equation based on the scale-type constraints.

Subsequently, through a set of state tracking simulations
called “SIS/RMC filter” on the given measurement time se-
ries data, the parameter values and the states in every candi-
date state equation are estimated [Doucet €t al., 2000]. This
state tracking has many advantages comparing with the other
nonlinear state tracking approaches such as the conventional
Extended Kalman Filter [Haykin, 2001] and the qualitative
reasoning based PRET [Bradley et al., 1998]. The former us-
ing the linearization of the state equations does not work well
when the equations include some singular points and/or some
state regions having strong sensitivity to the tracking error.
The latter faces a combinatorial explosion of qualitative states
when the dimension and/or the complexity of the state space
structure are high. In contrast, SIS/RMC filter does not re-
quire any approximation to be spoiled by the singularity and
the strong nonlinearity, and does not face the combinatorial
explosion of the states to be considered, because it tracks the
state probability distributions by using its direct and sequen-
tial Monte Carlo integration within Bayesian framework. In
our approach, the estimated parameter values are rounded off
to integers when the values are close enough to the integers
within the expected estimation errors, since the parameters
tend to be integers in many physical processes. Finally, some
state equations providing highly accurate tracking in terms
of “Mean Sguare Error (MSE)” are selected as the plausible
candidates of first principle based and dynamic state space
models of the objective process.

2.3 Implementation

The evaluation of candidate state equations by the SIS/RMC
filter is the most time consuming step. Any search can not
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Figure 1: Outline of Entire Approach.

Table 1: Basic Performance.

case v ct (h) ow (%)
(0w = 1.0%) 0105102050
RR 2.21 1.5 + + + + —
RRH 2.21 5.5 + + — — —
RI 2.19 40 | + + + + -
RIH 2.19 5.5 + + — — —

be skipped, since the search space is nonmonotonic. We ex-
perienced that one run of stand alone SCALETRACK to dis-
cover a simple state equation took more than a month even
if we used an efficient algorithm. Accordingly, the current
SCALETRACK introduced a simple grid computing frame-
work using a PC cluster consisting of a control server and
10 personal computers where each has an Athlon XP 1900+
(1.6 GHz) CPU and 2GB RAM. The server computes the first
three steps and then allocates the task to evaluate 10% of can-
didate state equations to each computer. Because this task is
mutually independent, and occupies the most of computation
in SCALETRACK, this implementation accelerates the run
speed almost 10 times.

3 Result

3.1 Basic Performance Evaluation

The evaluation is made in terms of scale-types of state vari-
ables, hidden state variables and measurement noise levels by
using the following two dimensional artificial formulae.
Lo (t z1(t)z2(t) } RR,
T2

—~
~
~——

—0.5.T2(t)

where y; = x1 and yo = x» are ratio scale.

0.4$1 t Ir2 t 0.2
_0.1(23@) St)ots) : }RI’
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Figure 2: An Attractor of Altered Rossler Chaos.

where y; = x; is ratio scale and y» = x interval scale.
Table 1 shows the evaluation result. All state variables are
observed in RR and RI. Whereas, the measurement variable
Y= is not available in RRH and RIH respectively, and hence a
hidden state variable exists in these cases. The correlation di-
mension analysis properly estimated the dimension v of state
vectors as nearly 2 in each case. The computation times ct
required for RRH, RI and RIH were longer than that of RR,
because the variety of admissible formulae containing inter-
val scale variables is larger than that of ratio scale variables.
The result in that the formula having the correct shape is top
ranked by the accuracy is marked by +. If the correct for-
mula is derived within the top five solutions, it is marked by
=+, otherwise it is marked by —. The table shows that almost
0w = 2.0% relative noise is acceptable for no hidden state
cases, while noise less than 1.0% is required for hidden state
cases. Since 0.5 —2.0% noise is the most widely seen in many
applications, the performance of SCALETRACK is practical
for no hidden state cases and some hidden state cases.

3.2 Discovery of Chaos

The state equation to be discovered is the following Altered
Rossler Chaos equation.

i‘l = —X3 — I3, .’i’g =T + 0.36.1’2, and

This has an attractor in a (1, 2, ¥3)-phase space as depicted
in Figure 2. All state variables are interval scale, and can
be measured through the corresponding interval scale mea-
surement variables respectively. v = 3.33 was obtained in
the correlation dimension analysis, and hence the state equa-
tions consisting of three state variables were searched. The
required computation time was 15.0 hours, and the following
most accurate state equation was resulted. This formula has
an identical shape with the original except some discrepan-
cies of coefficients. This indicates the high ability of SCALE-
TRACK to discover the Chaotic dynamics reflecting the un-
derlying first principles.

Ty = —x9 —x3, Z2=x1 + 0.33z2, and
By = 0.064(z1 — 6.34) (21 + 100225 — 4.75).

4 Conclusion

SCALETRACK achieved three advantages which have not
been addressed in any past work of mathematics, physics and
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engineering not limited to scientific discovery. The first is the
discovery of simultaneous time differential equations having
plausibility to represent first principles. The second is the dis-
covery of hidden state variables. The third is the discovery of
chaotic dynamics. These discoveries are done without using
detailed domain knowledge. These advantages are essentially
important in many scientific and engineering fields due to the
wide existence of such dynamics in nature.
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Abstract as a rough ensembile illustration. Thus, by sharing only lo-
cal model parameters for global analysis, the degree of data
. - S . privacy preservation and the bandwidth requirement in a dis
tributed data analysis, achieving highly accurate  iip, \tat environment can readily be controlled. In thisezap
global data analysis results with local data privacy an EM-like algorithm is proposed for learning a global GMM

preserved becomes an increasingly important re-  gire iy from the aggregated version of the local abstomsti
search issue. In this paper, we propose to adopt a

model-based method (Gaussian mixture model) for .
local data abstraction and aggregate the localmodel 2 Problem Formulation
parameters for learning global models. To support .
global model learning based on solely local GMM 2.1 Local Data Abstraction
parameters instead of virtual data generated from | et¢; ¢ R? denote an observed data instanjeenote the
the aggregated local model, a novel EM-like algo-  parameters of thé” local model (GMM) as the abstraction
rithm is derived. Experiments have been performed  of the " source. The probability density function of tké&
using synthetic datasets and the proposed method |gcal modelp;,cqi (t:]6;) with K; components is given as,
was demonstrated to be able to achieve the global

Due to the increasing demand of massive and dis-

model accuracy comparable to that of using the data Piocat(ti]01) = Zﬁl a;ip;(ti|0is) ‘f{;l aj =1
regeneration approach at a much lower computa- p;(t:165) = (2m) " 2|07 % exp{ =4 (t: — puy) TS (b — ) -
tional cost.

_ L sets of local GMMs’ parameter§f,, 6, ...,0.} ob-
1 Introduction tained by performing local model-based density estimation

Most machine learning and data mining algorithms work with(€-9-» the EM algorithm) are sent to a global server to learn a

a rather basic assumption that all the data can first be poolgdoPal data model.

together in a centralized data repository. Recently, thrist i

a growing number of cases that the data have to be physicalig-2 Learning Global Model Parameters

distributed due to some practical constraints, such asa@yiv \ve start the derivation of our learning algorithm by consid-

concems. The need to tackle them calls for the recent régring first the conventional setting of the Expectation Maxi

search interest in distributed data mining. ___mization (EM) algorithm. LeRR;;, denote the estimated indi-
A common methodology for distributed data mining is to cator for thek' component of the global model generating

first perform local data analysis and then combine the r®sultine ;th data instance.

to form a global onéKarguptaet al., 200d. One major lim-  AssumenR;, is now a new indicator for th&" local com-

itation is that local analysis may result in loss of informa- ponent with its underlying data to be generated by &

tion for global pattern discovery. IfZzhanget al., 2004,  global component and;;. denotes the average estimate of

a model parameter exchange approach was proposed 10 iffljg probability that data instances from e local compo-

prove the global model accuracy, which however is not }
generic methodology which can easily be generalized to di?rﬁgagé%?fggrated by the" global component. By approx

ferent types of global models. An alternative is to adopt a
flexible enough model for local data abstraction and have _ D icithsource Rk
the subsequent analysis based on the local model parameters Raw ~ R = =——g— @
which is what we adopt in this paper.

As inspired bylMerugu and Ghosh, 2003Gaussian mix-  whereN; denotes the number of data from tfe source, the
ture model (GMM)Bishop, 1995is chosen for the local data
abstraction. Via different parameter settings, GMM can in-  Note that we abuse the indeX to refer to one local component
terpolate a set of data with more detailed information a$ welof the aggregated local model.
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new M-steps become
L 100
R 20 2
e = M akr =T Zle Ry sotk N
EZ:LI Ry (2) 70 \\\
21:1 Ry (S1+mnd) T = L
Y = T — Kkl - g 50 T
Zl:l Bk 2 :: - ~
KL-divergence is adopted to compuk&;, (E-step), resulting - ~— E=runl—~
in " e
R — exp{=D(Pgioval (t|Pk)|Procar (t161))} 110 20 3 4 0 T:Dm:D ':Inblenmpw‘ns
" Zi1 exp{—D(pgiobal (t|#i)|IProcar (t61))} @)
whereD(P||Q) denotes the KL-divergence between the two _
probabilistic models? and(@, which can be derived as (a) The KL-divergence of the model learned us-
. ing the proposed method with different numbers of
In Izlli1 + %(trace(Elek) + (e — ML)TZl—l(/“ — ) — ). components of the global model.
[Zg]2 )
3 Experiments
. . . - »
Experiments have been performed using synthetic data sets -
for performance evaluation. Four data sets (as ground)truth o * * -
were generated using known mixture models with 4, 5, 6 and = lﬂ;“
7 components, respectively. The data instances were then - » ’q; - "
randomly partitioned as four sources and local GMMs were * - =
learned via the conventional EM algorithm for each source.
Two global models were trained, one using the proposed

method and one using the conventional data regeneration ap-
proach. As shown in the Table 1, the proposed method can

achieve a speedup factor ranging from 1.5 to 257 with highly f)b) GdMM i"’oiéhl 10 | Cgmpone“ts Iearnedt
comparable model accuracy. ased on ocal Gaussian components

for the aggregated local model.

Table 1: Comparing the global models learned using the pro-

posed method and the data regeneration methodi¢gotes Figure 1: Experimental results with a sizeable dataset.
the true data model with components).

time/speedup| log-like./diff. | mean/diff. | KL

g4 2 0.09s/1.5 -1470.2/+2 | 3.7/-0.03 | 0.43 the global mediator and the local data sources for compro-
3: | 0.22s/1.8 | -1169.4/-70.9] 1.0/-0.03 | 0.12 mising individual local data sources’ privacy levels can be
g5 2:| 133s/33 | -1850.6/-17 | 3.2/-0.02 | 0.21 adopted to improve the global model accuracy.
3: 8.11s/162 -1898.5/-67 | 4.1/+0.04| 1.31
4. 10.3s/257 -1788.4/+1 | 3.3/+0.02 | 3.66
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Abstract sharing information. However, where agents utilize défer
) ) sets of messages, and do not fully understand one another,
We present the problem of learning to communi-  es5age-passing alone is not enough. Rather, agents need to
cate in decentralized and stochastic environments, |4 how tarespond to the messages that are passed between
analyzing it formally in a decision-theoretic context them—in a sense, learning what those messages.

and illustrating the concept experimentally. Our ap-

proach allows agents to converge upon coordinated ~ Definition 1 (Translation). Let ¥ and X' be sets of mes-
communication and action over time. sages. Atranslation, 7, betweenX and X’ is a probabil-

ity function over message-pairs: for any messages’,
) 7(0o, o’) is the probability that ando’ have the same mean-
1 Introduction ing. 7ot 1, is the set of all translations betweErandy'.

Learning to communicate in multi-agent systems is an emergagents may need to consider multiple possible translations
ing challenge Al research. Autonomous systems, developegetween messages; that is, agents possess beliefs as kb whic
separately, interact more and more often in contexts like di translation is correct given their present situation.

tributed computing, information gathering over the ingdrn Definition 2 (Belief-state). Let i ts of
and wide-spread networks of machines using distinct protoR€finition 2 (Belief-state). Let agentsa;, ap USE Sets 0
cols. As aresult, we foresee the need for autonomous systerfless.agegjl’ 2. A belief-state for a; is a probability-
that can learn to communicate with one another in order t unction 3; overtranslatlon-setzhzj (¢ # 5). For translation

achieve cooperative goals. We make some first steps towards€ 7s, 5, 5:(7) is the probability that is correct.

solving the ?tte”da”‘ problems. L . Updating beliefs about translations is thus an important

Coordination among agents acting in the same environg, . of the overall process of learning to communicate.
ment while sharing resources has been studied extensivelyyents act based upon local observations, messages rceive
particularly by the multi-agent systems community. While ny o\ rent peliefs about how to translate those messages.
such coordination may involve communication, typically their actions lead to new observations, causing them to up-
there is no deliberation about the value of communicationyata peliefs and translations. The procédure governirggthe
resulting in systems with no communication or ones a”OW'updates comprises the agenkimguage-model, a function
ing free communication of well-understood messages. Iy actions, messages, and observations to distributizers
contrast, we study decentralized systems that requiret®igeny nqjations. Such models may be highly complex, or difficul
to adapt their communication language when new situation, ¢ompute, especially where languages are complicated, or
arise or when mis-coordination occurs. the environment is only partially observable. Here we con-

. . centrate upon special—but interesting—cases for which gen-

2 The Decentralized Learning Framework erating these probabilities is much more straightforward.

We study the problem in the contextddcentralized Markov )
Decision Processes [Bernsteinet al., 2009 with communi- 3 Formal Properties of the Problem

cation (Dec-MDP-Com). Such a process is a multi-agent exgr main formal results isolate conditions under which Dec-
tension of a common MDP in which each agentobserves  \1pp_coms reduce to simpler problems, and present a proto-

only its own local portion of the state-space, and can attemp. for earning to communicate in such reduced problems.
to communicate with others using the set of messages

Decentralization makes Dec-MDPs, with communication orReduction to MMDPs

not, significantly harder to solve than regular MDPs; foiithe Boutilier [1999 definesmultiagent MDPs (MMDPS), con-

complexity properties, sd&oldman and Zilberstein, 20D4  sisting of a set of agents operating in a fully- and commonly-
If agents in a system share the same language, optimal lirebserved environment; transitions between states in tivat e

guistic action is a matter of decidirvghat andwhen to com-  ronment arise fronjoint actions of all agents, and a common

municate, given its cost relative to the projected benefit ofeward is shared by the system as a whole. While we can
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Figure 1: Reward accumulated as language is learned.

calculate an optimal joint policy for such a process offline,
this is not the same thing asplementing it. Unless agents
can coordinate their actions, there is no guarantee of #yoin
optimal policy, since communication is not allowed, or is un
reliable. Boutilier thus defineordination problems, which

Claim 2. Given an infinite time-horizon, agents acting ac-

cording to the elementary action protocol in a suitable Dec-
MDP-Com will eventually converge upon a joint policy that

is optimal for the states they encounter from then on. O

4 Empirical Results and Conclusions

To explore the viability of our approach, we implemented our
language-learning protocol for a reasonably complex (fiut s
suitable) Dec-MDP-Com, involving two agents in joint con-
trol of a set of pumps and flow-valves in a factory setting.

Our results show the elementary protocol converging on
optimal policies in a wide range of problem-instances. Fig-
ure 1 gives an example, for a problem-instance featuring 100
vocabulary-items for each agent, showing the percentage of
total accumulated reward, and total shared vocabulargcit e
time-step in the process of learning and acting. As can be
seen, the learning process (top, dotted line) proceeds quit
steadily. Reward-accumulation, on the other hand, grows
with time before finally stabilizing. Initially, languagedrn-

arise when agents may each take an individual action that {§'9 outpaces reward gain given that knowledge, as agelits sti

potentially optimal, but which combine in sub-optimal fash

ind many of the other’s actions and observations hard to de-

ion. We show that certain, putatively more complex Dec-termine. As time goes on, the rate of accumulated reward nar-
MDP-Coms in fact reduce to MMDPs for which such prob- "OWS this gap considerably; agents now know much of what

lems do not arise. This is notable, as Dec-MDPs are generalij?€y need to communicate, and spend more time accumu-
intractable, while MMDPs can be solved efficiently. ating reward in familiar circumstances, without necesgar

o . . learning anything new about the language of others.
Definition 3 (Fully-describable). A Dec-MDP-Com isfully- These experimental results conform with intuition, show-

describable if and only if each agent; possesses a language jng that while a small amount of language learning doeslittl
%, thatis sufficient to communicate botta)@ny observation 1o help agents in choosing their actions, they are capable of
it makes, andt) any action it takes. very nearly optimal action even in the presence of an under-
Definition 4 (Freely-describable). A Dec-MDP-Com is standing that is still less than perfect. This opens the door
freely-describable if and only if for any agenty; and mes-  for further study into approximation in these contexts. We
sager € X;, the cost of communicating that message is 0. continue to investigate and compare other approaches to the

Claim 1. A Dec-MDP-Com is equivalent to an MMDP with- Problem, including analysis of the differences betweerspos
out coordination problems ifa it is both fully- and freely- ble optimal offline techniques and online learning methods.

describable; andf agents share a common language. [J
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1 Introduction 10

This work presents a study on the effects of different mem-
ory sizes in the Minority Game (MG) market mod&hang,
1999. We analyse the effects on an agent's performance
when this agent is endowed with a different memory size with
respect to other agents in the game. Our aim is to identify in «~ 107
which situations a large or small memory might be advanta- ©
geous in the game. From the obtained results we argue that
there exist convergence to and evolutionary stability around

certain memory sizes and we consider an evolutionary setup
which confirms our hypothesis. 1

The MG is defined as an odd number of age3 (hich 10 ‘ L
must choose at each turn of the game whether they will be in 1 2 3 4 5678 1012 15
one of two possible groups. After all agents have made their ) . M _
choices, agents in the minority group are rewarded. In order Figure 1: Variance versus memory size

to make a decision, agents use an inductive learning algorithm

in order to try to exploit patterns from previous outcomes.efficiency. We are interested in the target-agent’s success rate
The number of past turns that agents consider to decide dgnumber of correct decisions over total number of rounds).
fines theimemory siz¢M). S _ Figure 2 shows the success rate for different values: of

_ One of the main properties in a MG is gfficiencywhich — for the environment in the inefficient regiod{ = 3). It

is evaluated by the statistical variane€) of the number of s shown that the target-agent with larger memoriesperforms
agents in a groupMoro, 2004. Efficiency is known to be  petter than average. This agrees with the common belief that
a function of a control parameter = % [Manucaet al, having access to more information is beneficial. Figure 3
2004. For N fixed, M becomes the main control parame- shows that this is not always the case. Bér= 6 the en-

ter of the game. Figure 1 shows$ for a range of memory vironment is now in the efficient region and increases in the
sizes. Three regions are observed: (i) for smdlivariance target-agent's memory size does not translate into better per-
is very high, above the expected for the random case ganfermance. Actually, having access to more information is
(which we will call inefficient region); (i) for high values of shown to benarmful

M, variance is exactly the one expected for the random case Finally, we have simulated our target-agent in the random
game (random case region); (iii) for intermediatethe sys-  case region. We have observed that the target-agent showed

tem presents small variances (efficient region). no gains or losses of performance throughout all values.of
This is mainly due to the fact that if agents are acting as if

2 Memory Size and Performance they were choosing randomly, as is the case in this region,
then there will be no pattern in the outcome time series to be

Firstly, we tackle thelesignaspects of agents by askingdpat loited
is the best memory size for an agent immersed in a MG wher%)(p.0 ' . . )
agents have a different memory si2&e do so by modify- Figure 4 depicts the gam]i’}%q;t) of a target-agent with

ing the typical MG setup, defining two basic elements: (i)one more bit of memory than the environment for a range of
the environmenta classical MG with an even numbeN)Y M (i.e. m = M + 1 for all M). We notice that gains are

of agents; (ii) aarget-agentendowed with a possibly differ- reduced as the system approaches the efficient region and in-
ent memory sizerf) from that in the environment. We have deed become smaller than unit for evédy in the efficient
simulated different target-agents within environments in allregion, reapproching unit when closer to the random case re-
3 efficiency regions, takingv as a large value, so that the gion. It is only in the inefficient region that gains become
target-agent plays no role in the determination of the game’targer than unit and agents with more memory are able to
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Figure 2: Target-agent's success rate in the inefficient region. Figure 4: Gain of a target-agent with m=M+1.
Dashed line is the average success rate of the environment.
054 : : : A mutant agent with larger memory would be penalized, but
one with smaller memory would perform just as well and
0.52 we could expect that memory sizes would end up being dis-
tributed throughout values below/. However, this would
2 05 | result in a reduction of the average memory size, causing
” the system to move towards the inefficient region and mak-
A ing larger memories harmful, thus creating a new upper limit
8 in memory size. The process continues uifj is reached.
3 We may say that\/, is not only evolutionary stableas
no mutant agent can do better than the agents already in the
0.44) | environment at this point, but it is also aftractor of mem-
ory sizes in the efficient and inefficient regions. By starting
0.42 ‘ ‘ ‘ ‘ in any point in these regions, the system is expected to con-
2 4 ?n 8 10 verge toM,. This reasoning was indeed confirmed by sim-

ulations. However we did not have a convergence towards

My = 4 as it would be expected by analysing the traditional
G (see Fig. 1). We have observed an initial “arms race” of
emory sizes up td/ = 4 and then a fall towards a final

equilibrium atM = 1. This may be explained if we consider

Shat two adaptations happen, adaptation of memory size and

adaptation of strategies, for when an agent modifies her mem-

. . ory size she also modifies her strategies. Since the strategies

3 Evolution of memory size space is much larger than the memory sizes space, adaptation

Now we apply our results in an evolutionary setup, in a MGOf the latter is faster. Thus, at the beginning of the simulation

where mutant agents - endowed with slightly different mem-we indeed havél/, = 4 and, as strategies adapt, a different

ory sizes - may appear and replace badly performing agentgynamics emergbAraljo and Lamb, 2004 with a different

Let the system be initially in an inefficient phase. Our ex-Vvalue of M. .

periments have shown that an agent with a larger memory Acknowledgments This work was partly supported by CAPES,

would be able to exploit the environment in this region while ©NPd and FAPERGS, Brazil.

smaller memories provide no benefits. Thus, agents with

larger memories would be able to survive and average menfR€ferences

ory size would increase until the point where further increase§Aratjo and Lamb, 2004 R. M. Aralijo and L. C. Lamb. Towards

lead to no gains. This happens when the system enters the ef- understanding the role of learning models in the dynamics of the

ficient region.M, denotes the memory size in which the sys-  minority game. InProc. of 16th IEEE ICTAI 20Q4pages 727—

tem first becomes efficient. The system cannot move beyond 731, 2004.

My, as larger memories would cause harm to the mutant’$Manucaet al, 2004 R. Manuca, Y. Li, R. Riolo, and R. Savit. The

performance. In addition, the system cannot move towards structure of adaptive competition in minority gaméysica A

lower memory sizes: whenever a sufficient number of agents 282:559, 2000.
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Figure 3: Target-agent’s success rate in the efficient region.

exploit the environment. Interestingly, the same experimen
repeated having: = M — 1 shows thasmallermemories
makes no difference to the target-agent’s performance, it b
comes the same as the environment'’s average.
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Abstract

Vickrey-Clarke-Groves (VCG) mechanisms are a
framework for finding a solution to a distributed
optimization problem in systems of self-interested
agents. VCG mechanisms have received wide at-
tention in the Al community because they are ef-
ficient and strategy-proof; a special case of the
Groves family of mechanisms, VCG mechanisms
are theonly direct-revelation mechanisms that are
allocatively efficient and strategy-proof. Unfortu-
nately, they are only weakly budget-balanced.

We consider self-interested agents in a network
flow domain, and show that in this domain,
it is possible to design a mechanism that is
both allocatively-efficient and almost completely
budget-balanced. This is done by choosing a mech-
anism that is nostrategy-proofbut ratherstrategy-
resistant Instead of using the VCG mechanism, we
propose a mechanism in which finding a beneficial
manipulation is an NP-complete problem, and the
payments from the agents to the mechanism may
be minimized as much as desired.

Mechanisms for Network Flow

only requires that even if an agent is given the reported types
of the other agents, it has a computationally intractable prob-
lem to solve if it wishes to find a beneficial manipulation (i.e.,
report a false type to the mechanism to gain higher utility).

In this work, we consider the domain of network flows.
In that domain, the edges of a network flow belong to sev-
eral self-interested agents. Each agent reports its edges to the
mechanism. The mechanism is then required to choose a flow
from the source vertex to the target vertex. Agents gain utility
from flow units on their edges. Agents can lie, and declare a
subset of the edges they really own. This manipulation may
change the flow that the mechanism chooses, and agents may
try to take advantage of this. However, we show that it is
possible to use the fact that agents have computational lim-
itations and are not unboundedly rational, so as to construct
mechanisms with beneficial properties.

1.1 Self-Interested Network Flows

We explore the problem of designing a mechanism for
bounded-rational agents in a distributed flow problem. We
demonstrate that for this domain, we can find a mechanism
that is allocatively-efficient-budget-balanced, and strategy-
resistant. This means that if we assume the agents are
bounded-rational and would not try to manipulate the mech-
anism if such manipulation is an NP-complete problem, they

Mechanisms face the problem of finding a system-wide sowould all truthfully report their preferences. Once the mech-

lution to an optimization problem based on private informa-anism gets their true preferences, it chooses the outcome that
tion given by self-interested agents. A well-known solution tomaximizes total utility of the agents. To achieve this truth-
such problems in the case of quasi-linear preferences is théilness, the mechanism requires payments; however, the total
of Groves mechanisms. A special case of the Groves famsum of these payments can be minimized as much as required.
ily of mechanisms are VCG mechanisms, which are budget- We now present the self-interested layered-graph network
balanced, allocatively-efficient, and strategy-proof. flow problem. Consider a flow network on a layered graph.

A significant disadvantage of VCG mechanisms is that theyVe have a graplix =< V, E >, with source vertex and
are onlyweaklybudget-balanced. We would in principle pre- target vertex. The vertices of the graph are partitioned into
fer a strongly budget-balanced mechanism, where the totar + 1 layers,Ly = {s}, L1,...,L,, = {t}. The edges only
sum of payments to the mechanism is ze}g; ¢;(§) = 0.  run between consecutive layers. We have a capacity function
Impossibility results [Green and Laffont, 19ﬁ7and [Hur-  ¢: E — R which is the maximal flow allowed on the edges.
wicz, 1973) show that in a quasi-linear environment, it is We also have a sdtof agents. Each agent controls a subset
impossible to achieve a mechanism that is strategy-prooff?; C E of the graph’s edges. No two agents control the same
allocatively-efficient, and strongly budget-balanced. edgeV,,; E; N E; = ¢.

We address this by slightly relaxing the strategy-proof re- The mechanism chooses a valid flow from to ¢.
quirement, replacing it witfstrategy-resistance A mecha- A valid flow is a function f E — R such that
nism is strategy-proof if the dominant strategy of each agenY (u,v)eef(u,v) < c(u,v), Yy wepf(u,v) = —f(v,u), and
is to reveal its true type to the mechanism. Strategy-resistancé,cy (s} ey f(u,v) = 0.
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Each agent values the flow according to the total flow gotion here, we do give some intuition about how it was con-
ing through its edges. Lett be the valid flow chosen by the structed. Given the original VERTEX-COVER instance, we
mechanism, andl; the set of edges ifi through which there  build a layer graph, where one of the agems, controls
is a positive flow:E; = {e € E | f(e) > 0}. We denote the all the edges between two consecutive layers. Each edge
set of4;’'s edges used in the floyby: E¢; = Ey N E;. The  A; owns corresponds to a vertex in the original VERTEX-
agent’s valuation of the flow is;(f) = ZeeEf L fe). COVER graph. The network flow graph is constructed so

When the mechanism is given the agents’ true typesthatin order ford; to maximize its valuation, it must declare
0 = Ey, Es,.. E;, we want it to choose the flow that @ subset of edges that isvartex coverof G. However, in

maximizes the total utility of the agents. The mecha-Order to minimize its payment to the mechanisi, must
nism would be allocatively-efficient if it choosef (9) =  choose as few edges as possible. If the payment consigant
argmax; Y, ZeeEf _f(e). In alayeredgraph the flow that Small enoughA,’s top priority is to make its chosen vertices

maximizes the sum of agents’ utilities is the maximal flow & Vertex-cover, and only then choosing as few edges as possi-
(proof of this is given in the full paper). Thus, if each agentble' This makes its preferred choice the minimal vertex cover

truthfully declares its subset of edges, the mechanism can ealf the original graph.

gﬁ?ﬁ? Egﬁﬁﬁn@fg_‘,’(g;”;}'g”cﬂi?hﬁ‘n"ﬁ‘x'ma' flow algorithm, such 2 Conclusions and Future Directions
As shown in the full version of this paper, a naive mecha-We have suggested a mechanism for the distributed network

nism for the self-interested flow problem, with no paymentsflow problem with self-interested agents. With a proper

to the mechanism, is not strategy-proof. An agent may dechoice of the payment constantfinding a beneficial manip-

clare a subset of the edges it controls, to change the flow thatlation is an NP-complete problem. Since finding a beneficial

the mechanism chooses to a flow that the agent values morénanipulation is intractable, we encourage agents to truthfully
report their preferences. In this case, the mechanism would

1.2 Self-Interested Network Flow Mechanism choose the result maximizing the sum of agents’ utilities, and

We assume quasi-linear utility. Each agent pays the mech?® have an allocatively-efficient mechanism. ;

anism a paymen;, and its util.ity isus(f) = vs(f) — ps Given somee > 0, we can make the mechanise

We now show tha;'by using a straighztforward Zpaymenlt.rule budget-balanced, by choosing a small enough payment con-
Stantc < m where n is the number of agents.

we make finding a beneficial manipulation NP-hard. The_ "
his way, all of the agents together pay less thanThe

ayment rule we use is simple: each agent pays the mecﬂ_- ) . . N ;
gniysm a constant of for eachpedge it degarespitxgwns. Let mechanism we have described is also individual-rational.

E! C E; be the subset of edges an agent declares it owng,"€réfore, in the domain of network flows, this achieves an
individual-rational, allocatively-efficieng-budget-balanced,

make sure the mechanism is individual-rational. The paymeri1d Strategy-resistant mechanism. The standard VCG solu-
p: gives the agent atility of 0 when the agent's valuation of tion in this domain would be only weakly budget-balanced,

the chosen flow is less than the payment to the mechanisrRUt Strategy-proof.

Assume thatd, knows £/, for all j # i. It can easily calcu- |mpossibility results[(Green and Laffont, 197and[Hur-

late the utility it would get by truthfully declaring all its edges. WicZ: 1978) indicate that no direct-revelation mechanism
How hard is it fori to find a subset of edges it could declare €0 achieve strong budget-balance without sacrificing either
to the mechanism so as to gain a higher utility? We define thallocative-efficiency or strategy-proofness. We believe that in

problem offindinga useful manipulation in the self-interested Many cases, trading strategy-proofness for strategy-resistance
network flow domain as follows. is a fair price to pay for achieving strong budget-balance.

FLOW-EDGE-SUBSET: We are given a layered graph . OUr ?tﬁ;e%y-rgsistanceh_r eﬁtedlon_ tg_e Worsthcase assump-
flow network, with the capacity function : £ — R, £.; ~ tions of NP-hardness, which only indicates that a certain

the declared edges of the other agents, Bndhe set of our problem hassome hard instances. A stronger notion of
edges. We are also given the constant the payment, and strategy-resistance could also require the manipulation prob-

: lem to have no approximation methods, that it be in some
we know that if we declare that we haweedges, our pay- . X L X
ment to the mechanism would g = ck. We assume the {Ihardert_cor‘rrpéexnyf_cl_a.?s, or'thalt Itt' be hﬁ:d to f&LW(nOtt].;JStt
mechanism prefers a maximal flow that maximipes util- etoris imal) (tanki'lcf!la nlﬁn'put"?‘ |on.f X |stwor co_nts ltutes a
ity of all the possible maximal flows. We are also given a''"St St€p In €stablishing the notion of strategy-resistance.

constantk, the target utility for4;. We are asked if there is References

a subset ofd;’s edgesE! C E;, such that the maximal flow
chosen by the mechanistfrs(E. ..., i1, EL, Eis1, .., E1) [Green and Laffont, 1947Jerry Green and Jean-Jacques

; e : % A Laffont. Characterization of satisfactory mechanisms for
gives A; a utility of at leastk: u;(f*,p;) = v;(f*) — p; = . .
the revelation of preferences for public goo@&&onomet-
Yeer,. , fle) = c|El| > k. P public g

) . . . , o rica, 45(2):427-38, March 1977.
A reduction, given in the full version of this paper, indi-

cates that FLOW-EDGE-SUBSET is an NP-complete prob-[HurWiCZ' 197% Leonid Hurwicz. On the existence of al-
lem. The reduction given is from a general VERTEX- location systems whose manipulative Nash equilibria are

COVER instance to a FLOW-EDGE-SUBSET problem pareto-optimal. Ir8rd World Congress of the Econometric
. : | Society (Unpublished1975.
Although we do not include the full details of the reduc-
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1 Introduction

The basic idea of the artificial social systems approach of
Shoham and Tennenholtz [1995; 1997] is to add a mecha-
nism, called a social law, that will minimize the need for both
centralized control and on-line resolution of conflicts. A so-
cial law is defined as a set of restrictions on the agents’ ac-
tivities which allow them enough freedom on the one hand,
but at the same time constrain them so that they will not inter-
fere with each other. Several variants have been introduced to
reason about the design and emergence of social laws. How-
ever, existing models of artificial social systems cannot be
used for the evolution of such systems, because these mod-
els do not contain an explicit representation of the social laws
in force. In this paper we use enforceable social laws [Boella
and van der Torre, 2005] to address the question how artificial
social systems can be extended to reason about the evolution
of artificial social systems.

2 Artificial social systems and social laws

Shoham and Tennenholtz [1995] introduce social laws in a
setting without utilities. They define also rational social laws
[Shoham and Tennenholtz, 1997] as social laws that improve
a social game variable. A game or multi-agent encounter is a
set of agents with for each agent a set of strategies and a util-
ity function defined on each possible combination of strate-
gies. We extend artificial social systems with a control sys-
tem, called a normative system, to model enforceable social
laws. Following Boella and Lesmo [2002], the normative sys-
tem is represented by a socially constructed agent called the
normative agent or agent 0. In [Boella and van der Torre,
2005], the normative system is represented by the set of con-
trol strategies of agent 0, but not by a utility function.

Definition 1 A normative game (or a normative multi-agent
encounter) is a tuple (N,R,S,T,U;,U;), where N =
{0,1,2} is a set of agents, R, S and T are the sets of
strategies available to agents 0, 1 and 2 respectively, and
Uy : RxSXT - RandUs : Rx SxT — IR are
real-valued utility functions for agents 1 and 2, respectively.

We use here as game variable the maximin value, following
Tennenholtz [2000]. This represents safety level decisions,
see Tennenholtz’ paper for a motivation.

Definition 2 Let R, S and T be the sets of strategies
available to agent 0, 1 and 2, respectively, and let U;
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be the utility function of agent i. Define U;(R,s,T) =
min,cger Ur(r,s,t) for s € S, and Uzx(R,S,t) =
min,eg ses Ua(r, s,t) for t € T. The maximin value for
agent 1 (respectively 2) is defined by maxsc s U (R, s, T') (re-
spectively max;c Uz(R, S, t)). A strategy of agent ¢ leading
to the corresponding maximin value is called a maximin strat-
egy for agent 4.

A social law is useful with respect to an efficiency param-
eter ¢ if each agent can choose a strategy that guarantees it a
payoff of at least q.

Definition 3 Given a normative game g =
(N,R,S,T,U;,Us) and an efficiency parameter ¢, we
define a social law to be a restriction of S to S C 8, and
of T C T. The social law is useful if the following holds:
there exists s € S such that U; (R, s, T') > ¢, and there exists
t € T such that Us(R, S,t) > q.

A social law is quasi-stable if an agent does not profit from
violating the law, as long as the other agent conforms to the
social law (i.e., selects strategies allowed by the law).

Definition4 Given a normative game g =
(N,R,S,T,U;,Us), and an efficiency parameter ¢, a
quasi-stable social law is a useful social law (with respect
to ¢) which restricts S to .S and T to T, and satisfies the fol-
lowing: there isno s’ € S\ S which satisfies Uy (R, s',T) >

max s Ui(R,s,T), and there is no ' € T \ T which

satisfies Uz(R, S,t') > max, 7 Ua2(R, S, t).

When the set of strategies R of agent 0 is a singleton, then
our definitions reduce to those of Tennenholtz [2000]. With
the extension of agent O representing the control system we
define enforceable social laws as quasi-stable social laws in
normative games where the strategies of agent 0 may have
been restricted [Boella and van der Torre, 2005].

Definition 5 Given a normative game g
(N,R,S,T,U;,Us), and an efficiency parameter g,
social law (i.e., a restriction of S to § C S, and
T C T) is enforceable if there is a restriction of R
R C Rsuch that S, T is quasi-stable in the normative game
9= <N7 R, SaTa UI’U2>'

Computational problems can be defined to find enforceable
social laws (with respect to an efficiency parameter).

S ol
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3 Representing social laws

We extend normative games with a utility function of agent 0,
to represent the norms which are enforced. Since agent 0 is
a socially constructed agent, in the sense of Searle [1995], its
utility function can be updated. In particular, the enforcement
of a social law by R C R is represented by giving R strate-
gies a high utility, and R \ R strategies a low utility. More-
over, we go beyond the framework of enforceable social laws
by varying the utility of agent 0 depending on the strategies
played by the other agents, and by considering incremental
updates of the utility function to represent the evolution of
artificial social systems. Formally, we extend a normative
game with a utility function Uy : R x S x T' = IR, we de-
fine Up(r, S, T) = mingeg et Uo(r, s,t) for r € R, and we
define useful and quasi-stable social laws in the obvious way.
Enforced social laws are defined as follows.

Definition 6 Given a normative game g =
(N,R,S,T,U;,U;), and an efficiency parameter ¢, a
social law (i.e., a restriction of Sto S C S, and of T C T) is
enforced if there is a unique restriction of R to R C R such

that R, S, T is quasi-stable.

3.1 Identifi cation of enforced social laws

The game in Table 1 illustrates that the computational prob-
lem to find quasi-stable laws corresponds in extended norma-
tive games to the identification of enforced social laws. The
table should be read as follows. Strategies are represented by
literals, i.e., atomic propositions or their negations. Each ta-
ble represents the sub-game given a strategy of agent 0, repre-
sented by —n and n, respectively. Agent 1 is playing columns
and agent 2 is playing rows. The values in the tables represent
the utilities of agent O (in italics), 1 and 2.

- n p -p n p —p
g 333 041 g 333 121
~q 014 122 ~g 112 022

Table 1: What is the enforced social law?

Agent 0 (the normative system) can play strategy —n or n,
agent 1 can play strategy p or —p, agent 2 can play strategy q
or —~g. When the normative system plays —n, the sub-game of
agent 1 and 2 is a classical prisoner’s dilemma. Intuitively, the
strategy —n corresponds to the state before the social law is
introduced, and n corresponds to the introduction of a control
system that sanctions an agent for deviating from p,q. For
example, the utility of agent 1 in —p, ¢, n (2) is lower than its
utility in —p, ¢, —n (4) due to this sanction.

When the normative system plays n, the agents are always
worse off compared to the normative agent playing —n, all
else being equal. Nevertheless, due to the dynamics of the
game, the overall outcome is better for both agents. For ex-
ample, in the sub-game defined by strategy —n, the only Nash
equilibrium is 2,2. Now suppose we set the efficiency pa-
rameter to 3, which means that all agents will be better off. If
the normative system plays =, then the sub-game has a Nash
equilibrium which is the (Pareto optimal) 3, 3. This explains
why the agents accept the possibility to be sanctioned.

1656

3.2 Iterated design of enforced social laws

The social law design problem is, given a normative game, to
define a new utility function for the normative system. The
principle that we like to maintain as much as possible from
the existing social laws can be represented by the use of the
principle of minimal change. Table 2 represents the evolution
of an artificial social system by an incremental increase of the
utility of agent 0 to the efficiency parameter of the new social
law.

N1, N2 P1 D2 —P1, P2
Q 033 04,1 0,6,0
q2 0,14 0,22 0,0,0

-q1,—q2 0,06 0,00 0,0,0
n D1 D2 —P1, P2
q1 133 141 1,0,0
g2 114 1272 1,0,0

-q1,—q2 10,0 1,00 1,0,0
up; D1 D2 —P1, P2
Qn 333 311 3,0,0
g2 3,11 3,00 3,0,0

-q1,7q2 3,00 3,00 3,0,0

Table 2: Iterated design

The first table represents that the normative system does
not impose a control system, the second table represents that
there is a sanction for playing —py, —p2 Or =q1, —¢q2, and the
third table represents that there is an additional sanction for
playing something else than p; and ¢;. The first social law
is S = {p1,p2},T = {q1, g2} based on control system R =
{n1,n2}, and the second social law is S = {p; },T = {q:}
based on control system R = {n2}.
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Abstract source selection strategies that guarantees convergence to sta-
ble system states, and (b) providing guidelines for designing
such systems with fast convergence to stable states. Our pro-
posed, distributed coordination scheme ensures convergence
to a satisfactory system state. We experimentally highlight
the effect of different protocol and system parameters that in-
fluence the coordination process and expedites convergence
to equilibrium states

We investigate an environment where self-
interested agents have to find high-quality service
resources. Agents have common knowledge about
resources which are able to provide these services.
The performance of resources is measured by the
satisfaction obtained by agents using them. The
performance of a resource depends on its intrinsic
capability and its current load. We use a satisfying
rather than an optimizing framework, where agents 2 Framework

are content to receive service quality above a Let & =< A, R, perf, L, S,T" > where: () A =
threshold. We introduce a formal framework to {ar}r=1.xK is the set of agentsiiy R = {r,}n-1..n is the
characterize the convergence of agents to a state set of resourcesji) f : R x R — [0, 1], intrinsic per-
where each agent is satisfied with the performance  formance function of a provideriv) L = A — R, daily

of the service it is currently using. We analyzed load assigned to agents)) (S : A x [0,1] — [0, 1], sat-
the convergence behavior of such a system and isfaction function for agentsyi) I' = {1, ..., 7k}, set
identified a mechanism to speed up convergence. of satisfaction thresholds of agents. If a s&f of agents

use the resource, on dayd then the feedback received
i d i _
1 Introduction by every agent in4¢ at the end of the day is perf =

d

Agents searching for high-quality services can use either the'rlrc (T"’ ZGEA% L{a)). An ag.emak. € “.4" evaltluates th_e pgr-
own interaction experience or referrals from peer agents. WErmance ofr, by the the satisfaction it obtained and is given
assume that agents are interested in finding a quality of seRY s = S(ax, perf). An agent is satisfied if this performance
vice which exceeds an acceptable performance threshold S above athresholg,. Consequently, two agents may have
The performance of a resource depends on its intrinsic chaflifferent satisfactions for the same resource performance.
acteristics and is inversely correlated to the current workload Agents are interested in obtaining satisfactions above a
it is handling. Individual agent satisfaction depends both orfhreshold. Our aim is to design an environment where every
the resource selected and choices made by the other ager@§ent will have the opportunity to find satisfying resources.
Two agents may have different satisfactions for the same perthe following definitions formalize this idea.
formance level of a resource. Efficient decentralized protoDefinition 1 (Distribution of agents over providers)
cols for finding satisfying resources are necessary. ReacWe call distribution of agents over resourcesthe set
ing a suitable global state where all agents are satisfied with = {A4,},,-,. n where A, is the set of agents using
the resources they are using can be viewed as a coordinatiegsourcer,,. The set of distributions is denoted By

roblem. Resource choice decisions that appear to be most .. .. o o
gppropriate for an individual may prove to bepc?amaging for goefinition 2 (I'-acceptable distribution) A distribution D
part or the whole agent group. Selecting the locally optimafs said to bel-acceptableif each agent is satisfied by the

action can then increase the number of conflicts of interest$>0Uc€ they use i. The set of -acceptable distributions

where resources are shared. Besides, knowledge about tﬁedenOted bPr.

global state is likely to be inaccurate in dynamic, partially A T"-acceptable distribution is an equilibrium concept and
known, open environments. our goal is to develop mechanisms that enable a group of
Coordination in such environments is a challenging prob-agents to converge to such a distribution. We now present
lem which, however, needs reasonably good solutions. Thersvo properties needed by any resource-selection algorithm to
are two primary motivations for the current work: (a) char- ensure convergence to satisfying distributions. In the follow-
acterize the properties of agent satisfaction functions and reng, Alg = {Algx }r=1..x is the set of algorithms used by
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agents to choose a resource &g denotes the set of pos-

sible histories afted days andH = (J>5 M, the set of all
possible histories.

Definition 3 (Weighted directed distribution graph) : A
directed graphG = (V, E, w) is called aweighted di-
rected distribution graph associated withAlg if and only
if(i)V ¢ D, ([i)E € VxV,|(ii) (D, D2) € E =
id € N, 3H; € Hg st (w(Dy, Do, Hg) #0) where
w: Hq — [01]. w(Hyg) is the probability to reach the dis-
tribution D4 given agents are in distributio; and they use
algorithms inAlg.

In weighted directed distribution graphs, an arrow frém
to D, is present if it is possible to readh, from D; with a
non-zero probability using algorithtdlg.

Property 1 A distributed algorithm.Alg stops when d'-
acceptable distribution is reached.

Property 2 LetG = (V, E,w) be the graph associated to
Alg. G is such that at least one node @fis aI'-acceptable
distribution. AT'-acceptable distribution is reachable from
any distribution with a non-zero probability.

Theorem 1 Every algorithmAlg which respect Properties 1
and 2 converge to &-acceptable distribution.

Theorem 2 LetVk = 1.K, a, : 'H — [0, 1]. Alg con-
verges to al*-acceptable distributionif the following condi-
tions are satisfied: if Alg respects Property 1,iif a I'-
acceptable distribution existsiii) agents are identical,i\)
agents explore with probability, (H ) if they are unsatisfied,
V)Vk=1.K, 36, > 0s.tVH € H ax(H) > .

the convergence speed. A high value f&y,,,. leads to
system oscillations and hence is undesirable. A low value
for K,,.00e Quides the system towardlaacceptable distribu-
tion but the convergence process slows down progressively
when approaching a perfectly coordinated distribution. The
decrease in entropy is almost monotonic. With an intermedi-
ate value ofK ..., €ntropy decreases at a faster rate, but has
more fluctuations.

4 Related work

Coordinated search of resources is a challenging problem in
multiagent systems. Sen et[&l show that information can
negatively impact agent coordination to find balanced distri-
bution among resources. Rustogi & Sirlghprove that high
inertia hasten convergence when knowledge increases but low
inertia performs better with little knowledge.

We believe that a more comprehensive understanding of
system behavior can be obtained by studying system entropy
and controlling the number of simultaneously moving agents,
Kove- Our approach provides a more detailed characteri-
zation of such systems while confirming the general conclu-
sions from Rustogi & Singhl].

5 Conclusion

We studied the properties of agent decision functions and
their interaction with the distribution of agents over resources
so that stable distributions, with no incentive for any agent to
move, are produced. We characterized the behavior of such
a system of agents in terms of the entropy of the system. We
showed that that the entropy of a system can be steadily re-

We omit the proof of the above theorems due to space limg,ceq, and hence convergence accelerated, by increasing the
itations. Theorem 2 concludes that exploration ensures cofertia or reducing the number of agents that can move simul-
vergence. The nature of the agents, e.g., self-interested, Cyneqysly. A distributed implementation of controlling iner-
operative, deceptive does not influence the existence of coRy, js proposed in the form of an exploration parameter. We
vergence as long as minimum exploration is guaranteed. Ao evaluating the scale-up property of such a system. Our

other strength of the theorem is that it does not require thgqrk provides guidance to selection of system protocols and
probability of exploration to be constant. An agent may adapharameters, including satisfaction functions, exploration atti-

this probability based on whether it believes it should explorg, ,qe etc.

more or less.
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3 Speed of convergence

In this paper, we will reason using two axes: a measuremergfﬂ
of goodness of a state that we will catitropy the number of
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We experimentally showk,,,,.. has a critical influence on
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Abstract

This paper proposes a rule language for defining
social expectations based on a metric interval tem-
poral logic with past and future modalities and a
current-time binding operator. An algorithm for
run-time monitoring compliance of rules in this lan-
guage based on formula progression is also out-
lined.

1 Introduction

The study of electronic institutions—explicit declarative
models of the rules governing particular open systems of au-
tonomous agents—has gained much recent attention [Cortés,
2004]. There has been a significant amount of research on
statically verifying properties of institutions as well as in-
terpreting institutions to manage or guide agent interaction.
However, there has been little attention paid to mechanisms
for run-time compliance checking, i.e. monitoring events in
a running agent system, determining the future expectations
of agents’ behaviour according to norms of the institution,
and checking if these are fulfilled or violated. This paper fo-
cuses on this issue by presenting (i) a logic named hyMITL*
that combines CTL™ [Verdicchio and Colombetti, 2003] with
Metric Interval Temporal Logic (MITL) [Alur et al., 1996], as
well as features of hybrid logics [Blackburn et al., 20011, and
(ii) a subset of hyMITL* that provides a rule language for
defining social expectations. We have implemented an algo-
rithm for monitoring social expectations encoded in this lan-
guage, based on the technique of formula progression from
the planning system TLPlan [Bacchus and Kabanza, 1998].

2 Syntax of hyMITL*
The syntax of hyMITL? is defined as follows:

¢ u=p| ¢ | oA | Vr.dy | XTo | X0 |
oUTo | oUTo | A | Eg | "z, | T

I == (—00,400) | [bv b] | [b7 b) | (bab] | (b7 b)
b u=al|+d| -d
where

e pis an atomic formula from a first order language L.
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e ¢, denotes a formula ¢ in which variable z is free
(i.e. not bound by V or |).

e ¢ and d are terms, possibly containing variables, that
denote (respectively) absolute points in time and dura-
tions (e.g. using the language proposed by Verdicchio
and Colombetti [2004]).

e 1 is a unit selector on the | binding operator, referring to
the desired granularity of time (e.g. year or minute) for
binding x to the current time (with default value now).

We constrain the use of variables within interval bounds b:
any such variables must be bound by an enclosing | operator.

In this logic, the temporal operators X and X~ mean
“in the next state” and “in the previous state” respectively.
0] U;“@b asserts that ¢ will remain true from the current state
for some (possibly empty) sequence of consecutive future
states, followed by a state that is within the time interval
and for which ) holds. X~ and U} are defined similarly, but
in the past direction.

The bounds of intervals can be specified either relatively
or absolutely—a prefix of “+” or “—” indicates a relative time
value. When qualifying U™, the interval bounds are written
in the reverse order from usual, e.g. [—2 hours, —3 hours].

A and E are temporal path quantifiers. They assert that
the formula that follows the operator applies to all, or respec-
tively at least one, of the possible sequences of states passing
through the current state.

The | operator is based on the “binder” operator used in
hybrid logics [Blackburn er al., 2001]. It binds a variable to a
term denoting the current date/time, possibly ‘rounded down’
to a particular degree of precision, e.g. to the start of the cur-
rent year, month or day, depending on the unit indicated by
the superscript u.

We use the usual derived operators of first order predicate
logic, as well as the standard abbreviations for existential
and universal quantification over states in a path: F}"(j) =
true U ¢ and G} ¢ = —F} —¢, with similar definitions for
F; and G;. We define future and past “weak until” opera-
tors in the following way:

OWi o = L1(Gf 0V o U[ 0)

with similar definitions for intervals with open bounds and
for W™
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AG™ (Done(c, make_payment(c, p, amount, prod_num)) A [, t+1 week) —

1Yok (= F (o, wDone(p, send_report(c, prod_num, w)) — F:,—O,w—&-lweek)Done(p? send_report(c, prod_num, w)))

+
W[+0, w452 weeks]

Done(c, cancel_order(c, p, prod_num)))

Figure 1: A rule expressing the terms of service offered by agent p

3 The Rule Language

We identify a subset of hyMITL™ that is suitable for encod-
ing social expectations in a form that can be used in run-time
compliance testing: the set of all formulae of the following
form:

AG+ vlgign,xi-(QS - QZ})

for n >0, where ¢ and v are linear-time formulae (i.e. they do
not contain A or E), the free variables of ¢ and v are precisely
the quantified variables {x1, ..., z,}, ¢ and ¢ do not contain
any occurrences of V, and any occurrence of 3 must be of a
certain restricted form that is equivalent to TLPlan’s bounded
existential quantification [Bacchus and Kabanza, 1998].
Figure 1 shows an example rule encoding a service offer
by an agent p that can provide weekly reports on a particu-
lar market for an annual fee. This rule states that once pay-
ment of the required amount is made by the potential client ¢
within the validity period of the offer (one week), the service-
providing agent is committed to sending a report to the client
once a week for 52 weeks or until the client cancels the order.

4 The Compliance Monitoring Process

Rules in our language are intended to be used in the following
compliance-testing process:

Given a current state and the history of all prior
states and their associated times, for each rule,
match the left hand side against the current state
and history, resulting in a set of instances of the
right hand side. Add these instances to the set of
current expectations, then check all expectations to
see which are fulfilled or violated. Any expecta-
tions that cannot yet be evaluated because they in-
volve future states are ‘progressed’ to the next state
when it is created by an event observation.

The progression of unfulfilled expectations from one state
to the next uses a modified version of the progression algo-
rithm of Bacchus and Kabanza [1998]. This algorithm gen-
erates a formula expressing what needs to be true in the new
state if the input expectation was required to be true in the
previous state, but was not yet able to be evaluated there.

Once new expectations have been computed by matching
the rules to the current state and history, each formula in the
combined set of old and new expectations is partially evalu-
ated, resulting in true or false if the truth of the formula can
be determined yet, and otherwise returning a formula equiva-
lent to the original one (given the facts in the history states),
but modified where possible to make progression and future
evaluation easier. This partial evaluation is separated out from
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the progression step as it is performed in the current state—
before a new state is created by a new event occurrence, and
therefore before formula progression can be done (this needs
the time difference between the old and new state as an input).

5 Conclusion

This paper has defined a rule language for defining social ex-
pectations based on a metric interval temporal logic and has
outlined an algorithm that can be used at run time in a multi-
agent system to monitor when expectations are generated, ful-
filled and violated. A prototype implementation of the com-
pliance testing algorithm has been implemented using SWI
Prolog. Most of the features described here have been imple-
mented, although currently the system is not connected to an
agent—it uses a static database of states and their facts—and
integers are used to represent times.

The semantics for hyMITL®, the algorithms used, a dis-
cussion of related work and future extensions to this work,
and acknowledgements can be found in the full version of
this paper [Cranefield, 2005].
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Abstract 2 Example: Calendar Agent

In mobile computing, communicative acts are not Con_s_i_der a calendar on a PDA Wi_th cellular and wir_eless ca-
free. Costs such as power and bandwidth con- pabilities. As.evgnts are pp;ted it §ynchron_|zes W|th a base
sumption are prominent issues. In addition, re- computer, which in turn notifies family and friends. er'eless
sources vary widely across hardware and operating ethernet can onI_y connect to the base computer when in range
context. Agents in these settings must account for of an access point. The cellular module can always m_ake an
these costs and adapt to available capabilities. This Internet connection to the base computer via a satellite, but

poster presents a planning optimization formaliza- consumes substantlal amounts of power and charges a fee.
tion of this problem, enabling service-based agents To post updates in all situations, the calendar must discover
to reason about and conduct communication using and utilize both interfaces. However, cellular connections
local and network accessible resources. should be minimized: they should not be used if wireless is

available, or to post minor or far-off events. These should be
_ collected until several may be transmitted or ethernet can be
1 Introduction used. However, cellular connections should be used to post

Mobile computing is increasingly common in urban settings.Immlnent changes so that the base computer may begin syn-

Laptops, PDAs, and other small, network-capable computin§hronIZIng affected friends, family, or co-workers.
devices pervade society. These devices along with the mang L.
and varied applications of mobile computing highlight anim-3  Formalization

portant observation: communicative actions are not free. Inytilizing available network services and intelligently, effec-
fact, there are a Varlety of associated costs, |nC|Ud|ng: t|ve|y Conducting communications may be achieved by re-
o Power. On many devices, networking hardware leasing agents and applications from fixed application-layer
consumes more power than all other systems comprotocols and messages. Communicative actions are not
bined[Vahdatet al, 2000. Transmissions consume sub- static. An agent may plan, schedule, alter, and parameterize
stantial amounts of limited battery supplies. Frequenthem, adapting and responding to conditions and events.
communication significantly reduces operational lifes- Even a simple agent may deliberate on when to deliver a
pan, a critical obstacle against many applications. fixed message in order to minimize communication costs. It
o Bandwidth. Wireless link capacities are typically much may also plan on which network services to use based on ad-
lower. Throughput in 802.11b MANETSs is often less vertised descriptions. More sophisticated agents may alter
than 50% the theoretical maximum of 11 Mbpsy-  and plan on the propositional content of messages to maxi-
lomenoset al, 2001. In contrast, traditional wired net- mize their utility: power-conscious agents may aggregate low
works can reach upward of 100 Mbps. Communicationpriority messages into one burst, economizing fixed costs.
must be sparing to conserve such limited bandwidth. In this work, such reasoning is accomplished through

Communication resources also vary between hosts and optility-based planning. Services such as network interfaces
erating context. Hardware such as 802.11 cards, Bluetootf® adver_tlse_d and treated as plan actions \(v_lt_h attached costs.
chips, and CDMA modules possess different properties an§ommunication goals are modeled as ut_|I|t|.es of doxa;uc
capabilities. Routing algorithms and other software presengt@tes. These elements are represented within a formal situa-
dissimilar interfaces and sensing abilities an agent may utition calculus, enabling exchange of well-defined service de-
lize [Kopenaet al, 2005. However, it cannot necessarily scriptions and limited commitment to reasoning mechanisms.
know a priori which communication services will be avail- Planning Framework. This work defines the above plan-
able on its host, and must instead autonomously discover aming problem using the Process Specification Language
utilize them. In addition, this set may change over time,(PSL) [Grilninger and Menzel, 2003an 1SO standard (ISO
through user actions such as undocking the host or naturdl8629) for process modeling. At its core, PSL is an exten-
events, e.g. network cards failing as power dwindles. sive first-order situation calculus axiomatization. A deductive
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planning problem(A,l,y,C) — p is defined on top of the
PSL Core, Occurrence Trees, and Discrete States theories:  With the addition of an episode delimiter defined as occur-

o Aare theactivity axiomspreconditions and effects. rences odefer Or message-activity, supporting axioms
o | definednitial fluent state Vg, - initial(§) D & =1. not listed above such as the definitiorupilate, and closure
o A chainé is a sequence of successive legal occurrenceaxioms, a plan based on these definitions will:
such thatinitial(61) A 8, = the episode delimitey. o Deliver any update if a wireless connection exists.
o C definesutility summandsu over occurrences, related o Use the satellite interface if warranted by an update or
by occ-util-summ(6;, 1). some collection of updates. For example, any update
o Occurrence utilityocc-util(§;), is defined ag§ u over concerning the next 3.5 days will be posted immediately.
{t]occ-util-summ(&;, 1)}. o Otherwise defer until new updates are posted or condi-
o Utility of a chain utility(d), equalsy occ-util(d). tions change, e.g. wireless contact is made.
A rational chain é is a chain such that there does not
exist aé’ such thaiitility(6’) > utility(6). 5 Summary and Future Work

© gar?et?\r/]vziitlhptlﬁgg ésctj?fer;::r]ei?r?(;urirt‘igigr gﬁ:ivr:tles assO-this poster presents an approach to efficiently performing
] ' communication tasks by planning on the costs and capabil-

Agents, Hosts, and Message Actions.A small theory ities of advertised resources. In contrast with power-aware
weakly defining agents, hosts, messages, and message actiyitworking, this work supports application-layer preferences
ties is also incorporated on top of PSL. This provides a sharegnd mixed-infrastructure settings. Although similar to re-
ontology defining a base by which an agent may communisearch on communication planning via epistemic goals, this
cate about, recognize, and utilize communication resources,ygrk acknowledges that communicative acts have costs. In
Agent Beliefs. A first order theory of belief based dk  addition, this framework is oriented toward a service-based
accessibility between occurrences is also included in the thesystem, enabling agents to reason on internal as well as ex-
ory. It defineskD (see e.g[Faginet al, 1999), the logic  ternal capabilities. This work also introduces an application
of consistent belief, within the fluent space of PSL. This en-area of web services, along with a formalization in the situa-
ables the expression of agent interfaces in the form of doxagion calculus and a principled, practical representational dif-
tic activity effects, as well as an agent’s communication goalsferentiation between mental and world activity effects.

Belief, and specificalh)KD, was chosen due to its relatively ~ Future work includes algorithms and protocols for ex-
weak commitments on agent reasoning abilities and trust. changing descriptions; accounting for the unpredictable na-

ture of mobile networks in composing a plan; defining sub-
4 Example: Calendar Agent Axiomatized classes of the planning problem amenable to pragmatically
Agents and communication resources may then describe thefgasible computation; techniques for integrating heteroge-
interfaces and abilities, e.g. the base computer of Section 2:nous and untrusted costs; and the knowledge acquisition task
V0,a,s, M- occurrence_of (0,a) A legal(0) of evaluating preconditions involving unknown terminology.

More information, details, and citations to related work are

A -activity(a,s,SYNC,m) D . .
message-activity(as ™ available ahttp://edge.cs.drexel.edu/services/.

[Vc-holds(contents(m,c),0) D
holds(believes(SYNC,c),0)]. References
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Abstract

To be successful recommender systems must gain
the trust of users. To do this they must demonstrate
their ability to make reliable predictions. We ar-
gue that collaborative filtering recommendation al-
gorithms can benefit from explicit models of trust
to inform their predictions. We present one such
model of trust along with a cost-benefit analysis
that focuses on the classical trade-off that exists be-
tween recommendation coverage and prediction ac-
curacy.

Introduction

[Avesaniet al,, 2004 describe a trust-based recommender
system in the skiing domain. However these approaches rely
on models of trust that are built from the direct feedback of
users; in short, individual users are expected to indicate those
partners that they place the most trust in and a trust model is
generated from the resulting graph of relationships.

[Massa and Bhattacharjee, 20uild a trust model di-
rectly from explicit user-provided trust ratings. This work
is carried out using the populapinions.comnservice. Epin-
ions.comis a web site that allows users to review various
items (cars, books, music, etc.). In addition they can assign
a trust rating to reviewers based on the degree to which they
have found them to be helpful and reliable in the pHdassa
and Bhattacharjee, 20Ddrgue that this trust data can be ex-
tracted and used as part of the recommendation process, espe-

Recommender systems have been developed as a so 'ally as ameans to relieve the sparsity proble_:m (lack of over-
tion to the well documented information overload problem.'@PPing user ratings) that has hampered traditional collabora-
[Resnicket al, 1994, [Breeseet al, 1994. These systems Ve filtering technique$O Sullivanetal, .2002]. [Massa and
employ techniques from user profiling, machine learning andhattacharjee, 2004rgue that it is possible to compare users
information filtering to produce individual recommendations 2ccording to their degree of connectedness in the trust-graph
of items to suit users’ requirements. Collaborative filtering€ncoded byEpinions.combut do not show that this method
(CF) recommenders operate on the assumption that simil&tf COmparison maintains recommendation accuracy. _
users share similar tastes; recommendations are generated fofoUr benchmark algorithm uses Resnick’s standard predic-
a target user by analysing the rating histories of a set of suition formula which is reproduced below as Equation 1; see
able recommendation partners. aIso[Resnllcket al, 199{]._ In this formulac(.z) is the rgm_ng
The traditional CF approach relies heavily on the similar-10 € predicted for iteni in consumer profile: andp(i) is
ity between the target user and its partner as a way to weigtif'€ "ating for item: by a producer profiley who has rated
each partner’s predictiori®Resnicket al, 1994. In this pa- “ In addition,¢ andp refers to the mean ratings forandp

per we propose that, in addition, it is possible to model thd®SPectively. The weighting facteim(c, p) is @ measure of

trustworthiness of these partners, and to use this as anoth§le Similarity between profiles andp, which is traditionally
calculated as Pearson’s correlation coefficient.

factor to influence their prediction contributions. Indeed the
idea of explicitly modeling and using trust in filtering tasks is ‘ .
becoming increasingly popular. For exami@plbeck and > (p(i) = p)sim(c, p)

Hendler, 200} presents a trust-based email filter, trust scores N _, peP() 1
in this system are calculated through inference and propaga- cij=e+ Z |sim(c, p)| .
tion, of the form(A = B = C) = (A = (), whereA4, — P

pels

B andC are users with interpersonal trust scores. The Trust-
Mail application[Golbeck and Hendler, 2004o0ks up an As we have seen above Resnick’s prediction formula dis-
email sender in the reputation/trust network, and provides anounts the contribution of a partner's prediction according to
inline rating for each mail. These trust values can tell a useits degree of similarity with the target user so that more simi-
if a mail is important or unimportant. Trust values in this sys-lar partners have a large impact on the final ratings prediction.
tem can be defined with respect to a certain topic, or on a We argue that there is another factor which might be used
general level, in a similar manner to work[i@’Donovan and  in conjunction with similarity to influence recommendation

Smyth, 2005hand[O’Donovan and Smyth, 2005b and prediction. We believe that the reliability of a partner
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profile to deliver accurate recommendations in the past is an-
other important factor, one that we refer to as thest In-
tuitively, if a profile has made lots of accurate predictions in
the past, then they can be viewed as more trustworthy than i
another profile that has made many poor predictions. We de- | w _| 3¢ Witem
scribe a computational model of trust that can be generated | = 8- Citem
unobtrusively, during the normal operation of a CF recom- A Resnick
mender system, by mining the recommendation histories of
different recommendation partners. We re-evaluate work in
[O’'Donovan and Smyth, 2005kvhich shows that trust-based 58 W G5 §E 05 06 T8 08 B4 0§
methods can improve prediction accuracy when compared to Trust Threshold

existing CF approaches. However, we describe a more com-
prehensive cost-benefit analysis by considering three accu-
racy benefits against changes in recommendation coverage. Figure 1: Recommendation Error.

09

0.8 ~

0.6

05

2 A Computational Model of Trust opinions of the predicted ratings, or this might be confirmed
Intuitively, if a recommendation partner (profile) has madeby evaluating the user’s actions on the basis of the rating pre-
many good predictions in the past, it can be viewed as moréictions; if a user buys a highly rated item then we might
trustworthy than one with many poor predictions. The trustassume that the high rating was justified.

model[O’Donovan and Smyth, 2005ks based on this idea. .
We differentiate between profiles generating recommenda2-2  ITust-Based Recommendation

tions (producer profile} and those receiving recommenda- We incorporate our trust-model into CF by modifying the
tions (consumer profilésn a particular recommendation ses- standardResnickprediction algorithm in 3 ways to produce
sion. To generate a predicted ratipg;), for itemi for some 3 different trust-based variations. Resnick’s standard predic-
consumere, conventional CF systems draw on the servicedion formula is given in Equation 1. Normally it uses the
of a number of producer profiles, combining their individual Similarity between the target user profile and each recommen-
recommendations according to some suitable function, suctlation partner profile to weight their prediction contributions,
as Resnick’s formula. (see Equation 1). Our trust model deshown asim(c, p) in Equation 1; Equation 6 shows our mod-
pends on whether these predicted ratings are correct relativéications to this standard equation by adding the:, p, i)

to the true ratings of the consumetf;); see Equation 2. weighting term. Our first variationv{Itenm) modifies this so
that the weighting term is a combination of item trust and pro-
Correct(i,p,c) < |p(i) — c(i)| < e (2) file similarity; we use the harmonic mean of trust and similar-
ity. The Fltemapproach differs in that it uses profile similar-
2.1 Item-Level Trust ity as the weight factor, but filters out profiles that fall below a

We define thétem-levelrust for each producerwith respect ~ given trust level for the target item prior to recommendation.
to a given profile item to be the percentage of times that ~ Finally, theCltemapproach uses the obvious combination of
has made aorrect rating prediction fori across some set WitemandFitem

of consumers; see Equation 3. To do this we consider the N .

rating thatp alone predicts fot, for the consumer in question. Z (p(7) = P)wlc,p,9)

We define theRecSet(p) (Equation 4) to be the total set of r(i) =T + peP (i) ©6)
rating predictions thap has made; eachry,i;) refers to a Z lw(e,p, )|

rating predictiony;, thatp has made for iteni,. Similarly, peP ()

CorrSet(p) is the subset of these ratings that are considered

to be correct; Equation 5. 3 Evaluation

For the following evaluation we use the 943 profiles from
_ {(rg,ix) € CorrSet(p) : iy, = i}| (3) the MovieLens data-set, split into 80% as training profiles
~ {(rk,ix) € RecSet(p) : i = i}| and the remaining 20% as test profiles. During training we
use a leave-one-out approach to build our trust model over
RecSet(p) = {(r1,1), -y (Tnyin)} (4) the training profiles. Briefly, each training profile is used as
a consumer with the remaining acting as producers. Item-
level trust values are computed on the basis of the correct-
CorrSet(p) = {(ck, i) € RecSet(p) : Correct(iy,p,cr)} ness or otherwise of the producer predictions. During testing,
(5)  we evaluate the predictions of the training profiles for each
Thus, the trust of in relation to itemi is a measure of how of the items in the test profiles using our 4 basic algorithms
oftenp’s predicted ratings foi have been considered correct (ResnickWItem Fltem Cltem).
in the past. This information can be accumulated during the In this evaluation we are especially interested in the trade-
normal course of operation of a CF recommender system ioff between the coverage of a recommender (the percentage
a variety of ways. For example, users could be asked thenf items that a rating can be predicted for) (Figure 2) and

Trust! (p,1)
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Abstract

In this paper, we consider a mobile mailbox com-
munication scheme to reduce inter-agent commu-
nication costs. We employ a mailbox mobility
strategy based on the ability of the mailbox to pre-
dict variations in inbound message rates and to mi-
grate, if necessary, to a potentially better position
in the network.

1 Introduction

Effective and efficient communication between mobile
agents requires a different approach than the one employed
in traditional distributed system communication, as difficul-
ties may be encountered when tracking the location of the
target agent, together with message delivery reliability is-
sues. In [Feng et al., 2001] [Cao et al, 2002a], a non-
autonomous mailbox based message delivery protocol is
proposed. As the mailbox can travel independently of its
owner, there is the possibility to reduce the costs of message
delivery to an agent but the mailbox does not decide about
its own migration.

In this paper, we consider performance of autonomous
mailbox agent whose migration strategy is influenced by
reducing the costs of message delivery from senders to a
receiver or target agent, which is the owner of the mailbox
[Cavrak et al., 2004]. Cost reduction mainly relies on lower
mailbox mobility rates and in choosing optimal relay net-
work positions, cutting the inbound message delivery costs.

2 Cost Model

The communication network is designed as a fully con-
nected, undirected, weighted graph. We employ the assump-
tion that the costs associated with messages transferred from
senders to the receiver using the mailbox depend on the fol-
lowing:

Cost of message transfer from sender to mailbox in the
time interval [t; — T, t;]:

Const)=Y 12, (1) (1)
p=1
where ¢, , is associated with the cost of transfer of one mes-
4 . .
sage between host #; (agent a, location) and host 4, (mail-
box location), while i,,(t[) is the amount of messages sent by
agent a, in the time period considered.
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Cost of mailbox registration and deregistration procedure
in the synchronised push model when mailbox moves from
host 4, to host A+

Coe =02 (20¢,, +¢,,) @)
p=l
where Q is a ratio between the delivery cost of one control
and one data message (Q<I). Whenever mailbox changes
location it requests and waits for synchronisation release
confirmation (2 messages) and sends resynchronisation re-
quest on arrival (1 message).

Cost _of mailbox migration depends on the number of
messages (collected in time interval [T, T,]) present in the
mailbox’s internal buffer at the moment of migration from
host A, to host A+

m T
Conig =€y 'Zzﬂ“p ) )
p=1t=1
Cost of mailbox position update at corresponding Home
object:

Chmreg =0- Cre 4)
where ¢+, is the cost incurred by sending one message from
the future mailbox’s host /4« to host /4, where the Home
object is placed.
Cost of message transfer from mailbox to the receiver as-
sociated with the cost of pulling the collected messages
within time interval [T,,T,] by the receiver agent:

m T

Cpull =C, ZZZP(Z) (5)

p=1t=1
where ¢, is the cost of transfer of one message between
host &, where the mailbox is located, and the host /4, where
the receiver is located.

3 Mailbox Migration Strategy and Model

The mailbox holds the data that include network topology
and communication costs, the number of message sources
and their network locations, and the set of hosts where the
receiver agent will be located. Reducing the cost of commu-
nication by planning optimal mailbox positions during the
course of system execution is the main task.

At simulated time ¢, a mailbox does the following: (a)
predicts message rate vector A(¢,+7,) for all senders using
extrapolated straight line fit method, (b) based on those pre-
dictions, calculates C,.,,(t;+T,) for all possible mailbox posi-
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tions within the network and finds future position that will
incur the minimal cost. (c) based on cost calculations, mi-
grates to the next proposed host or remains on the current
one.

4 Simulation and Results

A simulated mobile agent system consists of n hosts and
m agents that are distributed randomly in the fully connected
network. Message rate functions of sender agents are ran-
domly picked from the set of functions such as periodic step
function, constant function and periodic triangular function
superimposed with positive or negative random errors. Effi-
ciency of the mailbox is defined as a ratio between total
costs occurred in the system with mobile mailbox and total
costs in the system without the mailbox.

Receiver Agent HRT: 3

085. 085
050 050

120 120

115 115

“10 “.10

e Receiver Agent HRT: 5 1
.

} 0ss] upper limit of network costs: 10
| mailbox message pulling period: 3

125 125.
120 120,
115 115.

1

1951 Receiver Agent HRT: infinite (static) ~ '*
'

Proactive MB / No MB Ratio

Receiver Agent HRT: 10

number of hosts: 10
s
number of agents: 30
o ) ) @ ) 100 o k) ) ) ) 100
Message Rate Amplitude Message Rate Amplitude

Proactive MB / No MB Ratio

Figure 1: Efficiency for different message rate
amplitudes (heterogeneous network)

Figure 1 shows the dependency between the efficiency of
the mailbox and the message rate amplitude of sender agents
in a heterogeneous network. Increasing the network hetero-
geneity, the usability of the mailbox is still justified even
with increased host residence time (HRT) of the receiver
agent, if the message rate amplitude is low. The heterogene-
ous network will decrease the influence of a two-stage
communication effect as the ratio between paths used for
message delivery from senders to the receiver agent in the
system with the mailbox when compared with the system
without the mailbox will be lower than the system with the
homogeneous network.

Figure 2 shows the dependency between the efficiency of
the mailbox and the number of hosts in the network. The
number of hosts has a significant influence on the efficiency
of the mailbox. In a network with fewer hosts, the mailbox
is not provided with enough opportunities to mitigate the
effect induced by a two-stage communication process and
that is the reason the ratio is above 1. Increasing the number
of hosts, the mailbox is offered more alternatives to deliver
messages with lower costs. The higher number of sender
agents will increase the dispersion of message sources in the
network which will decrease the likelihood for the mailbox
to be “too far” from agents. It will result in a more even
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message transfer cost over various positions of the mailbox.
The efficiency of the mailbox will be less variable as the
number of sender agents increases and the graph will be
smoother. The number of agents does not significantly in-
fluence the efficiency of the mailbox as both the mailbox
and the receiver agent need to synchronise with them when-
ever the migration occurs, and those costs do not affect the
efficiency ratio.

o upper limit of network costs: 10
mailbox message pulling period: 3
receiver agent host residence time: 3
ﬂ max. message rate amplitude: 2
number of agents:2

'
. number of agents:10

0%

05

)

Proactive MB / No MB Ratio

number of agents: 100

050

Proactive MB / No MB Ratio

0 EY L) E) & 100 [ 2 Qo & & 100
Number of hosts Number of hosts

Figure 2: Efficiency for different numbers of hosts
in the network

5 Conclusion

In this paper, we investigated performance of a novel ap-
proach for message-delivery cost-reduction in mobile agent
systems. The approach uses an autonomous mobile mailbox
acting as an intermediary message relay station. Intelligent
behaviour of the mailbox relies on its ability to predict in-
coming message rates on-the-fly and decide about potential
migration accordingly. Its migration strategy is motivated
by a desire to reduce the costs of message delivery to the
agent to which it belongs. Possible cost savings are achieved
through lower mailbox mobility rates as well as deciding
about optimal mailbox position within the network.
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1 Introduction

Coalition formation is a key capability in automated nego-
tiation among self-interested agents. A coalition of agents
can sometimes accomplish things that the individual agents
cannot, or can do things more efficiently. To make coalition
formation successful, a key question that must be answered is
how the gains from cooperation are to be distributed. Coali-
tional game theory provides a number of solution concepts
for this. Some of these solution concepts have already been
adopted in the multi-agent systems literature [Zlotkin and
Rosenschein, 1994; Shehory and Kraus, 1998].

However, existing solution concepts have limitations when
applied to open anonymous environments such as the Inter-
net. In such environments, a single agent can use multiple
identifiers (or false names), pretending to be multiple agents,
and distribute its ability (skills) among these identifiers. Al-
ternatively, multiple agents can collude and pretend to be a
single agent that combines all of their skills. Furthermore, an
agent might try to hide some of its skills.

These manipulations are virtually impossible to detect in
open anonymous environments, and have thus become an is-
sue in such environments specifically. That is also the reason
why the gamut of these manipulations has not received much
research attention previously. In this paper, we develop a new
solution concept for coalitional games called the anonymity-
proof core, which is robust to the manipulations described
above. We show that the anonymity-proof core is character-
ized by certain axiomatic conditions (including that an agent
does not have an incentive to use the basic manipulations
mentioned above).

2 Model

Traditionally, value division in coalition formation is studied
in characteristic function games, where each potential coali-
tion (i.e., each subset X of the agents) has a value w(X) that
it can obtain. This assumes that utility is transferable (e.g.,
utility can be transferred using side payments), and that a
coalition’s value is independent of what non-members of the
coalition do. The characteristic function by itself does not
give us sufficient information to assess what manipulations
may be performed by agents in an open anonymous environ-
ment. Thus, instead of defining the characteristic function
over agents, we define it over skills that the agents possess.
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Definition 1 (skills and agents) Assume the set of all pos-
sible skills is 7. Each agent i has one or multiple skills
S; C T. For simplicity, we assume each skill is unique, that
is, Vi # j,S;NS; = (0 holds.

Definition 2 (characteristic function defined over skills)
A characterigtic functionv : 27 — R assigns a value to each
set of skills.

We will denote by w the characteristic function defined
over agents, and by v the characteristic function defined over
skills. For a given set of agents X, let Sx = Uie  Si. Then,
we have w(X) = v(Sx). The characteristic function over
skills is a more fine-grained representation than the charac-
teristic function over agents.

We assume the following three types of manipulation (or
any combination of them) are possible for agents.

hiding skills: If agent s has a set of skills S;, forany S C S;,
it can declare that it has only .S}.

false-name: Agent ¢ can use multiple identifiers and declare
that each identifier has a subset of S.

collusion Multiple agents can collude and pretend to be a
single agent, who has the union of their skills.

3 Manipulability of Traditional Solution
Concepts

In this section, we show that a well-known (perhaps the best
known) solution concept called the core [Gillies, 1953; von
Neumann and Morgenstein, 1947] is vulnerable against these
manipulations. This is true for other solution concepts such
as Shapley value [Shapley, 1953], least-core, or nucleolus.

Definition 3 (core) Given a set of agents W, an outcome,
that is, a value division ¢V = (¢}, e}V, ...) among agents
isinthe core if the following two conditions hold:

LVYXCW, Y cxcV >w(X),

2. Yiewel =w(W).
The first condition is called the non-blocking condition: if
this condition does not hold for some set of agents X, then
the agents in X have an incentive to collectively deviate
from the mechanism and to divide w(X) among themselves.
The second condition is called the feasibility condition: if
>iew &V > w(W), this outcome is infeasible.
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Due to the space limitation, we only show an example
where the core is manipulable by a collusion.

Example 1 Let there be three skills a, b, and c. Let the char-
acteristic function over skills be as follows.

e v({a,b}) =v({a,c}) =v({a,b,c}) =1,
e v({a}) =v({b}) = v({c}) = v({b,c}) = 0.
Let there be three agents 1, 2, and 3 with skills a, b, and c,

respectively. Then, the characteristic function over agentsis
as follows.

i w({L 2}) = w({L 3}) = w({L 2, 3}) =1,

e w({1}) = w{2}) = w({3}) = w({2,3}) = 0.

In this example, there is only one outcome in the core,
namely outcome (1,0,0). This is because if agent 2 (or 3)
obtains any value, then the non-blocking condition is violated
because agent 1 and agent 3 (or 2) have an incentive to devi-
ate from the mechanism and form their own coalition. We can
see that since the skill b and c are completely substitutable, the
agents who have these skills have no bargaining power. The
least core and the nucleolus also give this outcome.

Now, let us assume that agent 2 and 3 collude and pretend
to be a single agent 2/, who has b and c.

Then, the characteristic function over agents is as follows.

e w({1}) = w({2}) =0,
e w({1,2'}) =1

Now, agent 1 and 2’ are symmetric and have the same bar-
gaining power. Then, if we use the least core or the nucleo-
lus, each agent receives 1/2. Thus, agent 2 and 3 can increase
their value division using a collusion.

4 Anonymity-Proof Core

We develop a new solution concept for our setting which we
call anonymity-proof core. As we will show, the anonymity-
proof core can be characterized by certain axiomatic condi-
tions.

We require that the outcome function 7 is anonymous, that
is, the payoff to an agent does not depend on the identifiers of
the agents; it depends only on the skills of the agent and the
distribution of skills over other agents.

More specifically, given an agent ¢ and a set of other agents
Y, let S; be the set of skills that agent 7 has, and let S.Sy =
{S; | j € Y}, where S; is the set of skills that agent j has.
Then, the outcome function 7(S;, SSy) takes S; and SSy
as arguments, and returns the payoff to agent 7, when agent
i declares its skills as .S; and the other agents declare their
skills as SSy.

Let the set of agents who joined the mechanism be W, and
let the profile of the skills that the agents declared be k =
(K1, k2, . ..), where k; is the set of skills that agent  declared.
Let Sx = [U;cx ki, that is, S is the union of the skills de-
clared by a set of agents X; let S = Sy ; andlet SSx = {k; |
xS X} Also, let SS.; = {kl, e kiq, kiJr]_, .. .}, thatis, a
set, each of whose elements is the set of skills corresponding
to agent j (j # ).

We now give six axiomatic conditions that the outcome
function 7 should satisfy.
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1. The outcome function 7 is anonymous.

2. 7 is never blocked by any coalition, that is, Vk,VX C
W, Ziex ﬂ—(kia SS~i) > ’U(Sx) holds.

3. 7 is always feasible and always distributes all of the
value, that is, Yk, >, .y, 7(k;, SS~i) = v(S) holds.

4.  is robust against hiding skills, that is, VS’, S”, where
S C 8 VSS, w(S",8S) < 7(S’,SS) holds.

5. m is robust against false-name manipulations, that is,
VEVX C W, Y = W\ X, Y ¢k, SS) <
m(Sx,5Sy) holds.

6. 7 is robust against collusions, that is, Vk,VX C W,
Y =WN\X,> cxm(ki, SS<i) > n(Sx, SSy) holds.
In order to define the anonymity-proof core, we first for-
mally define the core for skills. For a set of skills S =
{s1, $2,...}, we define a set of core outcomes for skills
Core(S) as follows.
5 .5

Definition 4 (core for skills) ¢® = (cJ,c5 ..

Core(S) if it satisfies the following two conditions.
L] \V/S/ C S, ZS]'ES/ CSSJ_ 2 U(S/),

* >, es cfj = v(9).
Now we are ready to define the anonymity-proof core.

Definition 5 (anonymity-proof core) We say the outcome
function 7., is in the anonymity-proof core if 7, satisfies
the following two conditions.

1. For any set of skills .S C T, there exists a core outcome
for S, that is, some ¢® = (¢ ,c5,...) € Core(S),
such that for any skill profile k& = (ki,ka,...,) with

Ui k; = S, Wap(ki,SSNi) = Zsj'eki CSSJ_ holds.

2. VS, 8", where §" C ', VSS, map(S",SS) <
Tap(S', SS) holds.

The first condition says that for any set of skills reported
by the agents, some outcome in the core for that set of skills
should be used to distribute the value. The second condition
says that an agent has no incentive to hide (some of) its skills.

The following theorems show that the anonymity-proof
core is characterized by the six axiomatic conditions. We
omit the proof due to space constraint.

Theorem 1 Any outcome function m,, in the anonymity-
proof core satisfies the six axioms.

Theorem 2 Any outcome function 7 that satisfies the six ax-
ioms isin the anonymity-proof core.

.) is in
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Abstract Repeated exposure is represented by how many transactions
o A . are established between the two agents. Level of processing
Formalization of familiarity contributes to formal- is determined by the quantity of widgets in each transaction.
ization of trust through a value-centric trust model. Forgetting rate is calculated by the interval between the last
However, familiarity was assumed to be the similar-  {ransaction and the current transaction, and the factor of the
ity of values (fixed for two agents), and stability of agent society.

the trust model was relatively low. To increase the
stability, we propose an improved familiarity mea-

surement. Experiments are carried out to compare 3 Familiarity Measurement

the stability of the trust model with the improved For an agent societyl with n agents,A = {a1, as, ..., an },
familiarity measurement and with the fixed famil- let F'(a;,a;) andS(a;, a;) represent the familiarity and sim-
iarity value. It is observed that the stability is in- ilarity between agents; anda;, respectively. The initial fa-
creased by 33.47% through the improved familiar- miliarity value that the agent; has with the agent; can be
ity measurement. calculated through the formula as follows:

1 Introduction Fo(ai,aj) = ri{éiﬁ(aj, ar)S(ai,ar)  (k#i#j) (1)

Trust has always been bundled with familiarity to become a

popu|ar topic in the fields of psychok)gy' Sociok)gy' and com- The value of famlllarlty can be calculated from the knowl-
puter science. The relationship between trust and familiaredge that the agent has about the agent; as follows:

ity has been further clarified through the value-centric trust 9

model proposed by Carter and Ghorbf@arter and Ghor- F.(a;,a;) = 1, @)
bani, 2004. The new model proposes that trust is a combina-

tion of self-esteem, reputation, and familiarity within a multi- \ynere F.(a;,a;) and K.(a;,a;) represent the familiarity
agent system (MAS) context. Trust is also multidimensionalgjye and the knowledge value that the agertias from the

in that it can be facmtate_d t_hrqugh familiarity. Familiarity perspective of the agent before the current;, transaction,
was assumed to be the similarity of values. In consequencegspectively.

stability of the trust model is relatively low. However, peo-  gince the familiarity value is affected by the previous level
ple in nature prefer relatively stable societies. To increasgy processing and the forgetting rate, and it is determined
stability of the trust model, we propose an improved fam|l|ar-by the agent's knowledge, a simple formula for updating the

ity measurement by exploring a variety of human factors tha%\gent’s knowledge may be as follows:
may affect the feeling of familiarity.

The rest of the paper is organized as follows. Section 2 K.(a;,a;) = Kp(a;,a;) + Ly(ai, a;) — Rp(ai, aj), (3)
describes the four major factors affecting familiarity in agent
societies. The way of measuring familiarity is proposed inWhere k&, (a;, a;) represents the knowledge value that agent
Section 3. Experimental results are presented and discusséd had about agent; before the previous transaction,

in Section 4. Finally, the conclusions of the present study ard‘»(@:, a;) is the level of processing of agentsanda; dur-
presented in Section 5. ing the previous transaction, afd,(a;, a;) represents the

forgetting value since the previous transaction. The initial
. e knowledge value of agent;, Ky(a;,a;) can be determined
2 Factors Affecting Familiarity by Equations 1 and 2. J
Familiarity is affected by four major factors: prior experi-  The formula to calculate the previous level of processing
ence, repeated exposure, level of processing, and forgetting the agents,; anda; may be calculated by:
rate [Zhang and Ghorbani, 2004Prior experience is deter-
mined by knowledge of similar agents in the agent society. Ly(a;,a;) = Kp(ai,a;)(1 — e~ @/, (4)

1+ e—Kelaiag)
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where ), represents the quantity of widgets in the previ- THIEM —y==y
ous transaction anbrepresents the learning coefficient. The —— —— Ayerage of TMIFM = = = Average of TWFFY
value ofl may differ for different agent societies.

The forgetting value of agent and agent; can be calcu-
lated as follows: : ‘

Ri”(aia aj) = Kp(aia aj)(Q - eiQp/l)(l - eiAtp/m% (5)

wherem represents the memory coefficiertit, represents
the time difference between the current transaction and the
previous transaction of agentsanda; .

[

k "'4. " ) g
Y '
4 Analysis of Stability ‘

The stability of the model is considered with respect to trust- 1 9 17 25 33 41 43 5 B5 73 81 88 97
worthiness ranking. Both the two kinds of familiarity mea- Day

surements, improved familiarity measurement and fixed fa-
miliarity value calculated by the similarity of two agents, are
implemented and embedded in the trust model. For later use,
TMIFM is defined as the trust model with improved familiar-
ity measurement, and TMFFV is defined as the trust modegnot.  Another phenomenon is that once agents have been
with fixed familiarity value. Within this work, stability is given a spot, they remain close to that spot. This phenomenon
connected to the idea of ranking. The stability refers to thesan also be seen in Figure 1. From day 25 on, the rank of
degree of change of rankings of sellers. Thus, Stability ishe agent in TMIFM stays close to the average line, whereas
measured through an examination of the average variance gle rank of the agent in TMFFV keeps changing. This hap-
the selling agents’ ranks on a daily basis. pens because the selling agents with higher/lower rank have
more/less possibility of being selected to establish transac-
tions with buying agents in both TMIFM and TMFFV.

Rank in the Model

Figure 1: Change of Rank of Any Given Agent

Table 1: Comparison of Stability of TMIFM and TMFFV

Test# | TMIFM | TMFFV | Percentage Difference .
1 392 | 5.77 32.06% 5 Conclusions
2 5.61 7.91 29.08% We proposed the improved familiarity measurement by ex-
3 6.11 10.12 39.62% ploring the factors mainly affecting familiarity. The four fac-
4 5.36 8.62 37.82% tors include prior experience, repeated exposure, level of pro-
5 4.00 4.96 19.35% cessing, and forgetting rate. We then devised a convenient
6 3.94 5.61 29.77% way to measure and update familiarity value. The improved
7 4.39 7.75 43.35% familiarity measurement has been integrated into the value-
8 5.11 9.51 46.27% centric model. Experiments were carried out to compare the
9 4.47 6.10 26.72% stability of the trust model with the improved familiarity mea-
10 6.35 7.00 9.29% surement and with the fixed familiarity value. Experimental
Average| 4.73 711 33.47% results shew that the stability has been increased by 33.47%

through the improved familiarity measurement.

The comparative stability of TMIFM and TMFFV is pre-
sented in Table 1. On average, the average variance & Acknowledgments
TMIFM is 33.47% lower than that of TMFFV, which means This work was funded by the National Science and Engi-
that the former is more stable than the latter. The result caReering Research Council of Canada (NSERC) to Dr. Ali A.
be further illustrated by analyzing the change of rank of anyGhorbani through grant RGPIN 227441.
given agent as shown in Figure 1. From this figure, it is ob-
vious that the variance of the rank produced by TMIFM is References

lower than that produced by TMFFV. Therefore, TMIFM is . .
[Carter and Ghorbani, 20D4onathan Carter and Ali A.

more stable than TMFFV. ) Atfdl !
Ghorbani. Towards a formalization of value-centric trust

The reason that TMIFM has higher stability can be ex- oW .
plained by analyzing two phenomena in both of the two trust  IN agent societiesJournal of Web Intelligence and Agent

models. One phenomenon is that agents are pushed faster SYStems2(3):167-184, 2004.

to the right spot that they should be on in TMIFM than [Zhang and Ghorbani, 20D4Jie Zhang and Ali A. Ghorbani.
in TMFFV, which can be seen from Figure 1. The agent Familiarity and trust: Measuring familiarity with a web
in TMIFM nearly reaches the average line earlier (approx- site. InProceedings of the 2nd Annual Conference on Pri-
imately on day 15) than in TMFFV (approximately on day  vacy, Trust and Security (PST 200#pges 23-28, Octo-
40). This happens because that the improved familiarity mea- ber 2004.

surement increases the speed of pushing the agent to the right
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Abstract

As the mobile Internet continues to grow there is
an increasing need to provide users with effective
search facilities. In this paper we argue that the
standard Web search approach of providing snippet
text alongside each result is not appropriate given
the interface limitations of mobile devices. Instead
we evaluate an alternative approach involving the
use of related queries in place of snippet text for
result gisting.

1 Introduction

The mobile world is growing at an astonishing rate. In 2004,
the number of mobile users worldwide reached 1.52 billion,
in Europe alone the number of users exceeded 340 million
and the volume of pages viewed on the Mobile Web continues
to rise [CellularOnline, 2004]. Five years has passed since the
publication of the renowned WAP usability report, which de-
tailed the various limitations of both WAP (as a means of mo-
bile Web access) and mobile devices [Ramsay and Nielsen,
2000]. However, the Mobile Internet has since been success-
fully re-branded by leading mobile operators like Vodafone
and O2, thus encouraging users to take advantage of next-
generation mobile devices.

If we examine current mobile devices, we can divide them
into three classes. At the lowest level we have standard WAP
enabled phones. Although the screen real-estate of these de-
vices is still very small, most of them come equipped with
high-resolution color interfaces and predictive text input ca-
pabilities - a significant improvement over 15! generation
WAP-handsets. The second class of device includes next-
generation smart phones with 3G capabilities. The majority
of these devices encompass larger screens, higher-resolution
interfaces, enhanced Web-browser support and multiple input
options. For example, most of these phones support XHTML,
(e.g. Nokia 6630, Siemens SX1) and some of the phones in-
corporate flip-out messaging keyboards, (e.g. Nokia 6820,
Siemens SK65). The final class of mobile device includes
PDA’s, XDA’s and other small handhelds. These devices have
much larger screens, higher-resolution interfaces, integrated
Web-browsers supporting standard HTML as well as a multi-
tude of input options including full messaging keyboards and
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stylus. So while previous incarnations of the Mobile Inter-
net were not viewed as a success there is increasing optimism
about the future of this important information medium. These
new handsets, coupled with improved content, more attractive
billing arrangements and greater bandwidth appear to be at-
tracting more and more users to the Mobile Internet on a daily
basis. This in turn is likely to lead to a need for improved
search facilities, facilities that we argue need to be carefully
adapted to the features of the Mobile Internet, its devices and
the differing needs of its users

2 Characteristics of Mobile Search

We do acknowledge that even current mobile devices suffer
from inherent limitations that can greatly effect the usabil-
ity of many mobile applications [Ramsay and Nielsen, 2000].
This is largely due to the fact that very little effort has been
made to cater for the unique requirements of the Mobile Inter-
net. Such limitations can be especially problematic for mo-
bile search applications. Small displays restrict the number
of results that can be displayed on a single screen and input
limitations impact the type of queries that are provided. Most
mobile search engines offer only simple adaptations to stan-
dard Web search interfaces. For example, fewer results are
returned per page and the snippet text associated with each re-
sult may be truncated or simply removed [Jones ef al., 2002].
We believe that more fundamental adaptations are necessary.

In particular we believe that displaying snippet text along-
side each search result is not feasible in the mobile realm.
However we also think that displaying just a title or a url to
represent each search result does not provide the user with
meaningful information about the context of a given result.
Instead we propose the use of related queries in place of snip-
pet text as a more economical form of result gisting. Econ-
omy of screen-space is a major concern in mobile search and
the use of related queries can significantly increase the num-
ber of results displayed per screen on mobile devices. More-
over, in this paper we also show that the terms in these related
queries can be more informative, when it comes to capturing
the content of an associated page, than the page’s snippet text.
Similar work has also been carried out in [Jones et al., 2004],
where key phrases, automatically extracted from web pages
are used to provide users with accurate, meaningful represen-
tations of search results on mobile devices.
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3 Towards Intelligent Result Gisting

A personalized search engine called I-SPY, [Smyth er al.,
20031, can provide these related queries by tracking and
recording past queries that have resulted in the selection of
a given result page. I-SPY is a community-based meta search
engine that records the search histories of communities of
like-minded users [Smyth ez al., 2003; Forthcoming]. Each
time a user selects a result, p, for a query, ¢, I-SPY updates a
counter in a hit-matrix to reflect this selection. This informa-
tion is used to adapt future result-lists for similar queries by
promoting results that have been selected in the past.

One of I-SPY’s distinguishing features is that it can rec-
ommend related queries alongside a search result. For each
search result p, that is associated with some target query ¢ , I-
SPY can generate a set of related queries from those queries,
q1, ---qn, that have also led to the selection of p [Smyth et
al., Forthcoming]. These related queries can also be ranked
according to the likelihood that they match a user’s current re-
quirements. These ranking strategies are described in [Balfe
and Smyth, ]. Figure 1 illustrates these related queries in ac-
tion. If we take, for example, the query "MP3’ we can see that
the first search result, 'mp3.com’ is associated with queries
such as *music’ and ’charts’. These related queries can in-
form the user as to the context of the search result in question.

Query ——> MP3
Results 1 - 5724

Result ——— [1. [y"ER=s1]

- music, charts
/ 2, GarneisLive

Related - entertainment. games
Queries 3. mp3charts.com

select Exit,

Options

Figure 1: Query "MP3’ on a mobile phone

It is interesting to consider whether these related queries
could be used as an alternative to snippet text to gist search
results, especially given the interface limitations of mobile
devices. Preliminary empirical evidence generated from a
similar evaluation we carried out suggests that these related
queries may be as informative as snippet text [Church et al.,
2005]. In our previous evaluation we used a smaller dataset
and a different independent search engine, namely Google.
In order to validate our earlier findings, we decided to carry
out a more in-depth evaluation using a different independent
search engine, namely HotBot and a larger dataset. The de-
tails of this evaluation are described in the following section.

4 Evaluation

The data for this evaluation was collected by mining the
search logs of I-SPY. Specifically we collected a set of 684
result-pages that were selected by searchers in response to
various queries. Each of these pages was associated with at
least 2 related queries and a unit of snippet text generated
by Google. The purpose of our experiment was to consider
how well these related queries represented the page in ques-
tion, relative to its snippet text. To do this we supposed that
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the representativeness of a set of terms relative to some page
could be measured by the position of the page in the result-
list generated by some search engine when using these terms
as a query. Hence, in our evaluation we transformed each set
of related queries and piece of snippet text into a new search
engine query, submitted the queries to HotBot and compared
the position of the target page, p, in the two result-lists pro-
duced. We compared a number of variations of this approach
by constructing our search queries in different ways.

4.1 Query Generation

Probably the most important part of our evaluation was the
generation of the test queries from both the related queries
and snippet text. In all, six query generation strategies were
tested: two that produced queries from the terms contained in
the related queries for a page and four that used terms from
the page’s snippet text. Strategy R(Q)1 produces a test query
by concatenating the related query terms into a single query.
Strategy R(Q2 uses a similar approach but duplicate terms are
removed.

The snippet text conversion was slightly more complicated.
To ensure a fair evaluation, we generated a test query from
the snippet text using the same number of terms as the test
queries produced from the related queries. To generate the
test queries we parsed the snippet text to remove stop-words
and special characters and then selected terms from the re-
maining snippet text using four different strategies. In strat-
egy S1 we select a random set of k terms, where k is the
number of terms in the test query produced by RQ1. Strat-
egy S2 selects the top £ most common terms in the snippet
text, where k is the number of terms in the test query pro-
duced by RQ2. For strategy S3 we again select a random set
of k terms but this time & is the number of terms produced
by RQ2. Finally, strategy S4 selects the top k most com-
mon terms in the snippet text, where k is the number of terms
produced by RQ1.

4.2 Relevance Assessment

After submitting each test query to the HotBot search engine,
we examined the top 500 HotBot results only and compared
the position of p, the target result-page, in the result-lists pro-
duced for each test query. The higher p is in the result-list
the more representative the test query must be as an indicator
of p’s content and hence the more representative the related
queries or snippet text. Along with this positional information
we also examined the percentage of results matched by each
test query strategy as well as the average length in number of
terms of the related queries vs. snippet-based strategies.

4.3 Results

First we looked at the average position of each p in the result-
lists produced by HotBot, see Figure 2. When calculating the
average position, a penalty is applied when the target result
cannot be found for the query in question. If the target result
cannot be found, p is given a default position value of 501
(because we are only examining the first 500 HotBot results).
Both related query strategies, RQ1 and RQ2, perform very
well. RQ)2 locates p at an average position of 39 in the result-
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list compared to the best performing snippet-based strategy
which locates p at an average position of 103.

200 4

= =
o 15
i<} <}

Average Position

a1
=}

Test Query Strategy
Figure 2: Average position of p in result-lists

The poor showing for the snippet text strategies could have
been due to frequent penalties being incurred when p was not
present in the top 500 results. To understand this we exam-
ined the percentage of results found for each test query strat-
egy in the top 500 HotBot results, see Figure 3. The related
query strategies succeed in producing result-lists that contain
p for between 92% and 94% of queries, a significant improve-
ment when compared to the snippet text strategies which re-
turn p for between 66% and 80% of the test queries.

100
80
60 4

40

% Found in Top 500 Results

20 -

Test Query Strategy
Figure 3: Percentage found in the top 500 HotBot results

These results suggest that the terms contained in the related
queries are more representative of the pages they refer to than
an equivalent number of terms taken from the snippet text
associated with these pages. And by using related queries
instead of snippet text we can achieve a significant saving in
display-space. For example, as shown in Figure 4, our related
queries contained only 4 unique terms on average, compared
to snippet texts with an average of 35 terms (words), or 21
terms with stop-words removed.

5 Conclusion

One of the main issues with mobile search engines concerns
the manner in which search results are displayed. In this pa-
per we have suggested using related queries as an economical
alternative to snippet text for result gisting. Our evaluation
suggests that the terms in related queries have the potential
to better capture the essence of their associated pages than
the terms in the snippet texts, and so may serve to be a more
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Figure 4: Average number of terms in test queries

informative gisting approach. Moreover, related query terms
take up a small fraction of the screen space associated with
the display of snippet text, which is a major advantage for the
provision of mobile search.
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Semantic entailment is the problem of determining if the mean-
ing of a given sentence entails that of another. This is a fundamen-
tal problem in natural language understanding that provides a broad
framework for studying language variability and has a large number
of applications. We present a principled approach to this problem
that builds on inducing re-representations of text snippets into a hi-
erarchical knowledge representation along with a sound inferential
mechanism that makes use of it to prove semantic entailment.

1 Introduction

Semantic entailment is the task of determining, for example,
that the sentence: “WalMart defended itself in court today
against claimsthat its femal e empl oyees were kept out of jobs
in management because they are women” entails that “\\al-
Mart was sued for sexual discrimination”.

Determining whether the meaning of a given text snippet
entailsthat of another or whether they have the same meaning
is a fundamental problem in natural language understanding
that requires the ability to abstract over the inherent syntac-
tic and semantic variability in natural language [Dagan and
Glickman, 2004]. This challenge is at the heart of many high
level natural language processing tasks including Question
Answering, Information Retrieval and Extraction, Machine
Translation and others that attempt to reason about and cap-
ture the meaning of linguistic expressions.

Research in natural language processing in the last few
years has concentrated on developing resources that provide
multiple levels of text analysis (both syntactic and semantic),
resolve various context sensitive ambiguities, and identify ab-
stractions (from syntactic categories like POS tags to semantic
ones like named entities), and the text relational structures.

Indeed, several decades of research in natural language
processing and related fields have made clear that the use of
deep structural, relational and semantic properties of text is a
necessary step towards supporting higher level tasks. How-
ever, beyond these resources, in order to support fundamen-
tal tasks such as inferring semantic entailment between two
texts snippets, there needs to be a unified knowledge repre-
sentation of the text that (1) provides a hierarchical encod-
ing of the structural, relational and semantic properties of the
given text, (2) is integrated with learning mechanisms that
can be used to induce such information from raw text, and (3)
is equipped with an inferential mechanism that can be used
to support inferences with respect to such representations.

1678

danr,

nmesamon}@s. ui uc. edu

Just resorting to general purpose knowledge representations
— FOL based representations, probabilistic representations or
hybrids — along with their corresponding general purpose in-
ference algorithms is not sufficient.

We have developed an integrated approach that provides
solutions to all challenges mentioned above. We formally
define the problem of semantic entailment for Natural Lan-
guage and present a computational approach to solving it, that
consists of a hierarchical knowledge representation language
into which we induce appropriate representations of the given
text and required background knowledge, along with a sound
inferential mechanism that makes use of the induced repre-
sentation to determine entailment. Our inference approach is
formalized as an optimization algorithm that we model as an
integer linear programming problem. The preliminary evalu-
ation of our approach is very encouraging and illustrates the
significance of some of the key contributions of this approach.

1.1 General Description of Our Approach

Given two text snippets S (source) and 7' (target) (typically,
but not necessarily, S consists of a short paragraph and 7',
a sentence) we want to determine if SE=7", which we read
as “S entails 7 and, informally, understand to mean that
most people would agree that the meaning of .S implies that
of T. Somewhat more formally, we say that S entails T’
when some representation of 7" can be “matched” (modulo
some meaning-preserving transformations to be defined be-
low) with some (or part of a) representation of S, at some
level of granularity and abstraction.

The approach consists of the following components:
KR: A Description Logic based hierarchical knowledge
representation, EFDL, into which we re-represent the surface
level text representations, augmented with induced syntactic
and semantic parses and word and phrase level abstractions.
KB: A knowledge base consisting of syntactic and seman-
tic rewrite rules, written in EFDL.
Subsumption:  An extended subsumption algorithm which
determines subsumption between EFDL expressions (repre-
senting text snippets or rewrite rules). “Extended” here means
that the basic unification operator is extended to support sev-
eral word level and phrase level abstractions.

First a set of machine learning based resources are used to
induce the representation for S and T'. The entailment algo-
rithm then proceeds in two phases: (1) it incrementally gen-
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|S: Lung cancer put an end to the life of Jazz singer Marion Montgomery on Monday. |

| S1': Lung cancer killed Jazz singer Marion Montgomery on Monday.

|sz‘: Jazz singer Marion Montgomery died of lung cancer on Monday. |
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WORD: cancer WORD: on WORD: Monday
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Figure 1: Example of Re-represented Source & Target pairs as concept graphs. The original source sentence S generated several alternatives
including S7 and the sentence in the figure (S3). Our algorithm was not able to determine entailment of the first alternative (as it fails to match
in the extended subsumption phase), but it succeeded for S5. The dotted nodes represent phrase level abstractions. S5 is generated in the first
phase by applying the following chain of inference rules: #1 (genitives). “Z’s W — W of Z”; #2: “X put end to Y’s life — Y die of X”. In
the extended subsumption, the system makes use of WordNet hypernymy relation (“lung cancer” 1s-A “carcinoma”) and NP-subsumption
rule (*Jazz singer Marion Montgomery'” 1S-A “singer”). The rectangles encode the hierarchical levels (Ho, H1, H2) at which we applied the
extended subsumption. Also note that in the current experiments we don't consider noun plurals and verb tenses.

erates re-representations of the original representation of the
source text .S and (2) it makes use of an (extended) subsump-
tion algorithm to check whether any of the alternative repre-
sentations of the source entails the representation of the target
T. The subsumption algorithm mentioned above is used in
both phases in slightly different ways.

Figure 1 provides a graphical example of the representa-
tion of two text snippets, along with an sketch of the extended
subsumption approach to decide the entailment.

Along with the formal definition developed here of seman-
tic entailment, our knowledge representation and algorithmic
approach provide a novel solution that addresses some of the
key issues the natural language research community needs to
address in order to move forward towards higher level tasks of
this sort. Namely, we provide ways to represent knowledge,
either external or induced, at multiple levels of abstractions
and granularity, and reason with it at the appropriate level.

2 Experimental Evaluation

Data. We tested our approach on the PASCAL challenge data
set (http://www.pascal-network.org/Challenges/RTE/). As the sys-
tem was designed to test for semantic entailment, the PAS-
CAL data set is ideally suited, being composed of 276 source
- target sentence pairs, indicating whether the source logi-
cally entails the target. The set is split into various tasks: cD
(Comparable Documents), 1E (Information Extraction), MT
(Machine Translation), pp (Prepositional Paraphrases), QA
(Question Answering), and RC (Reading Comprehension).

In Table 1 we show the system’s performance. The base-
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line is a lexical-level matching based on bag-of-words repre-
sentation with lemmatization and normalization (LLM).

Perform. | Overall Task [%)]

(%] CD | IE R MT | PP | QA | RC
System 64.8 740 | 350 | 620 | 875 | 63.8 | 84.0 | 49.0
LLM 54.7 64.0 | 50.0 | 50.0 | 75.0 | 55.2 | 50.0 | 52.9

Table 1: System’s performance obtained for each experiment on the
Pascal corpora and its subtasks.
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Abstract

In this paperwe introduceexamination dialogues,
anadditionto the dialoguetypology of Waltonand
Krabbe. In educationakettingsthe purposeof di-
alogueis often to elicit the position of a student,
e.g. to testunderstandingln othersettings,a fre-
guently adoptedtactic is to attackan opponent
stanceby exposinginternalinconsistencies their
argument. In real debatesuchinconsistenciesvill
often be rather more subtle than elementarylog-
ical fallaciessincethey arisefrom contradictions
apparentn the opponens value system. Protag-
onistswill be betterpositionedto judgethe appli-
cability of this tacticasmoreinformationis deter
mined concerningthe exact natureof their oppo-
nents caseg.g.theagumentfavouredandvalues
endorsedOneobstacle however, is thatfollowing
arequesto statea view, the challengecparty may
refuseto comment.In this paperwe presentanap-
proachto modelling the evolution of examination
dialogueshasedon the conceptof value-basedr
gumentframevorks and outline somealgorithmic
issuegegardingamgumentselection.

1 Introduction

Oneimportantclassof dialoguenot foundin the influential
typology of [Walton and Krabbe, 1999 is the examination

dialogue. In suchdialoguesoneparty — the Questioner Q —
elicits statementandopinionsfrom another theResponder

R - with theaim of discorering R’s positionon sometopic,
eitherto gain insightinto R’s understandingndknowledge
of the topic, or to exposean inconsisteng in R’s position.
Examplesinclude educationby the Socratic method, viva

voce examination,crossexaminationof witnessesandpolit-

ical interviews. In contrastto informationseekingor inquiry
dialogues,Q may alreadyhave beliefson the topic: unlike
persuasiordialogues,Q may have no intention of corvert-
ing R to his position. Examinationdialoguesmay, however,

be nestedwithin informationseekingdialogues:probingfor

inconsistenyg increasesonfidencen theveracityof R’s be-
liefs; similarly, in persuasiordialogues,exposinginconsis-
teng is ausefulpreludeto persuasion.
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In examination dialoguesthe dialogue processoccurs
within an ervironmentof relevant facts,aguments andre-
latedissueghatis (atleastimplicitly) recognisecandunder
stoodby bothpartiese.g.commonknowledgeof the subject
in educationatettings mattersof specificpoliciesandlegis-
lation in political interviews; issuesof evidenceandwitness
testimoty in trials; detailsof incidentsunderinvestigationin
questioningsuspects.In this paperour aim is to describea
genericabstractmodelwithin whichtheevolution of suchex-
aminationdialoguescanbe analysed.In additionwe outline
anapproachintendedo aid Q in selectingguestions.

The foundationalelementfor our model is provided by
the Value-basedArgumentFramavorks (VAFs) of [Bench-
Capon,2003, a developmentof the classicalargumentsys-
temsof [Dung, 1999, which offer a richer interpretationof
the conceptof anamgumentz “attacking” anargumenty. In
additionto the computationahdvantage®utlinedin [Bench-
Capon,200d, further indicationsthat vAFs provide a suit-
able mechanisnfor our analysisis presentedyy the meth-
odsdiscussedn [DunneandBench-Capon20044. A brief
overview of VAFsis givenin Section2 andour modelof ex-
aminationdialoguepresentedn Section3. In Section4 we
outline somealgorithmic aspectsnvolving argumentselec-
tion in this schemeConclusionsarepresentedn Section5.

2 Value-Based Argument Frameworks

Value-basedargumentationframeworks are introducedin
[Bench-Capon200d asa developmentof the model of ar
gumentsystemsvia directedgraphs® = (X, .A) proposed
in [Dung, 1995. A value-based argumentation framework
(VAF) is definedas (X, A, V,n), where (X, A) is an amgu-
mentsystem,V = {vy,vq,...,v;} is asetof k values, and
7 : X — V associateavaluen(z) € V with eachargument
x € X. An audience ¢ for aVAF (X, A, V,n) is atransitve
andirreflexive binary relationon V. A pair (v;,v;) in ¥ is
referredto as‘v; is preferred to v;" with respecto 9.

Ideas analogousto those in Dung’s amgument system
are now definedrelatve to someaudience: S C X is
conflict-free w.rt. ¢ if V z,y € S: (z,y) € A =
(n(y),n(x)) € ¥; x is acceptabléo S w.rt. 9 if Vy € X
(y,z) € A= ((n(z),nly)y € dord z € Ss.t.(z,y) €
Aand{n(y),n(z)) ¢ 9); S is admissiblew.r.t ¢ if each
x € S isacceptabléo S w.r.t. 9.
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3 Examination Dialoguesin VAFs

In keepingwith the obsenation that debatesf interesttake
placewithin somerecognisectontet, we view this context
asaVvAF G = (X, A, V,n). A debate in the context of G is a
sequence s . . . i, of at most 2| X'| 41 moves: oddindexed
movesbeingplayedby Q andevenindexed movesby R.

Supposehe next move to be madeis ps; 1 (¢ > 1). The
optionsfor the next move(s)— 12,1 - po; —are,

(8) p2;—1 = ASK(p): Q asksR theirview onp € X'; ASK(p)
is legal provided that it hasnot occurredat an earlier point
in thedebatej.e. ¥V j < ¢ usj—1 # ASK(p). Theresponse
w2, is one of ACCEPT(p) (R agreeswith p); DENY(p) (R
doesnot agreewith p); or NO-COMMENT(p) (R refusesto
sayanything aboutp).

(b) p2;—1 = FOUND(p, STAT(p)): herep is an agumentto
which R hasrespondedio-COMMENT(p) afterAsk(p) ear
lier. Q expresses claimto know R's view of p asaccepted
(STAT = ACCEPT) or otherwise(STAT = DENY).

(€) n2i—1 = RESOLVE(S): S is a setof agumentsall of
which have beenasled aboutwith nonereceving a “NoO-
COMMENT" reply. Q assertdhatat least oneof thesereplies
cannotbe correctwith respecto the contet G.

(d) p2;—1 = CONCEDE: Q canneitherdetermineR’sview in
respecbf NO-COMMENT argumentsnor exposeinconsisten-
ciesin the collectionof “definite” responses.

The debateendsonceone of the moves(b)—(d)is played.
Notingthatwe assuméb) or (c) canbeplayedonly if Q may
justify theclaim made theseresultin a“win” for Q, whereas
(d) resultsin a“win” for R.

As avery simpleexampleconsider: X’ = {z,y,z}; A =
{(2,9),(y,2), (z,2)}; V = {A, B}; andy(x) = n(z) = A;
n(y) = B. If R repliesNO-COMMENT(y) Or DENY (y)
to Ask(y) thenQ wins (by playing FOUND(y, ACCEPT) or
RESOLVE(y)) since,regardlessof whetherR's audiencen-
cludes(4, B) or (B, A), R mustaccepty. Ontheotherhand
— assumingR repliesACCEPT(y) — the only responsese-
gardingR’s view of {z, z} that could leadto a win for Q
arewhenexactly one NO-COMMENT occurs;or it is claimed
bothareacceptedpr bothdenied.NoticethatmayR. report
(ACCEPT(x), DENY (2)) (or vice versa) despitebelieving oth-
erwiseandQ will beunableto detectthis.

In generalwithin suchdebatecontets, bothplayershave a
numberof non-trivial stratgyic issuedo resohe. In particular
assumingthat R. wishesto hide information (and therefore
will eitherrespond‘NO-COMMENT” and/ormisreportsome
views), R may have to form a partition of X determining
thosequerieso which falseandtrueresponsewill begiven.
We notethat,asindicatedin the smallexampleabore, refus-
ing to commenton ary argumentor misreportingthe status
of every agumentmayfail to be a successfustratey; more-
over it is an easyconsequencef [DunneandBench-Capon,
20044 thatthe decisionproblemfacedby R determiningif
classifyingp asNO-COMMENT loses,is coNP—complete.

4 Choosing Arguments

We concludethe brief technicaldiscussionpy outlining an
approacho queryselectionthatis basedon a translationto
propositionaformulae.Given (X, A, V. n), in orderfor p €
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X tobeacceptedv.r.t. atleastoneaudience’, it mustbelong
to anadmissiblew.r.t. ¥ setS C &'. Considerdisjoint setsof
propositionalvariablesZ andW = {w; ; : 1 < i # j < k}.
Definethe function, f(Z, W) via: f(a,3) = T if andonly
if thesubsetS of X indicatedby o, i.e. z; € S < a; =T,
is admissiblewith the binary relation ¢ encodedin 3, i.e.
(vi,vj) € ¥ & fB;; = T and this relationshipis an au-
dience,i.e. irreflexive andtransitve. This function canbe
describedby a “short” propositionalformula ® ¢ (Z, W) of
lengthO(|.A| + k?) thatwith the additionof at mostO(|.A|)
auxiliary variables(D) translatego an equivalent cNF for-
mula, ¥ ¢(Z, W, D) with O(]A| + k?) clausesthelongestof
which containsat most2 + max,ex |[{y : (y,z) € A} lit-
erals. Using ¥ ; the stratgy pursuedby Q will beto obtain
responsesrom R thatresultin ¥, evaluatingto L (i.e. R
is inconsistentpr to infer the uniqueinstantiationof z; that
satisfiesl » with therepliesalreadygiven.

5 Conclusions and Development

We have introduceda classof question-responseialogues
— examination dialogues— and modelledthem using VAF
schematasthe basisfor representingelatedknowledge. A
numberof issues- boththeoreticabndapplicatve —form the
subjectof work in progressin additionto on-goingempirical
investigationsof agumentselectionstratgiesemplg/ing the
propositionaltranslationbriefly outlinedin Section4 there
are several questionsof interestregarding propertiesof the
modelwhenthe protagonistarelimited” in differentways.
Thus,to whatextentis Q atanadwantagef anupperbound
is placedon the numberof “NO-COMMENT” and/orfalsere-
sponseR canmake? Similarly, if Q is restrictedto some
maximumnumberof questiongratherthanbeingallowedto
askaboutthe statusof every agumentin X)) it is likely that
Q mustadopta dynamicselectionmechanism(ratherthan
choosinga setto queryin advance)soasto adapteffectively
to R’sresponses.
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Abstract

The textual entailment problem is to determine if a
given text entails a given hypothesis. This paper
describes first a general generative probabilistic
setting for textual entailment. We then focus on the
sub-task of recognizing whether the lexical con-
cepts present in the hypothesis are entailed from
the text. This problem is recast as one of text cate-
gorization in which the classes are the vocabulary
words. We make novel use of Naive Bayes to
model the problem in an entirely unsupervised
fashion. Empirical tests suggest that the method is
effective and compares favorably with state-of-the-
art heuristic scoring approaches.

Textual Entailment

Many Natural Language Processing (NLP) applications
need to recognize when the meaning of one text can be ex-
pressed by, or inferred from, another text. Information Re-
trieval (IR), Question Answering (QA), Information Extrac-
tion (IE) and text summarization are examples of applica-
tions that need to assess such semantic overlap between text
segments. Textual Entailment Recognition has recently been
proposed as an application independent task to capture such
semantic inferences and variability [Dagan et al., 2005]. A
text ¢ textually entails a hypothesis # if 7 implies the truth of
h. Textual entailment captures generically a broad range of
inferences that are relevant for multiple applications. For
example, a QA system has to identify texts that entail the
expected answer. Given the question "Where was Harry
Reasoner born?", a text that includes the sentence "Harry
Reasoner’s birthplace is lowa" entails the expected answer
form "Harry Reasoner was born in Iowa." In many cases,
though, entailment inference is uncertain and has a probabil-
istic nature. For example, a text that includes the sentence
"Harry Reasoner is returning to his lowa hometown to get
married." does not deterministically entail the above answer
form. Yet, it is clear that it does add substantial information
about the correctness of the hypothesized assertion.

* This work was supported in part by the IST Programme of the
European Community, under the PASCAL Network of Excellence,
IST-2002-506778. This publication only reflects the authors’ views.
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A Probabilistic Setting

We propose a general generative probabilistic setting for
textual entailment. We assume that a language source gen-
erates texts within the context of some state of affairs. Thus,
texts are generated along with hidden truth assignments to
hypotheses. We define two types of events over the corre-
sponding probability space:

I) For a hypothesis &, we denote as Tr;, the random variable
whose value is the truth value assigned to 4 in the world of
the generated text. Correspondingly, Tr,=1 is the event of &
being assigned a truth value of 1 (True).

II) For a text #, we use t to denote also the event that the
generated text is 7.

Textual entailment relationship: We say that 7 probabilis-
tically entails & (denoted as r=>h) if ¢ increases the likeli-
hood of % being true, that is if P(Tr, = 11 ) > P(Tr,= 1).
Entailment confidence: We quantify the marginal amount
of information contributed by the text to assessing the truth
of the hypothesis relative to its prior with the pointwise mu-
tual information: I(Tr,=1,f)=log(P(Tr, = 11 ) / P(Tr,= 1)).

An Unsupervised Lexical Model

The proposed setting above provides the necessary ground-
ing for probabilistic modeling of textual entailment. How-
ever, it is important to bear in mind that it is not trivial to
estimate the constituent probabilities in the definition of
textual entailment since the truth assignments of hypotheses
for the corpus’ texts are not observed.

Lexical Entailment as Text classification
As modeling the full extent of the textual entailment prob-
lem is a long term research goal, we focus on a sub task we
term lexical entailment - recognizing if the individual lexi-
cal concepts in a hypothesis are entailed from a given text.
When estimating the entailment probability we assume
that the truth probability of a term in a hypothesis 4 is inde-
pendent of the truth of the other terms in /, obtaining:
P(Tr;, = 117) =11,c,P(Tr,=1lt) )
P(Try=1) = 1LeP(Tr=1)
At this point, it is perhaps best to think of the entailment
problem as a text classification task in which the classes are
an abstract binary notion of lexical truth (for the different
words in the vocabulary). First, we construct the initial la-
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beling based solely on the explicit presence or absence of
each u in . Then we apply Naive Bayes in an unsupervised
fashion that derives analytically from the defined probabilis-
tic setting.

Initial Labeling

As an initial approximation, we assume that for any docu-
ment in the corpus the truth value corresponding to a term u
is determined by the explicit presence or absence of u in that
document.

In some respects the initial labeling is similar to systems
that perform a Boolean search (with no expansion) on the
keywords of a textual hypothesis in order to find candidate
(entailing) texts. Of course, due to the semantic variability
of language, similar meanings could be expressed in differ-
ent wordings, which is addressed in the subsequent model.
The initial labeling, however, may provide useful estimates
for this model.

Naive Bayes Refinement

Following the standard naive Bayes assumption, we can
rewrite the probability P(Tr,=1l¢) as in (2). In this way we
are able to estimate P(Tr,=1lf) based on the prior P(vl Tr,=1)
and the lexical probabilities P(v| Tr,=1) and P(v| Tr,=0) for
every u, v in the vocabulary V. These probabilities are easily
estimated from the corpus given the initial model’s estimate
of truth assignments, assuming a multinomial event model
for documents and Laplace smoothing ([McCallum and Ni-
gam, 1998]).

P(Tru = 1)1_[VE[P(V | TI'M = 1)
Zee{o,u )P(Tru = C)nva P(vl Tr, =c¢)

From above equations we have a refined probability esti-
mate for P(Tr,=1I f) and P(Tr,=1) for any arbitrary text  and
hypothesis . The criterion for turning probability estimates
into classification decisions is derived analytically from our
proposed probabilistic setting of textual entailment. We
classify positively for entailment if P(Tr,=11 ) > P(Tr,=1)
and assign a confidence score of log(P(Tr,=11¢) / P(Tr,=1))
for ranking purposes. In fact, the empirical evaluation
showed this analytic threshold to be almost optimal.

(@)

P(Tr, =11t) =

1 Empirical Evaluation

Experimental Setup

Though empirical modeling of semantic inferences between
texts is commonly done within application settings, there is
no common dataset available to specifically evaluate a tex-
tual entailment system. In order to test our model we there-
fore needed an appropriate set of text-hypothesis pairs. We
chose the information seeking setting, common in applica-
tions such as QA and IR, in which a hypothesis is given and
it is necessary to identify texts that entail it. The evaluation
criterion is application-independent based on human judg-
ment of textual entailment.

Experiments were done on the Reuters Corpus Volume 1.
An annotator chose 50 sentential hypotheses from the cor-
pus sentences. We required that the hypotheses convey a
reasonable information need in such a way that they might
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correspond to potential questions, semantic queries or IE
relations. We created a set of candidate entailing texts for
the given set of test hypotheses, by following common prac-
tice of morphological and WordNet-based expansion. Boo-
lean search (with expanded words) was performed at the
paragraph level over the full Reuters corpus. Paragraphs
containing all original words of the hypothesis or their mor-
phological derivations were excluded from the result set and
selected a random set of 20 texts for each of the hypotheses.
The resulting dataset was given to two judges to be anno-
tated for entailment. Corresponding to the notion of textual
entailment, judges were asked to annotate a text-hypothesis
pair as true if, given the text, they could infer with some
confidence that the hypothesis is true. They were instructed
to annotate the example as false if either they believed the
hypothesis to be false given the text or if the text is unre-
lated to the hypothesis. A subset of 200 pairs was cross-
annotated for agreement, resulting in a moderate Kappa
statistic of 0.6. Overall, the annotators deemed 48% of the
text-hypothesis pairs as positive examples of entailment.

Empirical Results

We trained our model on the Reuters corpus, classified the
text-hypothesis pairs of the dataset and compared the
model’s prediction with the human judgments. The resulting
(macro) average accuracy was 70%. Since our dataset did
not include texts containing all content words of the hy-
potheses, the baseline model would have predicted none of
the pairs to be correct (i.e. the text entails the hypothesis)
yielding an average accuracy of only 52%.

We also compared our system’s ranking ability. The en-
tailment confidence score was used to rank the various texts
of each hypothesis. The average confidence weighted score
(cws) was measured for each hypothesis. The resulting cws
macro average was 0.54 compared to average cws of 0.49
for random ordering. For further comparison, a state of the
art idf semantic overlap measure [Saggion et al., 2004;
Monz and de Rijke, 2001] achieved a score of 0.51. Though
our model performs just slightly better, the results are statis-
tically significant at the 0.02 level.
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Abstract

A formal structural representation of speech is pre-
sented in this paper. The representation is de-
veloped within the Evolving Transformation Sys-
tem (ETS) formalism and encapsulates speech pro-
cesses at the articulatory level. We show how the
class structure of several consonantal phonemes of
English can be expressed via articulatory gestures.
Elements of these classes can be detected in a cor-
responding structural representation of continuous
speech. Our experimental results on the MOCHA
articulatory corpus support the hypothesis that the
proposed articulatory representation captures suffi-
cient information for the accurate structural identi-
fication of phonemic classes.

1 Introduction

Despite the evident success of numerical approaches to mod-
elling of speech, they are often criticised for having little rela-
tion to actual human speech production/recognition [Jelinek,
1997, p. 10]. The alternative, structural, means of pattern
representation have, however, received little attention. In our
view, one of the main reasons for this situation is the appar-
ent lack of suitable structural frameworks possessing the nec-
essary formal power to accommodate the representation of
classes of complex linguistic phenomena (e.g. phonemes and
syllables). It is hypothesised that the appearance of such a
systematic analytical framework and the development of ap-
propriate representations within it may help to bridge the gap
between speech recognition and linguistic research.

On the linguistic side, the motivation for this work
comes from the theory of articulatory phonology [Brow-
man and Goldstein, 1992], in which vocal tract action
during speech production is decomposed into discrete, re-
combinable atomic units known as gestures. Compared to
traditional approaches—such as distinctive phonological fea-
tures [Jakobson and Halle, 1971]—the gestural approach is
more physiologically concrete and offers a compact means of
representing the truly asynchronous nature of speech, allow-
ing for better interpretations of complex phonological phe-
nomena (such as co-articulation).

The Evolving Transformation System (ETS), outlined
in [Goldfarb er al., 2004], is a radically new formal frame-
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Organ  Semantics Group Organs G
UL upper lip bilabial closure UL,LL 6
LL lower lip tongue dorsum height TD 4
Ul upper incisor tongue tip height TT 4
TD tongue dorsum labiodental contact Ul LL 4
TT tongue tip velic aperture VL 4
VL velum velar contact TD,VL 2
HP hard palate alveolar contact TT, AR 2
AR alveolar ridge palatal contact TT,HP 2
VF vocal folds voicing VF 2

Table 1: Articulatory organs (left) involved in the production
of various groups of primitive gestures (right).

work for the structural representation of “natural” processes.
ETS suggests that the representation of each such process
should include its “formative history”, which is a series of
“operations” (primitives) acting on the constituent elements
(sites) of the process. Such formative histories (structs)
should contain some regular “chunks” (transforms). A class
representation in ETS is a finite set of closely related trans-
forms, out of which the corresponding class elements—
processes—can be constructed. In our ETS representation of
gestural speech structure, the natural process we model is the
physiological process of articulation.

2 Articulatory Structure according to ETS

The units of representation corresponding to articulatory or-
gans and primitive articulatory gestures are ETS sites and
primitives, respectively. Informally, an ETS primitive is a unit
of temporal structure of a process, describing the structural
transformation of its set of “initial” sites into its set of “ter-
minal” sites, where an ETS site is the smallest/unstructured
representational unit within a process. In the articulatory rep-
resentation, a primitive is identified with a change in the in-
teraction of one or more of the associated articulatory organs,
which are expressed as sites.

The left-hand side of Table 1 lists all of the ETS sites used
in the representation, along with the corresponding interpreta-
tion. The right-hand side of Table 1 shows the groups of prim-
itive gestures used in this study. For each group, the relevant
sites (articulators) and the number of distinct constituent ges-
tures (primitives) G are shown. Informally, a group consists
of semantically and syntactically related primitive gestures
involving similar articulators. Pictorially, it is convenient to
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Vibration of the Vocal Folds Velar Closure
D D ™D VL D VL
D D D VL D VL

Bilabial Closure
LL UL LL UL LL UL
Lips D)
Bring Mid
LL UL LL UL LL UL

Figure 1: Several of the ETS primitives used in this represen-
tation, grouped by articulatory category.

represent primitives as convex shapes, with initial sites de-
picted as points on the upper half, and terminal sites depicted
as points on the lower half. Some of the 30 primitives used
in the articulatory representation are given in Figure 1. Three
groups are shown: two articulatory gestures of the vocal folds
resulting in voiced or unvoiced sounds, the two gestures par-
ticipating in velar closure, and three of the six gestures mod-
elling the aperture of the lips (bilabial closure).

An ETS struct is a temporally-ordered sequence of con-
nected primitives capturing the “history” of the correspond-
ing process. Within our articulatory representation, a struct is
identified with a sequence of primitive gestures, which are hy-
pothesised to encapsulate the gestural structure of any given
utterance (note that any utterance can itself be interpreted as
a highly non-trivial gesture). Figure 2 depicts the gestural
structure of the word “get” in our representation. The articu-
lation of /g/, for instance, has a simple interpretation: a velar
constriction is formed and then released. The formation of
the constriction is achieved when the tongue dorsum TD first
rises to its maximum position (TD-RaiseMax) at 0.248 sec
completing the constriction before the phoneme boundary by
touching the velum VL (VC-Touch) at 0.266 sec). The con-
striction release is accomplished by lowering the tongue dor-
sum TD (TD-LowerMid) at 0.416 sec, then parting the tongue
dorsum TD from the velum VL (VC-Part) at 0.460 sec). Note:
vibration of the vocal folds VF (VFV-Start) occurs at the on-
set of /g/ at 0.380 sec.

An ETS transform is an encapsulation of a regular tem-
poral pattern of primitives. An ETS supertransform is a set
of closely-related transforms specifying the description of a
class, where structural variations account for noise in the
class. Note that the learning of class structure is described
in [Goldfarb er al., 2004] and is outside of the scope of
this paper. In the articulatory representation, a supertrans-
form is identified with the family of articulatory gestures that
collectively describe the class structure of a single, general
phoneme. We defined 14 consonantal classes (see, for exam-
ple, the identified phoneme /g/ in Figure 2).

We developed a structural matching algorithm for detect-
ing the presence of an ETS transform in a given struct. It per-
forms a rooted depth-first search in O(n?logn) time, where
n is the number of primitives in the transform to be matched.
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Figure 2: Partial ETS struct describing the gestural structure
of the word “get”, constructed using primitive gestures de-
tected on-the-fly in sample data. The transform correspond-
ing to phoneme /g/ is identified with a dotted line.

3 Experiments and Discussion

Our goal was to assess the performance of the 14 ETS su-
pertransforms via the structural matching algorithm against
structures derived following [Gutkin and King, 2005] from
real data (920 MOCHA utterances, 32169 ETS primitives).
Out of 9878 phonemes, 7679 were classified correctly and
278 failed to match against any of the 14 available classes.
The overall accuracy is 77.74%. Analysis shows that /n/
was often misclassified as /d/ and /m/ as /b/, both due to a
failure of the pre-processor to detect the corresponding phys-
iological changes. We expect performance to improve with a
more accurate pre-processor and refined class descriptions.

References

[Browman and Goldstein, 1992] C. Browman and L. Gold-
stein. Articulatory Phonology: An Overview. Phonetica,
49:155-180, 1992.

[Goldfarb et al., 2004] L. Goldfarb, D. Gay, O. Golubitsky,
and D. Korkin. What is a structural representation? Tech-
nical Report TR04-165, Faculty of Computer Science,
University of New Brunswick, Canada, April 2004.

[Gutkin and King, 2005] A. Gutkin and S. King. Detection
of Symbolic Gestural Events in Articulatory Data for Use
in Structural Representations of Continuous Speech. In
Proc. ICASSP, Philadelphia, March 2005.

[Jakobson and Halle, 1971] R. Jakobson and M. Halle. Fun-
damentals of Language. Mouton de Gruyter, 1971.

[Jelinek, 1997] F. Jelinek. Statistical Methods for Speech
Recognition. MIT Press, Cambridge, MA, March 1997.

1685



Sentence Extraction for Legal Text Summarisation

Ben Hachey and Claire Grover
University of Edinburgh
School of Informatics
2 Buccleuch Place
Edinburgh EH8 9LW, UK
{bhachey,grové@inf.ed.ac.uk

Abstract 2 Classification and Relevance
We describe a System for generaﬂng extractive Following from [Kupiecet al,, 1995, machine Iearning has
summaries of texts in the legal domain, focus- been the standard approach to text extraction summarisation
ing on the relevance classifier, which determines as it provides an empirical method for combining different in-
which sentences are abstract-worthy. We experi- formation sources about the textual unit under consideration.
ment with néve Bayes and maximum entropy es- For relevance prediction, we performed experiments with

timation toolkits and explore methods for selecting publicly available nive Bayes (NB) and maximum entropy
abstract-worthy sentences in rank order. Evaluation ~ (ME) estimation toolkits. The NB implementation, found in
using standard accuracy measures and using corre-  the Wekatoolkit, is based on John and Langley:999 al-
lation confirm the utility of our approach, but sug- gorithm incorporating statistical methods for nonparametric
gest different optimal configurations. density estimation of continuous variables. The ME estima-
tion toolkit, written by Zhang Le, contains a C++ implemen-
: tation of the LMVM [Malouf, 2003 estimation algorithm.
1 Introduction For ME, we use thaVekaimplementation of Fayyad and
In the sum project we are developing a system for summaris-rani's [1993 MDL algorithm to discretise numeric features.
ing legal judgments that is generic and portable and which The features that we have been experimenting with for the
maintains a mechanism to account for the rhetorical strucHOLJ corpus are broadly similar to those used by Teufel and
ture of the argumentation of a case. Following Teufel andMioens[2004. They consist ofocation features encoding the
Moens[2004, we are developing a text extraction systemposition of the sentence in document, speech and paragraph;
that retains a flavour of the fact extraction approach. This isthematic wordsfeature encoding the averatisidf weight
achieved by combining sentence selection with informatiorof the sentence terms; sentence lengthfeature encoding
aboutwhy a certain sentence is extracted—e.g. is it part of ahe number of tokens in the sentengeptation features en-
judge’s argumentation, or does it contain a decision regardingoding percentage of sentence tokens inside and in-line quote
the disposal of the case? In this way we are able to producand whether or not the sentence is inside a block qeotity
flexible summaries of varying length and for various audi-features encoding the presence or absence of named entities
ences. Sentences can be reordered, since they have rhetoritathe sentence; antlie phrasefeatures.
roles associated with them, or they can be suppressed if a userThe term ‘cue phrase’ covers the kinds of stock phrases
is not interested in certain types of rhetorical roles. which are frequently good indicators of rhetorical status (e.g.
We have prepared a new corpus of UK House of Lordgphrases such aghe aim of this studyn the scientific arti-
judgments goLJ) for this work which contains two layers of cle domain andt seems to me thah the HoLJ domain).
manual annotation: rhetorical role and relevance. The rhetoffeufel and Moens invested a considerable amount of effort
ical roles represent the sentence’s contribution to the overalh building hand-crafted lexicons where the cue phrases are
communicative goal of the document. In the caseiofs  assigned to one of a humber of fixed categories. A primary
texts, the communicative goal for each lord is to convinceaim of the current research is to investigate whether this infor-
their peers of the soundness of their argument. In the curremhation can be encoded using automatically computable lin-
version of the corpus there are 69 judgments which have beeguistic features. If they can, then this helps to relieve the
annotated for rhetorical role. The second manual layer is arburden involved in porting systems such as these to new do-
notation of sentences for ‘relevance’ as measured by whethenains. Our preliminary cue phrase feature set includes syn-
they match sentences in hand-written summaries. In the cutactic features of the main verb (voice, tense, aspect, modal-
rent version of the corpus, 47 of the 69 judgments which havéty, negation). We also use sentence initial part-of-speech and
been annotated for rhetorical role have also been annotate#ntence initial word features to roughly approximate formu-
for relevance. A third layer of annotation is automatic linguis-laic expressions which are sentence-level adverbial or prepo-
tic annotation, which provides the features which are used bgitional phrases. Subject features include the head lemma,
the rhetorical role and relevance classifiers. entity type, and entity subtype. These features approximate
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NB ME NB ME

P R F P R F I C I C
Cue 349|215 266 | 66.6 | 15.2 | 24.8 Cue 0.187| 0.187 | 0.208 | 0.208
Entities 30.7| 26.4| 284 | 66.8 | 154 | 25.1 Entities 0.103| 0.211| 0.056 | 0.219
Them. Words| 32.2 | 26.9 | 29.3 | 68.6 | 15.7 | 25.5 Them. Words| 0.016 | 0.211 | 0.000 | 0.227
Location 316 | 27.2| 29.2 | 73.4| 164 | 269 Location 0.104 | 0.229 | -0.031 | 0.166
Quotations 31.2| 27.7| 294 | 71.7 | 17.4| 28.0 Quotations 0.092 | 0.233| 0.093| 0.187
Sent. Length | 31.7 | 29.4 | 29.8 | 71.4 | 16.9 | 27.3 Sent. Length | 0.069 | 0.235| 0.000 | 0.175

Table 1: Accuracy measures fgespredictions. Table 2: Point-biserial correlation coefficients.

the hand-codedgentfeatures of Teufel and Moens. A main @nd maximum entropy (ME).The | column has scores for
verb lemma feature simulates Teufel and Moeng® of ac- the individual feature sets and the C column has cumula-
tion and a feature encoding the part-of-speech after the maitive scores. The correlation results are strikingly different for

verb is meant to capture basic subcategorisation informatiorlyB @nd ME. While NB successfully incorporates all features
(rpp = 0.235), ME performs best using only cue phrase, entity

. and thematic word featuresyf = 0.208). For ME, the loca-
3 Experimental Results tion feature set actually gives a negative correlation. Judging

Table 1 contains cumulative precisioR)( recall ®) and f- DY these results, we would again be likely to choose NB.
scores ) for the ndve Bayes (NB) and maximum entropy .
(ME) classifiers on the relevance classification th3kough 4 Conclusions and Future Work

only the cue phrase feature set performs well individually,| this paper, we have presented work on the automatic sum-
all feature sets contribute positively to the cumulative scoregnarisation of legal texts for which we have compiled a new
with the exception of sentence length for ME and quotationcorpus with annotation of rhetorical status, relevance and lin-
for NB. Both classifiers perform significantly better than a guistic markup. We presented sentence extraction results
baseline created by selecting sentences from the end of thg classification and ranking frameworks. iMa Bayes and
document, which obtair, RandF scores of 46.7, 16.0 and maximum entropy classifiers achieve significant improve-
23.8. F-SCQI’eS for the best fee.lture combinations are S|m||%ents over the baseline according to standard accuracy mea-
to the partial results reported in Teufel and Moé8602.  sures. We have also used the point-biserial correlation coeffi-
Taking the f-score as the best metric to optimise would leagtjent for quantitative evaluation of our extraction system, the
us to choose NB. results of which suggest diffierent optimal configurations. In
However, a basic aspect of summarisation system desig@urrent work, we are developing a user study that will help
especially a system that needs to be flexible enough to suffetermine empirically whether correlation coefficients are a

various user types, is that the size of the summary will be varipetter evaluation metric than precision and recall accuracy
able. For instance, students may need a 20 sentence summafgasures.

containing, for example, quite detailed background informa-

tion, to get the same information a judge would get from a 10References

sentence summary. Furthermore, any given user might wa

to request a longer summary for a certain document. So, wh discretizafi f conti lued atiributes for classificati

we actually want to do is rateow relevant/extract-worthy a | Iscretization of continuous-valued atinibutes for classitication

2 . earning. InIJCAI, 1993.

sentence is in such a way that will allow us to select sentences ) )

in rank order. Bearing this in mind, precision is probably thelJohn and Langley, 1995G. H. John and P. Langley. Esitmating

more important metric given that recall will be controlled by continuous distributions in bayesian classifiersUk, 1995.

the size of the summary. So, ME with all but sentence lengtiiKupiecet al, 1999 J. Kupiec, J. Pedersen, and F. Chen. A train-

features actually appears to be the better approach for sen- able document summarizer. 81GIR pages 68—73, 1995.

tence extraction. [Malouf, 2003 R. Malouf. A comparison of algorithms for maxi-
Since we need a ranking rather thayes/noclassification, mum entropy parameter estimation.GoNLL, 2002.

this might actually be considered a regression task. Howeve[teufel and Moens, 2002S. Teufel and M. Moens. Summarising

due to the way the corpus was annotated, the target attribute scientific articles- experiments with relevance and rhetorical sta-

is in fact binary. As both of our classifiers are probabilistic, tus. Computational Linguistic28(4):409-445, 2002.

we usep(y = yegx) as a way to rank sentences. To evaluate\yoif and Gibson, 2004 F. Wolf and E. Gibson. Paragraph-, word-
the ranking methods with respect to our binary gold standard, | and coherence-based approaches to sentence ranking: A com-
we use the point-biserial correlation coefficiengyj. Table parison of algorithm and human performanceA®L, 2004.

2 contains correlation coefficients between the gold standard

yes/noclassification ang(y = yegx) for ndive Bayes (NB)

t
Efayyad and Irani, 1993U. Fayyad and K. Irani. Multi-interval

INote that this is a strict evaluation that counts opdspredic- 2t has been argued that this is actually a better evaluation than
tions. Micro- and macro-averaging owagsandno predictions give  standard accuracy measures, which do not account for degree of
e.g. f-scores of 87.6 and 67.3 respectively for ME. agreemenkWolf and Gibson, 2004
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Abstract

We present a fault-tolerant formula interpreter that
aims at finding plausibly intended, formally correct
and contextually meaningful specifications from
user statements containing formal inaccuracies.

1 Motivation

Strong efforts are invested in supporting scientific publica-
tion environments in formal areas such as mathematics, with
powerful tools, including semantically-informed editors and
proof-checkers. Similarly, several research activities aim at
teaching reasoning and problem-solving skills in tutorial sys-
tems. In both settings, effective communication is frequently
hindered by sloppiness and low-level errors in specifying for-
mulas on behalf of the user, resp. student. Hence, not only di-
agnosing errors in formulas, but also building hypotheses for
correcting errors is an important issue, a difficult subproblem
in mathematical knowledge management according to [2].

2 Our Working Context

Our interest in fault-tolerant formula interpretation originates
from work on a tutorial system which teaches proving math-
ematical theorems [1]. In this context, a corpus of written
interactions with a simulated computer-based tutor in the do-
main of naive set theory has been collected [5]. In this cor-
pus, lengthy clarification subdialogs are often carried out to
resolve low-level issues, which one wants to avoid since they
distract the student from the higher-level tutorial goal.

In Table 1, we present examples of flawed formulas from
the corpus. In (1), a segmentation error is shown: not only
a space between the operator symbol P and identifier C, but
also parentheses are missing. (2) is an example of a typing
error, where an operator symbol p has been used in place of
the identifier b. In (3), the types of arguments of the main
operator are invalid. (4) shows a well-formed formula but it
is not relevant in the context of the task: a stronger assertion
about an intersection rather than union of the sets on the right-
hand side of the equation is required™. In (5), similarly to (4),
a weaker operator of set inclusion (C) rather than equality
is correct. Finally, (6) and (7) are examples of commonly
confused relations of subset and membership.

Thisisthe only kind of error which we do not address here.
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Table 1: Examples of flawed formulas from the corpus

Example Formula Error Category

() P((AuC)N(BUC))=PCU(ANB) 3
(2 (pna)e Pland) 2
3 (zebgd z C K(4) 2
(4 P(AUC)N(BUC))=PAUC)UP(BUC) 1
5 P((AN B) C)=P(ANB)UP(C) 1
6 (AnB)C P(ANDB) 1
(7) fACK(B)thenA¢ B 2

In the context of the tutorial system mentioned above, the
proof development environment QMEGA [3] is used to check
validity of (possibly ambiguous) proof-step interpretations
and consistency with the proof context. Communication with
QMEGA is mediated by a proof manager whose task is to
build and maintain a representation of the constructed proof.
The proof manager also maintains a discourse memory of
identifiers, operators, and their properties (e.g., type, arity).

3 Error Categoriesand Correction Attempts

Finding purposeful changes in a formula that aim at building
a corrected and possibly intended version of that formula is
substantially guided by its correctness state. We distinguish
three categories of errors: 1) logical, 2) type, and 3) structural
errors. A formula analyzer may find it impossible to build a
formula analysis tree on the basis of the defined constructors
(category 3), or to resolve a type mismatch in an analysis tree
built successfully (category 2). Only for correctly analyzed
formulas, consulting the proof manager yields a distinction
between a formula expressing a wrong (category 1) or a cor-
rect statement. In case of an error, attempts are undertaken
to remedy the error by applying local and contextually justi-
fied modifications to the formula. In order to obtain mean-
ingful changes, we associate a set of replacement rules with
each error category, aiming to achieve an improvement of at
least one category level. Each of these rules is justified by
evidence about the plausibility of the given error occurring in
the domain, the nature of the task, and user capabilities. Some
rules developed on the basis of errors observed in the corpus,
their associated error categories, and examples are illustrated
in Table 2. Testing applications of these rules is distributed
between formula analysis and formula modifying algorithms.
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Table 2: Replacement rules attempting to remedy errors

Replacement Rules Error Categories Examples

dual operator 1 Ne U CeD,CeD
stronger/weaker operator 1 D62, Ce=,D6=
confused operator 1,2 cse, K& P
confused identifi er 1,2 asbpebpsa
delete character 2 PC = P,PC=C
insert blank or brackets 3 PC=PC,PC= P(C)

4 The Enhanced Formula Analysis

Formula analysis is part of an input interpretation component
whose task is to produce a representation that can be fur-
ther analysed by the proof manager. The formula modifica-
tion procedure presented here extends the method of parsing
mathematical expressions embedded within natural language
text [4]. Extended formula analysis consists of: (1) identifica-
tion of mathematical expressions within the word-tokenized
text; (2) verification of the identified sequence as to syntactic
validity and correction, in case of a parentheses mismatch or
further tokenization needed; 2 (3) parsing of the expression.

1. The mathematical expression tagger uses a list of op-
eration and identifier symbols. Identification of mathe-
matical expressions is based on: single character tokens
(including parenthesis), multiple-character tokens con-
sisting only of known relevant characters, mathematical
symbol unicodes, and new-line characters. Multiple-
character candidate tokens are further segmented into
operators and identifiers by inserting the missing spaces.

2. Once a candidate string is identified, “chains” of formu-
las are separated into individual segments, and paren-
theses match is verified. Missing parentheses are in-
serted while obeying to the following preferences: (i)
provide parentheses for operators that require bracketed
arguments, (ii) avoid redundant parentheses (i.e. double
parentheses around the same substring).

3. Syntactically correct candidate strings are parsed by a
tree-building algorithm accessing standard requisite in-
formation (e.g. list of operators and their precedence).

The output is a set of formula trees with nodes marked as
to type compatibility and bracketing where applicable.

5 TheFormula Modifying Algorithm

The algorithm incrementally generates formula modifications
in a best-first fashion and tests their impact on resolving the
original error, within specified resource limitations, that is, a
maximum number of modified formulas and a time limit:

1. If the formula analyzer has produced a set of interpreta-
tions by applying rules addressing syntactic errors, these
modifications are taken as successors of the original for-
mula. Otherwise, successors are generated for the for-
mula considered best by applying replacement rules in
the category associated with the error reported for the
original formula, unless the error is already resolved.

2This implements replacement rules of category 3. Parentheses
correction may yield multiple plausible interpretations. From this
stage on, further processing is applied to all the interpretations.
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2. If resources are not exceeded, the most promising suc-
cessor of a formula generated so far is promoted into the
new best one, and its correctness state is assessed by the
proof manager, continuing at step 1. Otherwise, an or-
dered list of modified formulas examined is returned.

Preferred orderings among created formulas are estab-
lished by the error-related category and a similarity-assessing
function, the former dominating the latter. The assessment
function combines the number of replacement rules applied
and the differences to the structurally most similar formula
in the context, which comprises the set of formulas consist-
ing of the goal expression, the previous proof step and possi-
ble follow-up steps. This function is approximated by simply
adding the number of rule applications to the number of op-
erators and variables appearing in both formulas compared,
multiple occurrences counted according to their frequency.

6 Preliminary Results

Finally, we give analyses of some examples from Table 1.
For utterance (1), we get two interpretations, depending on
whether the formula analyzer separates PC and inserts paren-
theses (2 alternatives), or whether it reports a type error,
flagging PC. In the latter case, replacing PC by any type
compatible identifier yields an error of category 1. The
same holds for the parenthesis insertion with narrower scope,
P(C), but the other alternative, P(C' U (A N B)) yields no
error and wins. Example (2) is relatively simple, since only
replacing the occurrence of p, flagged as a type clash, is to be
changed. Only replacements by a and b yield no error, b win-
ning over a since it gets a better context agreement score. In
utterance (5), many rules are applicable. Changing variables
gives lower agreement scores than changing an operator to
its dual counterpart, but all these choices remain within error
category 1. Only replacing “=" by “2” resolves the error.

In the future, we intend to look into other subdomains of
mathematics and to incorporate results of formula modifica-
tions in tutorial strategies, e.g., asking for clarification, of-
fering a small set of modified formulas. Similar interactions
could be also tailored for scientific publication environments.
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Abstract

Knowledge of which lexical items convey the same
meaning in a given context is important for many

X isasyNoNyYm of Y if X can always be substituted
for Y, and vice versa.

e X andY areEXCLUSIVE if neither can ever be substi-

Natural Language Processing tasks. This paper tuted for the other.
concerns the substitutability of discourse connec- e X isaHYPONYM of Y if Y can always be substituted
tives in particular. This paper proposes a data- for X, but not vice versa.

driven method based on a Minimum Description
Length (MDL) criterion for automatically learn-
ing substitutability of connectives. The method is
shown to outperform two baseline classifiers.

e X isaHYPERNYM Of Y if X can always be substituted
for Y, but not vice versa.

X andY areCONTINGENTLY SUBSTITUTABLE if each
can sometimes, but not always, be substituted for the
other.

1. Intmduc“on. . ~ We would like to automatically predict which of these re-
Discourse connectives are words or phrases which explicitlyationships holds, for any given pair of connectives.
signal coherence relations in texts, engwever, even though

andwhereas Studies of connectives have provided insights3  An MDL-based model of substitutability
into natural language discourse, however formal semantic

analysis of connectives is a difficult task, and most connecYVe will refer to a consistent set of relationships between con-
tives have not been the subject of much study. The empiriD€Ctives as @axonomy Our model of taxonomies exploits
cal study of the substitutability of discourse connectives caih€ following two observations. Firstly, itis unlikely thev-
inform and complement theoretical analy§&sott, 1998. ery connective should t_JEXCLUSNE_ with every pther one.
The substitutability of discourse connectives is also importanp€condly, there are logical constraints on substitutability. For
for Natural Language Processing applications such as Naugx@mple, ifA is aHYPONYM of B andB is EXCLUSIVE with

ral Language Generation and text simplificatiéfoser and ~ C» thenA must also b&xcLusIVE with C'. .

Moore, 1995 Siddharthan, 2003 Our modelling of substitutability is within the Minimum
This paper investigates acquiring substitutability relation-2€Scription Length (MDL) framework. In our case, we wish
ships between connectives automatically. Previous attemp evaluate mode_ls representing substitutability relationships
to do so have been hindered by the relatively low prior like-P€tWeen connectives. For a taxonoffiyand datadata, the

lihood of two connectives being substitutajigutchinson, ~total description length is given by:
2009. We introduce an MDL-based approach that addresses L(T,data) = L(T) + L(data|T) 2

this.
We will exploit the fact that description lengttiscan be re-

2 Substitutability of discourse connectives lated to probabilities” via the equatior. = —log, P.

Example (1) contains the connectiseeing asHoweverpe- ~ Calculating  the prior: We will use the notation

causecan also be used to achieve the same discourse aimg¢l,X;Y) € T to indicate that in the taxonomyT
i.e. it is substitutable [Knott, 1998. connectivesX andY are in relationship-el. We calculate

. _ ) . P(T) using the following multinomial model:
(1) Seeing as/becausee’ve got nothing but circumstantial

evidence, it's going to be difficult to get a conviction. P(T)=M H P(rel) 3)

However,becauset is not always substitutable faeeing as (rel,X,Y)eT

and the converse does not hold either. In general, there are : . : . .
five possibilities for a connectiv&'s relationship to another \t/)vh.ere. (')f (Tell) IS thi.pnor pgptr)]ab[:llt% of two con dnectlvgs
connectivey’: eing in the relationshipel, which will be estimated empir-

ically, and (ii) M is a multinomial coeffient which ensures
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that the most likely taxonomy contains numbers of each pairBaselines: Two baseline classifiers were constructed for
wise substitutability relationship in proportion to their prior comparison with the MDL-based model. The first assigned
probabilities. all pairs to the most frequent relationship, namekcLu-

The multinomial model (3) is defined over all sets of pair- sivE. The second baseline classifier assumed that the new
wise substitutability relationships, but we are only interestecconnective would be ayNONYM of one other connectiv&
in calculating the probabilities of consistent sets. Howevemlready in the taxonomy. All other relationships involving
this does not affect the relative likelihoods of taxonomies withthe new connective were thus identicalXds. When evalu-
the same number of connectives, so for the purposes of theted on all of connectives, these classifiers had accuracies of
experiments below this effect can be ignored. 69.9% and 70.7%, and correctly learnt 2280 and 3333 bits of

Estimating the posterior probability: Previous work has information, respectively.

found a correlation between substitutability and distributional

similarity [Hutchinson, 2006 Therefore, the data that our Results: On the 50% of pairs of connectives not in the

model of taxonomies aims to explain are the Kullback-Leiblervalidation set, the MDL-based classifier had an accuracy of

(KL) divergences,D(pl||q), between pairs of connectives. 73.8%, which is significantly greater than both baselines. The

That is, we assume that the data to be explained is: improvement is even greater on the information theoretic met-
data = {D(X||Y) : (rel, X,Y) € T} ric: correct classifications had 1928 bits of information, from

) - which we can extrapolate a performance of about 3856 bits
To estimate the probability of the data, we assume thapn the set of all pairs of connectives.

the likelihood of observing a given distributional divergence
D(X]|Y) betweenX andY is dependent only on the substi- § Discussion and conclusions

tutability of X" andY’. We have introduced a statistical model of the lexicon based
P(data|T) =~ H P(D(X||Y)|{rel, X,Y)) (4) on the Minimum Description Length principle. A multino-

(rel,X.Y)€T mial p;ior ass_igns tlhe_ greﬁftest probability When the r1:requ_en—

. - . cies of pairwise relationships are in proportion to the prior

To estimate each of the multiplicands in (4), we use Gausy ajingods of those relationships. The model is applied to

¢ h substitutability relationship. | %xyending a taxonomy representi_ng substitu_tability relation-
0 each substitutabriity relatonship, 1.e. ships between discourse connectives, and gives better perfor-
P(D(X||]Y)|(rel, X, Y)) x n(D(X||Y); tret, 0rer)  (5)  mance than two classifiers that do not take into account global

whereyi,.; ando,.; and the mean and standard deviation ofProperties of the lexicon. The model aims to explain the dis-

KL divergences of all pairs of connectives in relationship  tributional similarity of pairs of connectives, as measured by
the Kullback-Leibler divergence function. In future, we will

4 Experiment explore the_ use other distribl_JtionaI similarity functions, as
) ) ) N ) . these provide other perspectives of the data that may prove
Task: Ourtaskis to predict the substitutability relationships ysefyl for learning substitutability. The utility of including

in a manually constructed taxonorfiy of connectives. We  gther types of co-occurrence data in our distributional repre-
iteratively remove a single connective frdfnand attempt to  sentations also remains to be explored.

re-insert it in its original position. To do this, we insert it in
the position that minimises the description length. References

. . - . [Hutchinson, 200b Ben Hutchinson. Modelling the substi-
Methodology: An existing taxonomy containing 80 dis- 'y iapility of discourse connectives. Rroceedings of the

course connectives was used as a gold stantantchin- 43rd Annual Meeting of The Association for Computa-
son, 200%. Fixed width beam search (width=1000) is used tional Linguistics Ann Arbor, USA, 2005.

to search for the taxonomy with minimum description length

Co-occurrences with other discourse connectives were usdfnott, 1998 Alistair Knott. A data-driven methodology for
as the distributional representations. motivating a set of coherence relationBhD thesis, Uni-

versity of Edinburgh, 1996.

Parameter tuning: Due to unrealistic independence as- [Kononenko and Bratko, 199ligor Kononenko and Ivan
sumptions in Equation (4), our model underestimates the Brgtlfo. Informanon-basgd evaIuapon criterion for clas-
value of P(data|T). As a result, it overestimates data|T). sifier’s performanceMachine Learning6:67-80, 1991.
To counterbalance this effect, we weightdata|T) by a pa-  [Moser and Moore, 1995M. Moser and J. Moore. Using
rameter\ € (0,1]. Using half the pairs of connectives as a  discourse analysis and automatic text generation to study
validation set, the setting = 0.1 was found to give good discourse cue usage. Mroceedings of the AAAI 1995
results. Spring Symposium on Empirical Methods in Discourse In-
terpretation and Generatigimpages 92—-98, 1995.

Evaluation metrics: Two evaluation metrics were used: [Siddharthan, 20§3Advaith Siddharthan. Preserving dis-
overall accuracy in predicting substitutability relationships, course structure when simplifying text. Rroceedings of
and the amount of information (measured in bits) of the cor- the 2003 European Natural Language Generation Work-
rectly classified instancd&ononenko and Bratko, 1991 shop pages 103-110, 2003.
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Can we assign attitudes to a computer based on its beeps?
—Toward an effective method for making humans empathize with artificial agents

Takanori Komatsu
Future University-Hakodate
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Kamedanakano 116-2, Hakodate 041-8655, JAPAN
komatsu@fun.ac.jp

Abstract

Can we assign attitudes to a computer based on its
beeps? If so, which kinds of beeps are perceived as
specific attitudes, such as “disagreement”, “hesita-
tion” or “agreement”? To examine this issue, I car-
ried out an experiment to observe how participants
perceive or assign an attitude to a computer ac-
cording to beeps of different durations and FO con-
tour’s slopes. The results revealed that 1) beeps with
increasing intonation regardless of duration were
perceived by participants as “disagreement”, 2) flat
sounds with longer duration were interpreted as
“hesitation”, and 3) decreasing intonations with
shorter duration were as “agreement.”

1 Introduction

The purpose of this study is to clarify an effective method for
making users perceive artificial agents as having attitudes
and empathize with them. Actually, many researchers have
developed humanoid robots [for example, Breazeal and
Velasquez, 1998] that can exist in the same physical space
with users and life-like (or character) agents [for example,
Morishima et al., 1995] that appear on computer screens.
These anthropomorphic agents are believed to facilitate
communication between these agents and humans. Some
researchers, however, have reported that humans perceive the
attitudes of others from the information (e.g., humming
without any language information), even if this information
is simpler than that derived from gestures or facial expres-
sions [for example, Suzuki et al., 2004].

Therefore, one may reasonably assume that the simple
information presented by an agent without a human-like
shape or face would also cause people to perceive different
attitudes and to assign specific attitudes to such agents.
Moreover, this perception might induce the users’ sympathy
toward the agent and eventually trigger smooth communica-
tion between them.

As a preliminary study aimed at achieving such a rela-
tionship between users and agents, I have focused on a nor-
mal laptop computer as the agent without a human-like shape
or face, and on beeps (sound stimuli) as simple information
presented to humans. Specifically, I conducted an experiment
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Figure 1. Eleven different FO contours (duration; 189
ms): “u25” indicates that F0 transition range was 25 Hz
with upward slope (increasing intonation).

in which various beeps were presented to participants from a
laptop computer. The purpose of the experiment was to ob-
serve and analyze how participants assign specific attitudes
to the computer based on the presented beeps.

2 Experiment

I prepared 44 different types of beeps with four different
durations and 11 different FO contours. Specifically, the four
durations were 189, 418, 639, and 819 ms. The 11 FO con-
tours were set so that the transition range of FO values that
were linearly downward or upward (Figure 1). Participants
were 23 Japanese (17 men and 6 women; 20 - 42 years old).
An experimenter asked participants to assume that these
presented beeps were answering speeches in a telephone
conversation (actually this was not true). As an experimental
trial, one randomly selected beep among the 44 beeps was
presented to participants. They were then asked to answer a
question like “Did you feel that [***] was this computer’s
attitude based on this beep?”; [***] was the randomly se-
lected attitude among the following three that were com-
plementary to each other. In addition, these three attitudes
might correspond to valence evaluations; 1) Disagreement,
e.g., surprising, doubting (negative valence), 2) Hesitation,
e.g., being lost for words (neutral valence), 3) Agreement,
e.g., acceptance (positive valence). Specifically, each par-
ticipant experienced 132 trials (44 beeps x 3 attitudes).
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Figure 2. Relationship between F0 contours and rate of “disagreement” interpretation for each duration (left),
rate of “hesitation” (center) and “agreement” (right).

3 Results

Case 1: Disagreement Figure 2 (left) shows which beeps
were interpreted as the computer’s attitude of “disagree-
ment.” In this figure, the horizontal axis lists the types of FO
contours and the labels on this axis, such as “u25” or “d100,”
are the same ones used in Figure 1. The vertical axis shows
the interpretation rates (IR) that give the proportion of par-
ticipants answering “yes” in the corresponding trials. There
are four lines indicating the duration of sound stimuli.

In the results, no significant differences were found among
different durations (F(3,66)=.70, n.s.) and different FO tran-
sition ranges in falling tones (F(4,88)= 1.68, n.s.). On the
other hand, rising tones showed a significant higher IR than
falling tones (F(1,22)=219.7, p<.01), and wider FO transition
ranges in a rising tone showed higher IR (F(4,88)= 9.81,
p<.01). To sum up, when the beeps with upward slopes
(increasing intonation) regardless of their duration were
presented from the computer, this computer’s attitude
was interpreted as “disagreement.”

Case 2: Hesitation Figure 2 (center) shows which beeps
were interpreted as “hesitation.” Longer duration showed the
higher IR (F(3,66)=18.1, p<.01), and falling tones showed
the higher rate than the rising tones (F(1,22)=11.64, p<.01).
Moreover, narrower FO transition range in both rising and
falling tones showed the higher IR than wider ones
(F(4,88)=11.23, p<.01, F(4,88)= 8.89, p<.01). In sum, when
the slower slopes (flat sounds) with longer duration were
presented, the computer’s attitude was interpreted as
“hesitation.”

Case 3: Agreement Figure 2 (right) shows which beeps were
“agreement.” Shorter duration showed the higher IR
(F(3,66)=19.42, p<.01) and falling tones showed the sig-

nificantly higher rate than rising tones (F(1,22)= 67.5, p<.01).

And wider FO transition range in falling tone showed rather
higher rates than narrower ones (F(4,88)= 3.12, p<.05), and
in rising tones, narrower transition range showed higher rates
than wider ones (F(4,88)=5.48, p<.01). To sum up, when the
downward slopes with shorter duration were presented,
the computer’s attitude was interpreted as “agreement.”
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4 Discussion and Conclusions

The results have established that different kinds of simple
information “beeps” can be interpreted as presenting the
different attitudes of an information sender “a laptop com-
puter.” Therefore, sufficient possibilities exist to justify ap-
plying the results to an actual application. The same argu-
ment was presented by Lin and Picard [2003] in their “subtle
expressivity” study. At first glance, these results seem to
show that users can perceive only three agent attitudes;
however, implementing the findings of this study into a
laptop computer would create effective interactions with
users. For example, when a computer responds to a certain
action of users by presenting “beeps with increasing intona-
tion,” users would intuitively assign a particular attitude (in
this case “disagreement”) to the computer from this beep
sound: “Umm... this computer seems to have some doubts
about my last command...” And also implementing these
results into a simple mobile robot would realize a Star Wars
R2D?2 type robot, which can not speak clearly but can express
its attitudes by its electric sounds or behaviors. Thus, the
results of this study can contribute to achieving an agent that
enables users to assign or interpret intuitively and effectively
particular agent attitudes.
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Abstract

We present an efficient dynamic programming al-
gorithm for synchronous parsing of sentence pairs
from a parallel corpus with a given word alignment.
Unless there is a large proportion of words without
a correspondence in the other language, the worst-
case complexity is significantly reduced over stan-
dard synchronous parsing. The theoretical com-
plexity results are corroborated by a quantitative
experimental evaluation.

Our longer-term goal is to induce monolingual grammars
from a parallel corpus, exploiting implicit information about
syntactic structure obtained from correspondence patterns.®
Here we provide an important prerequisite for parallel corpus-
based grammar induction: an efficient algorithm for syn-
chronous parsing, given a particular word alignment (e.g., the
most likely option from a statistical alignment).

Synchronousgrammars. We assume a straightforward ex-
tension of context-free grammars (compare the transduction
grammars of [Lewis Il and Stearns, 1968]): (1) the terminal
and non-terminal categories are pairs of symbols (or NIL); (2)
the sequence of daughters can differ for the two languages;
we use a compact rule notation with a numerical ranking for
the linear precedence in each language. The general form
of a rule is No/My — Ny /Mgy ... Ngig /Mg, where
Ny, M, are NIL or a (non-)terminal symbol for language L,
and L., respectively, and 4;, j; are natural numbers for the
rank in the sequence for L; and L (for NIL categories a spe-
cial rank 0 is assumed). Compare fig. 1 for a sample analysis
of the German/English sentence pair Wir missen deshalb die
Agrarpolitik prifen/So we must look at the agricultural pol-
icy. We assume a normal form in which the right-hand side
is ordered by the rank in L;.? The formalism goes along with
the continuity assumption that every complete constituent is
continuous in both languages.®

Synchronous parsing. Our dynamic programming algo-
rithm can be viewed as a variant of Earley parsing and gen-
eration, which again can be described by inference rules. For

1Cp. the new PTOLEMAIOS project at Saarland University
(http://www.coli.uni-saarland.de/"jonask/PTOLEMAIQS/).

2However, categories that are NIL in L; come last. If there are
several, they are viewed as unordered with respect to each other.

3As [Melamed, 2003] discusses, such an assumption is empiri-
cally problematic with binary grammars. However, if flat analyses
are assumed for clauses and NPs, the typical problematic cases are
resolved.
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instance, the central completion step in Earley parsing can be
described by the rule*

1 X—aeYSIij]) (Y —ve[jk])
(X —aYe (3,]ik])

The input in synchronous parsing is not a one-dimensional
string, but a pair of sentences, i.e., a two-dimensional array
of possible word pairs (or a multidimensional array if we are
looking at a multilingual corpus). The natural way of gener-
alizing context-free parsing to synchronous grammars is thus
to use string indices in both dimensions. So we get inference
rules like the following (there is another one in which the
ia/j2 and jo/ko indices are swapped between the two items
above the line):

(2 (X1/X2— o e Yiry/Yary B,[i1, 1, j2, k2]),
M1 /Y2 — v e [f1, ki, d2, jo])
(X1/X2 — a Yiri [Yars e f3,[i1, ki1, i2, ka])

Since each inference rule contains six free variables over
string positions (i1, j1, k1,2, jo2, ko), We get a parsing com-
plexity of order O(n®) for unlexicalized grammars (where n
is the number of words in the longer of the two strings from
L; and Ly) [Wu, 1997; Melamed, 2003].

Correspondence-guided parsing. As an alternative to
standard “rectangular indexing” we propose an asymmetric
approach: one of the languages (L) provides the “primary
index” — the string span in L; like in monolingual pars-
ing. As a secondary index, L, contributes a chart-generation-
style bit vector of the words covered, which is mainly used
to guide parsing — i.e., certain options are eliminated. A
complete sample index for missen/must in fig. 1 would be
([1,2],[00100000]). Completion can be formulated as infer-
ence rule (3).> Condition (iii) excludes discontinuity in pas-
sive chart items, i.e., complete constituents; active items (i.e.,
partial constituents) may well contain discontinuities.

B) (Xi/X2— a e Yiri/Yars B,([i, 5], v)),
<Y1/Y2 — e, <[.77 k],W>>
<X1/X2 — Q Y1Z7"1/Y217"2 L] ﬂ, <[Z, k], u)}
(i)j #k: (i) OR(v,w) = u;
(iii) w is continuous (i.e., it contains maximally one subse-
quence of 1’s).

where

4A chart item is specified through a position (e) in a production
and a string span ([l1,2]). (X — a e Y3, [i,7]) is an active item
recording that between position ¢ and j, an incomplete X phrase has
been found, which covers «, but still misses Y 3. Items with a final
e are called passive.

SWe use the bold-faced variables v, w, u for bit vectors; OR per-
forms bitwise disjunction on the vectors.
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SIS

NP:1{NP:2 Vfin:2/Vfin:3 Adv:3/Adv:1
Pron:l{Pron:l ‘ ‘
Wir/we deshalb/so

miissen/must NIL/at

N|L:9/P:1 Det:l{Det:Z
die/the

NP:4/PP:5
NIL:0/Adj:3 N:2{N:4
N|L/agricu|tural Agrarpolitik/policy priifen/look

Vinf:5/Vinf:4

Figure 1: Sample analysis for a synchronous grammar

Parsing is successful if an item with index ([0, N], 1) can be
found for the start category pair (where N is the length of the
L,-string).

Words in Ly with no correspondent in L; (let’s call them
“L1-NIL"s for short) can in principle appear between any two
words of L;. Therefore they are represented with a “variable”
empty L;-string span like for instance in ([z, ], [00100]). But
note that due to the continuity assumption, the distribution
of the L;-NILs is constrained by the other words in Lo, as
exploited in the inference rule:

4) (X1/X2— aeNILO/Yara B, ([i, 7], V),
<N|L/Y2 — e, <[.77.7]7W>>
(X1/X2 — aNIL0/Y2re o 3,([i, 5], u))
(i) w is adjacent to v (i.e., unioning vectors w and v does not
lead to more 0-separated 1-sequences than v contains already);
(i) oOR(v,w) = u.
The rule has the effect of finalizing a cross-linguistic con-
stituent after all the parts that have correspondents in both
languages have been found.

where

Complexity. We assume that the two-dimensional chart is
initialized with the correspondences following from a word
alignment. Hence, for each terminal that is non-empty in L1,
both components of the index are known. When two items
with known secondary indices are combined with (3), the new
secondary index can be determined with minimal expense.
Thus, for sentence pairs without any L;-NILS, the worst-case
complexity for synchronous parsing is identical to the mono-
lingual case of context-free parsing (i.e., O(n?)). The average
parsing expense in the absence of L1-NILS is even lower than
in monolingual parsing: certain hypotheses for complete con-
stituents are excluded because the secondary index reveals a
discontinuity.

The complexity is increased by the presence of Li-NILS,
since with them the secondary index can no longer be
uniquely determined. However, with the adjacency condi-
tion ((i) in rule (4)), the number of possible variants in the
secondary index is a function of the number of L-NiLs. Say
there are m L1-NILS. In each application of rule (4) we pick a
vector v, with a variable for the leftmost and rightmost L;-N1L
element. By adjacency, either the leftmost or rightmost one
marks the boundary for adding the additional L1-NiL element
NIL /Y5 —hence we need only one new variable for the newly
shifted boundary among the L;-NILS. So, in addition to the
n3 expense of parsing non-nil words, we get an expense of
m? for parsing the L;-NiLs, and end up in O(n3m?). Since
typically the number of correspondent-less words is signifi-
cantly lower than the total number of words, these results are
encouraging for medium-to-large-scale grammar learning ex-
periments.®

®The idealizing assumption of a single, deterministic word align-
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Empirical Evaluation. To validate empirically that the av-
erage parsing complexity for the proposed correspondence-
guided synchronous parsing approach (CGSP) for sentences
without or with few L;-NILs is lower than for standard mono-
lingual parsing, we did a prototype implementation of the
algorithm and ran a comparison. A synchronous grammar
was extracted (and smoothed) from a manually aligned Ger-
man/English section of the Europarl corpus. The results are
shown as the black line (for the CGSP approach on sentences
without L;-N1Ls) and dark gray line (for monolingual pars-
ing) in (5). The diagram shows the average parsing time
for sentence pairs of various lengths. Note that CGSP takes
clearly less time.

(5) Synchronous parsing with a growing number of L1-NILS

Comparison wrt. # NIL words

A

A3 L1-NILs,
CGSP

°
®

= # =2 L1-NILs,
CGSP

O~ 1L1-NIL,
CGSP

parsing time [sec]

—4—no L1-NILs,
CGSP

°
2

°

~—#&—monolingual
parsing (L1)

number of words (in L1)

(5) also shows comparative results for parsing performance
on sentences that do contain L;-NiLs (curves for 1, 2 and 3
L1-NILs are shown). Here too, the theoretical results are cor-
roborated that with a limited number of L;-NiLs, the CGSP
is still efficient.

We also simulated a synchronous parser which does not
take advantage of a given word alignment. For sentences of
length 5, this parser took an average time of 22.3 seconds
(largely independent of the presence/absence of L;-NILS).
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ment is not realistic (as pointed out by a reviewer). Consideration
of various possible alignments may lead to a worst-case combina-
torial explosion. It is an empirical question for the future whether
an effective heuristic can be found for narrowing down the space of
alignments that have to be considered.
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Abstract

In this research we investigated user’s behavior
while facing a system coping with common knowl-
edge about keywords and compared it with not only
classic word-spotting method but also with ran-
dom text-mining. We show how even a simple
implementation of our idea can enrich the conver-
sation and increase the naturalness of computer’s
utterances. Our results show that even very com-
monsensical utterances are more natural than clas-
sic approaches and also methods we developed to
make a conversation more interesting. For arous-
ing opinion exchange during the session, we will
also briefly introduce our idea of combining latest
NLP achievements into one holistic system where
the main engine we want to base on commonsense
processing and affective computing.

Introduction

nored here) phrases text-mined from homepages improve the
user’s acceptation for talking systems.

2 Commonsense Knowledge Retrieval

2.1 Collected Data Structure

For the set of experiments we performed, we used only nouns
as for decades they were usually the main part of open-

domain chat programs, although we claim that te common-

sensical context is the future of dialogue processing. Using

a nouns list and Larbin robot we created 1,907,086 sentences
WWW corpus which was a base for a verb, a noun and VO

n-gram dictionaries. The noun and verb dictionaries consist

of 79,460 verbs and 134,189 nouns extracted with help of

ChaSen Analyzer. For creating VO phrases automatically,

our system had to search for the relationships between verbs
and nouns and also between verbs. In this step, we used
the verbs and nouns which had the highest occurrence and
are common, as they are used in everyday live, for exam-

ple [pour/drink/melt]water, [listen/switch on/enjoynusic

or [go to/buy at/entedonvenient store We used Japanese

During one of the NLP community meetings in Japan we atianguage, which has useful grammar features léwtaikei
tended a discussion about evaluating the freely (meaning "iyhere the verb suffite usually joins verbs in a time sequence
the open domain”) talking computer systems. The particie g. gohan wo tabee neru(to sleep after having a dinner) or
pants agreed that such systems are almost ignored by comyra, ebaandto “if” forms which are able to distinguish dif-
puter scientists while so called "chatter-bots” as PEDYIby,  ferent causal connotations. By these useful grammar features
1979 or ELIZA [Weizenbaum, 1976seem to be very of- e are able to web-mine commonsensical knowledge as “it is
ten the only known yield of Al for other scientists and non- ysyal that some people buy sweets at convenient store even
scholars. But today, even if passing the Turing test is stilif they didn’t wanted”. Until now such data had to be col-
questionable, we have faster and faster access to massive cficted manuallfSingh, 2002 but full automatizing of such
pora, which we believe may incline researchers to rethink thnowledge collecting brings new opportunities not only for
need of naturally talking systems and we claim they mightgialogue but also for storytelling, question answering, ma-
be done without much labor and cost. Such renaissancgnine translation and many other fields.

would not only be important for the public recognition of the

field but also could bring more young scholars fascinated by2.2 ~ Architecture Overview

the fact that Internet has a chance to replace programmerisasically, our system’s architecture for creating commonsen-
will and change the program’s behavior depending on thejcal data can be summarized into the following processing
facts discovered in millions of web-pages. Already Rzepkasteps:

et al[?] has noticed such possibility proposing an automat- a) A noun of is assigned for a keyword:

ically developing average personality of “Mr. Internet” and ’
has confirmed that commonsense knowledge can be retrieved®) The system uses our web corpus for frequency check
from the WWW. We want to go a step further and show that to retrieve 3 most frequent verbs following the keyword
using even simple usage of commonsensical (S)VO-then-y ~ noun,

(Verb-Object and following Verb) and (S)VO-if-(S)VO (Sub- ¢) The most frequent particle between noun keyword and 3
jects vary depending on the conversation processing so ig- most frequent verbs is discovered;
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d) For creating bi-gram the system retrieves a list of mos
frequent verbs occurring after the previously choser 10000%
verb; 90.00%  HHHHHHH e H

e) By using Yahoo search engine, the system checks if th  8000% e nintn mEE-E BEE BEE
noun-particle unit occurs with new verb-verb unit for 7%+ — — — H —
time-sequence actions and verb-if unit for casual depen 0%

dencles; 50.00% T . . S;LF:R

f) If yes - the VO-then-V and VO-if-VO units are stored:  soo0 1L L1 L DL BB B B E B g
VOihenV = N 4+ Priax + Viaxi + Vimaxe 30.00%
N:Triggering noun (keyword); 20.00%
Pax:most frequent particle joining noun and verb; 10.00%
Vmax1:most frequent verb occurring after thé; 0.00%

. Ul U2 U3 U4 US U6 U7 U8 U9 U0 ULl Ul2 U13
Vmax2:most frequent verb occurring aftéf, ..1;

VOiV = N14+Pimax+ Vimax+if+N2+Pomax+Vomax  Figure 1: Naturalness Level Evaluation: CS1:29.5%,
N] Tnggenng noun (keyword), C8221%, WRR245%, ELI: 25%

P;max:most freq. particle joining first noun with a verb;

V;max:most freq. verb after thév, P;;

Nymax:most freq. noun afteN; P .5 Vimax and “if”; 4 Results and Conclusions
Ps;max:most freq. particle joiningV, and Vs; In “continuation will degree” ELIZA unsurprisingly achieved
Vemax:most freq. verb afteN, P; 452 points out of 2919 for four systems (only 15.48%). But

the performance of commonsenseical utterances was surpris-

ingly high (CS1:25.38%), CS2:27.14%) which suggest that
3 Experiments interlocutor prefers a machine saying “smoking is bad” than
one naturally asking questions. The highest result of WRR

knowledae included i it ; q t of %%2%) tells us how simple tricks can help on keeping up the
nowledge Included in a utterance, we performed a Set ol €xzq 0 rsation. On the contrary, the naturalness degree results

periments basically using four kinds of utterances foIIowing(See Fig.1) show that the “tricks” of ELIZA and WRR and in-
input with one nourkeyword: formation overload of CS2 are less natural than the ordinary
e ELIZAs output [ELI] (input sentence structure changing truth statements. Due to the lack of space, more specific re-
to achieve different outputs) sults analysis and graphs we are going to provide during the

o WWW random retrieval output [WRR] (a shortest of 10 POSter session.
sentences retrieved by usihgyword and query pattern
“did you know that?”") References

e WWW commonsense retrieval output “high” [CS1] [Weizenbaum, 1976Joseph WeizenbaunComputer Power
(sentences using common knowledge of highest usual- and Human ReasonW.H. Freeman and Co., New York,
ness (most frequent mining results) 1976

o WWW commonsense retrieval output “low” [CS2] (sen- [Colby, 19_75 Kenneth Colby.Artificial Paranoia: A Com-
tences using common knowledge of the lowest usualness Puter Simulation of Paranoid Proces®ergamon Press.,
(least frequent mining results). New York, 1975.

Typical ELIZA answer is “why do you want to talk about [Rzepka et.al, 20d3Rafal Rzepka, Kenji Araki and Koji
smoking” if the keyword is “smoking”. For the same Tochinai. Ideas for the Web-Based Affective Process-
keyword WRR retrieved a sentence “did you know that peo- g Proceedings of the Seventh Multi-Conference on Sys-
ple wearing contact lenses have well protected eyes when temics, Cybernetics and Informatics; vol. XIV Computer
somebody is smoking?”. An example of CS1 is “you will ~ Science, Engineering Applicatignel XIV:376-381, Au-
get fat when you quit smoking” and CS2 is “smoking may ~ 9ust 2003.

cause mouth, throat, esophagus, bladder, kidney, and pa[singh, 2002 Push Singh. The public acquisition of com-
creas cancers”. We selected 10 most common noun keywords monsense knowledgeRProceedings of AAAI Spring Sym-
of different kinds (water, cigarettes, subway, voice, snow, posium on Acquiring (and Using) Linguistic (and World)
room, clock, child, eye, meal) not avoiding ones often used Knowledge for Information AccesRalo Alto, CA: AAAI,

in Japanese idioms (voice, eye) to see if it influences the text- 2002.

mining results. 13 referees were evaluating every set of four

utterances in two categories — “naturalness degree” and “will

of continuing a conversation degree” giving marks from 1 to

10 in both cases.
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Abstract 2 Syntactic Patterns for Collocations
Syntactic configurations used in collocation extrac-  In the most permissive case (when no extraction patterns are
tion are highly divergent from one system to an- defined), any pair of words is regarded as a valid collocation
other, this questioning the validity of results and candidate. This results in much noise, since the most fre-
making comparative evaluation difficult. We de- gquent word combinations are also the least interesting (e.g.,
scribe a corpus-driven approach for inferringanex- ~ “of the”, “in the”). Therefore, many extraction systems per-
haustive set of configurations from actual data by form the linguistic analysis of text and apply a linguistic filter
finding, with a parser, all the productive syntactic on collocation candidates (very often, they perform POS tag-
associations, then by appealing to human expertise ~ 9ing in order to filter out the pairs involving function WOR)Is
for relevance judgements. There is unfortunately much disagreement with respect to

the accepted syntactic configurations for collocations (often
) as a consequence of the lack of consensus in the understand-
1 Introduction ing of the notion of collocation). There is much divergence,

The termcollocation often used in different senses in the first, with respect to the POS of participating words. Some
literature, is understood here as in the following statementauthors consider open-class words oijugteson and Katz,
“The term collocation refers to the idiosyncratic syntagmatic1995; Hausmann, 1989 while most of them allow for func-
combination of lexical items and is independent of wordtion words too (as in “agreen’). Second, the syntactic rela-
class or syntactic structurgFontenelle, 1992, 222 Cross-  tions proposed are almost always different. The following list
lingual examples, such afiavysmoker” and pay atten- _show_s the diversity of the syntactic patterns used, for English,
tion”, equivalent to fyrand fumeur” and faire attention” in  in various works:
French, show why collocations are crucial from the text en- ;| exical collocation&in BBI dictionary[Bensoret al, 1984
coding perspective: the lexical choice of the modifier and V-N, N-A, N-V, N-P-N, A-Adv, V-Adv:
support_verb is restricted by the _conventional usage, Whi!e the 5. Hausmann’s collocation definitida98d:
alternatives are generally perceived as unnatural or _vvélrd N-A, N-V, V-N, V-Adv, A-Adv, N-[P]-N:

Typically, collocation acquisition from corpora relies on
statistical significance tests for pairs of words occurring close 3. Xtract collocation extraction systefS8madia, 1998
to each other. The recent developments in syntactic pars-  N-A N-V, V-N, V-P, V-Adv, V-V, N-P, N-D;
ing allowed the move towards more linguistically-informed 4. WordSketch concordance systfiilgarriff et al, 2004:
methods of extraction. Current systems rely increasingly on  N-A, N-N, N-P-N, N-V, V-N, V-P, V-A, N-Conj-N, A-P;
the syntactig: pre-processing of source text (such as POS tag-g FipsCo systerfiGoldmanet al, 2001:
ging, chunking, shallow or deep parsing) intended to support  N.A N-N. N-P-N, N-V, V-N, V-P, V-P-N.
the identification of collocation candidates, prior to the statis-
tical analysis. These examples show how much the perspectives adopted

Despite the advantages brought by syntax (We”_by various authors differ from the initial view, in which the
formedness of results; drastic reduction of combinatoriacollocation is seen as independent of the syntactic structure
complexity; partitioning of candidates into syntactically [Fontenelle, 1992, 232
homogeneous classes), a serious problem arises: the arbi-The arbitrariness in pattern choice questions the quality of
trariness in the choice of syntactic configuratiopatferng  the results and makes comparative evaluation difficult. Be-
for collocation candidates. The rest of the paper discussesides, a set of patterns established for a language may not
the implications of this problem and presents the solution weompletely fit another one. It is therefore necessary to find

proposed in order to cope with it. _
2This restriction is seen as too strofigan der Wouden, 2001

IAs, for instance: Big smoker”, ‘makeattention”, or ‘ourd The BBI dictionary also includes a wide range of “grammatical
fumeur”, “payerattention”. collocations”, such as: N-P, N-Conj, P-N, A-P, A-Conj, etc.
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a means to establish, for each language, an exhaustive setgree of syntactical permissiveness. Too much permissiveness

collocation patterns to be used as reference. leads to the problems of noise and combinatorial explosion;
too strong constraints risk not to capture the whole range of
3 Pattern Induction Experiments collocational phenomena. We proposed a trade-off between

In order to overcome the problem of arbitrariness in patte”{k;es_eteﬁt]remes: we onfly malr:taltr_le? "’ll(rg"l'mal syntli':lctlc;_cop-
choice, we propose to make a corpus-driven investigatiogtraint (the presence of a syntactic link between collocation’s

aimed at the discovery of all possible and interesting colloJt€MS). then we induced the collocation patterns in a data-
cation configurations. driven fashion. The experiments conducted revealed several
Rather than relying on linguistic prescriptions, we try to in- "eW collocation patterns that involve closed-class words, and

duce these configurations from actual data. We do not comm|d US to support the claim made by van der Wouf801,
1, that “lexical elements of almost any class may show col-

ourselves to pre-defined patterns; instead, we consider a : R
cational effect”.

POS combination as a priori possible, and we only requir . . .

the items of a pair to be syntactically related. We use Fips, We compare our Wﬁrk with that of dD]'f[QQOE' Wg'fh att)—

GB-based parsdWehrli, 2004, to extract such generic rela- tempts to overcome the pattern pre-definition problem by us-
g combined statistics on sequences of adjacent words and

tions among words. Then we analyze the obtained results ang®. ; , 1
9 Y ri eir POS. Since this method ignores the sentence structure,

infer the syntactic patterns from them. o : ; ;
y P it is still affected by combinatorial explosion. In contrast, our

More specifically, we consider the following generic rela- . . . .
tions: head-modifier, head-complement, verb-argument (botfl'€thod is computationally tractable, and, in addition, allows
' ’ to capture long distance collocational pairs

subject and objects). We extract the word pairs represented lﬂ?

the combination of a head with the lexical head of its specifier

or of its complement (cf. GB theory). References
Two experiments have been performed on English andBensoretal, 1984 Morton Benson, Evelyn Benson, and Robert

French corpora of newspaper articles. Several statistics are llson. The BBI Dictionary of English Word Combinationdohn

shown in Table 1: size of corpora; number of word pairs in  Benjamins, Amsterdam, 1986.

a generic relation (tokens); number of distinct pairs (tyfies) [Dias, 2003 Ga2l Dias. Multiword unit hybrid extraction. IRro-

and the number of POS combinations detected. ceedings of the ACL Workshop on Multiword Expressipages
_ _ 41-48, Sapporo, Japan, 2003.
| Experimental data | English | French | [Fontenelle, 199 Thierry Fontenelle.  Collocation acquisition
size (words) 05M | 1.6 M from a corpus or from a dictionary: a comparis@moceedings |-
word pairs (tokens) 0.18 M | 0.75 M Il. Papers submitted to the 5th EURALEX International Congress
word pairs (types) | 0.07 M | 0.17 M on Lexicography in Tamperpages 221-228, 1992.
POS combinations| 60 57 [Goldmanet al., 2001 Jean-Philippe Goldman, Luka Nerima, and
Eric Wehrli. Collocation extraction using a syntactic parser. In
Table 1: Generic relations extracted Proceedings of the ACL Workshop on Collocatigreges 61-66,

Toulouse, France, 2001.

The last row shows that many POS combinations are aCtlA[_Hausmann, 1999Franz losef Hausmann. Le dictionnaire de col-
locations. In F. I. Hausmann et al., editd¥orterblicher: ein

ally productive, fm.”.‘ th‘? total of 9.8. combinations (with V, N’. internationales Handbuch zur Lexicographie. Dictionaries, Dic-
A’ Adv, P, D, Conj n elthe_r specifier a_nd complement_pQSI- tionnaires pages 1010-1019. de Gruyter, Berlin, 1989.

tion). By manually inspecting the obtained POS association

we discovered new collocation patterns that were commonl

ignored - especially the patterns involving non-content words.

usteson and Katz, 19pSohn S. Justeson and Slava M. Katz.
Technical terminology: Some linguistis properties and an algo-
rithm for identification in text. Natural Language Engineering

We here provide some examples: 1:9-27. 1995.

1. English: N-P &lliance betwee) P-N (across borde), V-Conj  [giigarriff et al, 2004 Adam Kilgarriff, Pavel Rychly, Pavel Smrz,
(ludge whethey, A-Adv (_mgture enough) Adv-Adv (much and David Tugwell. The Sketch engine. Proceedings of the
more), Adv-P (ogether witf); Eleventh EURALEX International Congrepsges 105-116, Lo-

2. French: P-N<gous pressionN-P (débat suj, N-Conj temps rient, France, 2004.
que, A-P (préta), V-A (rester impassiblg P-Adv comme  [gmagdja, 1998 Frank Smadja. Retrieving collocations form text:
jamais. Xtract. Computational Linguistigs19(1):143-177, 1993.

.A more in-qlepth analysis of results i$ under way, which[van der Wouden, 2091Ton van der Wouden. Collocational be-
aims to identify the relevant configurations from the POS  haviour in non content word. IRroceedings of the ACL Work-

combinations found with our method. shop on Collocationgpages 16-23, Toulouse, France, 2001.
) [Wehrli, 2004 Eric Wehrli. Un moale multilingue d’analyse syn-
4 Conclusion and Related Work taxique. In A. Auchlin et al., editorStructures et discours -

The performance of collocation extraction systems (in terms Meélanges offerts Eddy Rouletpages 311-32&ditions Nota
of accuracy and coverage) is highly dependent on the de- Pene, Qébec, 2004.

“The parser identifies all the instances of a lexeme pair, irrespec- °As for instance‘submit proposal” in “a proposalwhich ad-
tively of the surface realization. dressed various topics has besiomitted.
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Abstract

Computer-generated texts, whether from Natural
Language Generation (NLG) or Machine Tranda-
tion (MT) systems, are often post-edited by hu-
mans before being released to users. The fre-
guency and type of post-edits is a measure of how
well the system works, and can be used for evalua-
tion. We describe how we have used post-edit data
to evaluate SUMTIME-MOUSAM, an NLG system
that produces wesather forecasts.

1 Introduction

In this paper we describe an evaluation technique, which
looks at how much humans need to post-edit texts generated
by an NLG system before they are released to users. Post-
edit evaluations are common in machine transation [Hut-
chins and Somers, 1992], but we believe that oursis the first
large-scale post-edit evaluation of an NLG system. Mitkov
and An Ha [2003] reported a small scale post-edit evalua-
tion of their NLG system.

The system being evaluated is SUMTIME-M OUSAM [Sri-
pada et al, 2003], an NLG system, which generates weather
forecasts from Numerical Weather Prediction (NWP) data.
The forecasts are marine forecasts for offshore oilrigs.
SUMTIME-MOUSAM is operational and is used by Weath-
ernews (UK) Ltd to generate 150 draft forecasts per day,
which are post-edited by Weathernews forecasters before
being released to clients.

Time | Wind Dir | Wind Spd | Wind Spd Gust Gust

10m 50m 10m 50m
06:00 W 10.0 12.0 12.0 16.0
09:00 W 11.0 14.0 14.0 17.0
12:00 WSW 10.0 12.0 12.0 16.0
15:00 SW 7.0 9.0 9.0 11.0
18:00 SSw 8.0 10.0 10.0 12.0
21:00 S 9.0 11.0 11.0 14.0
00:00 S 12.0 15.0 15.0 19.0

Table 1. Weather Data produced by an NWP model for 12-Jun
2002
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Table 1 shows a small extract from the NWP data for 12-
06-2002, and Table 2 shows part of the textual forecast that
SumTime-Mousam generates from the NWP data.

Field Text

WIND(KTS) 10M | W 8-13 backing SW by mid after-
noon and S 10-15 by midnight.

W 10-15 backing SW by mid after-
noon and S 13-18 by midnight.

WIND(KTS) 50M

Table 2. Extract from SumTIME-M ousam Forecast Produced from
NWP datain Table 1.

Weathernews uses SumTime-Mousam to generate draft
forecasts, we call them ‘Pre-edit Texts. The forecasters
then post-edit them to produce ‘ Post-edit texts’. When the
forecaster is done, the complete forecast is sent to the cus-
tomer.

2 Post-Edit Evaluation

The evaluation was carried out on 2728 forecasts, collected
during period June to August 2003. Each forecast was
roughly of 400 words, so there are about one million words
inall in the corpus.

For each forecast, we have the following data:

+ Data Thefina edited NWP data

¢ Preedit text: The draft
SUMTIME-M OUSAM.

e Pogt-edit text: The manually post-edited forecast,
which was sent to the client.

forecast produced by

e Background information: includes date, location, and
forecaster
The following procedure is performed automatically by a
software tool:
« First, we break sentences up into phrases, where each
phrase describes the weather at one point in time.

e The second step is to align phrases from the previous
step as a preparation for comparison in the next step.
Our alignment procedure first generates an exhaustive
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list of possible alignments and uses a scoring scheme
to select aligned phrases.

e The third step is to compare aligned phrases and label
each pre-edit/post-edit pair as match, replace, add, or
delete.

For example, A and B of Figure 1 are analyzed asin Ta
ble 3 where phrases are shown separated by a shaded row.

A. Pre-edit Text: SW 20-25 backing SSW 28-33 by midday,
then gradually increasing 34-39 by midnight.
B. Post-edit Text: SW 22-27 gradually increasing SSW 34-39.

Figure 1. Example pre-edit and post-edit texts from the post-edit
corpus

POS A B label
Direction SW SW match
Speed 20-25 22-27 replace
Conjunction then <none> delete
Adverb gradually gradually match
Verb increasing increasing match
Direction <none> SSwW add
Speed 34-39 34-39 match
Time by midnight | <none> delete

Table 3. Detailed Edit Analysis

We processed 2728 forecast pairs (pre-edited and post-
edited). These were divided into 73041 phrases. Out of
these, the alignment procedure failed to align 7608 (10%)
phrases. Out of the successfully aligned phrases, 43914
(60%) are perfect matches, and the remaining 21519 (30%)
are mismatches. Table 4 summarizes the mismatches and
suggests that the major problem is ellipsis. Most (25235 out
of 35874, 70%) of these errors are deletions, where the fore-
caster deletes words SumTime-Mousam'’ s texts.

S. No. Mismatch Type Freq. %

1 Ellipses (word additions | 35874 | 65
and deletions)

2. Data Related Replacements | 10781 | 20
(range and direction re-
placements)

3. Lexical Replacements 8264 15
Total 54919

Table 4. Results of the evaluation showing summary categories
and their frequencies

3 Discussion of Post-Edit Evaluations

We were attracted to post-edit evaluation because we be-
lieved that (A) people would only edit things that were
clearly wrong; and (B) post-editing was an important use-
fulness metric from the perspective of our users.

Looking back, (B) was certainly true. The amount of post-
editing that generated texts require is acrucial component of
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the cost of using SUMTIME-MousaM, and hence of the
attractiveness of the system to users.

(A) however was perhaps less true than we had hoped.
Wagner [1998] also described post-edited texts in M T as at
times noisy. During the development of SUMTIME-
MousaM, our analysis of manually written forecasts [ Reiter
and Sripada, 2002] had highlighted a number of “noise”
elements that made it more difficult to extract information
from such corpora. While collecting the post-edit data, we
assumed that people would only post-edit mistakes, where
the generated text was wrong or sub-optimal, and hence
post-edit data would be better for evaluation purposes than
COrpus comparisons.

In fact, however, there were many justifications for post-
edits. Some post-edits fixed problems in the generated texts
(such as overuse of then); some post-edits refined/optimized
the texts (such as using for a time); some post-edits reflected
individual preferences (such as easing vs decreasing); and
some post-edits were downstream consequences of earlier
changes (such as introducing SSW before ‘34-39" in B, in
the example of Section 2). We wanted to use our post-edit
data to improve the system, not just to quantify its perform-
ance, and we discovered that we could not do this without
attempting to analyze why post-edits were made. Probably
the best way of doing this was to discuss post-edits with the
forecasters.

4 Conclusion

We have used analysis of post-edits, a popular evaluation
technique in machine trandation, to evaluate SumTime-
Mousam, an NLG system that generates weather forecasts.
While we encountered some problems, such as the need to
identify why post-edits were made, on the whole we found
post-editing to be a useful evaluation technique which gave
us valuable insights as to how to improve our system.
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Abstract

To settle the disputation, ADR (Alternative Dispu-
tation Resolution) has been becoming popular in-
stead of the trial. However, to educate the mediation
skill, much training is needed. In this paper, we in-
troduce the overview of the online mediator educa-
tion system. This system navigates the users by
providing materials for decision making by refer-
ring to old cases. Users can communicate with each
other by using avatars, and they can see the status of
disputation in the form of several diagrams.

1. Introduction

These days, there are various types of troubles related to
transactions on the Internet. Especially the number of trou-
bles in online shopping and online auctions are on the in-
crease. Since going through trials to argue is high cost and
time-consuming, therefore it is difficult to provide effective
remedy for these types of troubles. Prompt and low-cost
mediations and arbitrations called the Alternative Disputa-
tion Resolution (ADR) are in the spotlight.

Non-legal professions can carry out mediations, however,
as the demand increasing, we are lacking mediators. Trainee
mediators not only need education on the procedures and
skills for actual mediations but also need to practice with
example cases [Katsh, 2000; Rule, 2002]. However, when
mediators practice, they need constant attendance by in-
structors. They have to be at the same location at same time
which is a great burden.

Given this factor, we have been researching to aim for
developing an online mediator education system. This sys-
tem does not only provide online argument environment, but
also assists and educates the mediators by using case example
base. It also suggests a new education model using the ana-
lyzed data accumulated by the system.

1702

2. Online mediation education assistance sys-
tem

Online mediations are carried out by connecting to the server
through the Internet by the users using the argument interface.
Mediator (host) and the two parties are present for the system.
Educational assistance is done by the instructor suggesting
the next possible remark and judging the mediator's skill by
analyzing the accumulated mediation records statistically.

The main features of this system are the following three;
(1) To provide online mediation education environment
Exchanging remarks online, setting index to the remark
contents and show them in diagrams and accumulate them
in case example base
(2) To navigate mediations using case example base
During mediation practice, similar past mediation cases
can be searched and the next remarks candidate are indi-
cated to the student acting as a mediator.
(3) To analyze mediation skill using case example base
By analyzing mediation records in case example base,
assess the mediation student's skill.

beng : *\w I purchased the muffler at the auctio

emmn 1 Site two years ago. [ think the seal
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Figure 1: Argument Interface
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Situated mediations are carried out with Argument Inter-
face as shown in Figure 1. Users input "remark texts", "link
data" and "avatar expressions'.

The case data dealt in this study is natural-language texts
representing conversations in mediations. To be able to
search for similar situations from the conversations and to
analyze statistically, we propose to index the remarks as
follows;

Firstly, when instructors set questions, they should know
what the point at issue is, for instance, in mediations for
auction troubles, the following point at issues are to be in-
cluded [Ashley, 1991; Aleven, 1997];

f1: Whether or not the product auctioned was a defect
f11: Does it have any flaw?
f12: Is it broken?
f2: Was there enough description for the product?
f21: Did the product description picture show the defect
part?
22: Did the description explain the defect-status well?

For each question set, we prepare around twenty points at
issue for it beforehand. In addition, for each of them, we
register which points at issue is on the topic when which term
(or groups of term) appear. This extraction of wordlist is
done by TF/IDF method by using mediation records in the
case example base.

This allows one remark to have two data be indexed; (1)
the point at issue in the remark and (2) the relation with the
previous remark.

During mediation, we tend to be stuck what remarks to
make next. In those cases, it would be helpful if we can refer
to other people's remarks in similar situations picked up from
the case example base, and by knowing how the mediation
proceeded can help them refer to making next remark.

Mew opinion M e opirnon
13, # £2, 4, 5
= F 3
Denial Drermal
4 o
= F 3
Current | “uestion Cruestion
situation
P 11 [T TTTTT 1] 3 4 5
Hewr Case 0l Case

Figure 2: Similar Situation Search
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However, searching similar situations are not easy. Similar
remarks can always be slightly different from one another, as
the expressions are different, and what we understand from
them differs regarding the previous remarks.

To make searching for similar situations easier, we pro-
pose a searching method of using index of remarks. This
method, as shown in Figure 2, goes back to two of the pre-
vious remarks from the present subject remark and within
these three remarks, the point at issue and the relation (link
data) are compared and similar situations are assessed.

3. Utilizing the case base

By analyzing old cases statistically, we can draw various
information which is useful for legal education strategy. For
example, by observing the number of issue points which the
mediator introduced in the case, we can estimate how posi-
tively the mediator controls the mediation. This information
is used to measure the mediation skill.

Another example is that we can classify the mediation data
in the case base by comparing the flow of issue points. The
classified data is used to arrange the mediation records and to
evaluate the results of mediation training.

4. Conclusion

We introduced the outline of the online system of ADR me-
diation education assistance. The characteristics of this sys-
tem are that it uses case example base to compare the me-
diation navigation and to assist mediator education.

The final object of this study is to develop a mediation
agent that carries out mediations instead of human. Media-
tion agent acts as a host following the Argument models.
With using the case example base, they can refer to the re-
marks form similar situations to use in hosting. Therefore, we
need to collect more simulated mediation cases and statisti-
cally analyze them and with the results of them, we need to
improve the accuracy of the similar situation search.
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Abstract

We have developed a set of microplanning choice
rules which are intended to enable Natural Lan-
guage Generation (NLG) systems to generate ap-
propriate texts for readers with below-average lit-
eracy, focusing in particular on choices related to
how discourse structure is expressed (cue phrases,
ordering, sentence structure). Evaluation experi-
ments suggest that our rules do enhance the read-
ability of texts for low-skilled readers, although
there is still room for improvement.

1 Introduction

Natural Language Generation (NLG) systems are computer
programs that generate written texts in English or other hu-
man languages [Reiter and Dale, 2000]. Most existing NLG
systems assume that generated texts will be read by profi-
cient readers with good literacy levels. However, many peo-
ple in the UK and elsewhere are not proficient readers. The
goa of our research is to generate texts which low-skill
readers will find (relatively) easy to read.

Generating appropriate texts for poor readers is a multi-
faceted problem, which involves choices at al NLG levels
(content, microplanning, realisation). The focus of our re-
search is on microplanning choices, in particular on choices
related to the expression of discourse structure.

This work was done in the context of the GIRL and Skill-
Sum' projects. These projects worked in the application area
of generating feedback reports on assessments of adult basic
skills (e.g. literacy). That is, users took a test assessing their
basic skills, and GIRL/SkillSum generated for them reports
that summarized their performance on the test.

While many previous researchers have looked at tailoring
generated texts according to the user's domain expertise
(e.g. [Paris, 1988]), less has been done on tailoring texts
according to the reader’s literacy. Perhaps the best known
previous work in this area is PSET [Devlin et al., 1999],
which examined choices in texts intended for aphasic read-
ers. Unfortunately most of PSET’s rules were not experi-
mentally validated. Scott and de Souza [1990] suggested

! Funded by PACCIT-LINK Grant ESRC RES-328-25-0026.
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some psycholinguistically-motivated rules for expressing
discourse relations, but did not evaluate them at all.

2 Microplanning choicesinvestigated

The document (content) planners of our systems produce as
output a tree, where core messages are related by discourse
relations such as explanation or concession. Discourse rela-
tions are essentially RST relations, and messages are repre-
sented using a deep-syntactic representation. An example of
an extract from atypical content plan, with messages shown
as text glosses instead of deep syntactic structures, is shown
in Figure 1.

Concession

[Many people find Condition

reading hard]

[Your skills will improve] [You practice reading]

Figure 1 — Extract from atypica content plan

Our work focuses on how discourse relations such as Con-
cession in Figure 1 are expressed, in particular:
« cue phrases. which cue phrases (if any) should be used
to express a discourse relation?

« ordering: which order should the constituents related
by a discourse relation be expressed in?

e punctuation (sentence structure): should constituents
be expressed in separate sentences (paragraphs?). If
not, should punctuation be used to separate them?

We developed a set of rules for these choices which we
hypothesised were appropriate for low-skill readers; thisis
our Enhanced Readability (ER) model. We also developed a
control model for making these choices, based on the most
common choicesin the RST-DTC [Carlson et al., 2002].

We created a microplanner that generated texts according
to the rules in the ER and control models. We used a con-
straint-based approach that in general terms is similar to
Power [2000]; further details are given in Williams [2004].
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wi SkillSum
Fred Bloggs,
English Skills
You scored fifteen. Thus you did well.

You did very well on grammar, while you did not do so well
on spelling, for example, you did not find the correct
spelling for "parliament”.

Though many people find reading and writing hard, if you
improve your skills, it could help you to do a course which
you said you were interested in.

Why not contact LearnDirect on 0800 101 909 to find out
about courses.

OoF ABERDEEN

wa SkillSum
Fred Bloggs,
English Skills
You scored fifteen. And you did well.
You did very well on grammar.
But you did not do so well on spelling.
And you did not find the correct spelling for "parliament”.
Many people find reading and writing hard.

But it could help you to do a course, if you improve your
skills.

And you said you were interested in doing a course.

Why not contact LearnDirect on 0800 101 909 to find out
., about courses.

S CTADf 7 r15a |
of ABERDEEN CINDfTriBAL

Figure 2: Examples of output from research system SkillSum. Left-

hand control text automatically generated using corpus rules (and NOT

intended for low-skilled readers), right-hand text generated with ER model.

3 Evaluation

GIRL evaluation experiment: 38 subjects, of varied literacy
levels, took the GIRL assessment and were shown GIRL’s
feedback reports. Subjects were initially shown texts gener-
ated with either the ER or control version (randomised), and
asked to read the report aloud; we measured reading time
and reading errors (reading aloud was preferred over silent
reading because pilot tests showed that many poor readers
would skim texts when asked to silently read). Subjects
were then shown both versions (ER and control) of the re-
port, and asked to state a preference.

The results showed that poor readers on average seemed to
read ER texts faster, make fewer reading errors on ER texts,
and also preferred ER texts; however none of these results
were statistically significant. There was little difference be-
tween the two versions for good readers

SkillSum evaluation experiment: 60 subjects were selected
by skills experts to be people with moderate but not severe
literacy problems, we also removed outliers;, hence this
group was more homogenous that of the first experiment.
After completing the assessment and reading their own re-
port, each subject was asked to read a report generated for
someone else (in order to de-personalise the experiment);
half read ER and half read control versions. In fact the re-
ports read were those shown in Figure 2. As in the GIRL
experiment, we measured reading aloud rate and reading
errors (but not preference).

This time our results showed a significant effect on read-
ing rate, subjects read the ER version 9% faster than the
control version (p=0.04). There was also a weakly signifi-
cant (p=0.058) improvement in reading errors.

4 Conclusion

We have only scratched the surface of the topic of generat-
ing appropriate texts for low-skilled readers; much more can
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and should be done. In particular we would like to include
lexical choice in our models, and also develop different
models for people with different skill profiles. Nevertheless,
we think our results to date are encouraging, and suggest
that good choice rules can make a difference.
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Abstract

One of the ground tools used to operate the Mars
Exploration Rovers is a mixed-initiative planning
system called MAPGEN. The role of the system is
to assist operators building daily plans for each of
the rovers, maximizing science return, while
maintaining rover safety and abiding by science
and engineering constraints.

In this paper, we describe the MAPGEN system,
focusing on the mixed-initiative planning aspect.
We note important challenges, both in terms of
human interaction and in terms of automated rea-
soning requirements. We then describe the ap-
proaches taken in MAPGEN, focusing on the novel
methods developed by our team.

1 Introduction

Many complex systems are operated with operations plans
that are generated offline at different intervals. Spacecraft,
in particular planetary rovers, provide some of the most ex-
treme examples of such operations. In the case of the Mars
Exploration Rovers, a new plan was generated for each
rover, every Martian day (which is slightly longer than an
Earth day). Each plan had to satisfy complex safety rules,
while achieving as much science as possible.

A mixed-initiative activity planning system called
MAPGEN was one of the key tools used to generate the
daily plans for the Mars rovers. The complete set of con-
straints and operations preferences, which varied signifi-
cantly over time and between days, was impossible to for-
mally specify. This made a fully automatic plan generation
approach inapplicable to the problem at hand. However, the
limited time available for plan generation and the complex-
ity of the task at hand also made it infeasible to generate
highly effective plans manually. Consequently, a mixed-
initiative planning approach was adopted, where humans
could control the construction of a plan, while automated
planning and reasoning capabilities were used to assist the
human user in making decisions, actively enforce con-
straints, and handle mundane task management issues.

" Research Institute for Advanced Computer Science (RIACS)
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While mixed-initiative planning [Burstein and McDermott,
1996] is a fairly established field, the MAPGEN application
provided new challenges, both in terms of interactions with
the user and in terms of how to apply automated reasoning.
In this paper, we outline these challenges and describe the
solutions developed.

2 Challenges and requirements

The primary challenge in the deployment of MAPGEN for
the MER mission was to overcome skepticism about the use
of automated planning. In particular, there were concerns
that users would not understand what the automation was
doing and that the automation would limit human input. To
address this, the tool had to allow the user a broad range of
operations, sufficient to arrive at any desired legal plan. At
the same time, the automated reasoning behavior had to
“feel natural” to the user.

Other specific challenges arose from user requirements.
These included adjustable control over planning and sched-
uling decisions, as well as easy placement of activities in
time. The key motivation was to allow users to choose
ways to adapt plans to complex limitations such as onboard
energy. These decisions required human-level judgment.

3 Mixed-initiative planning in MAPGEN

Like most mixed-initiative planning systems, MAPGEN
combines a user interface with a planning services frame-
work. In MAPGEN, the user interface is an established
spacecraft operations tool called APGEN [Maldague et.al.,
1998], and the planning and automated reasoning services
are provided by a constraint-based planning framework
called EUROPA [Frank and Jonsson, 2003].

Through the interface, users can edit the plans, with over-
sight and active constraint enforcement supplied by the
automated reasoning component. The core notion is that
users can modify a plan by adding, editing, moving, and
deleting high-level activities. The automated reasoning
component handles management of low-level and support
activities, such as ensuring resources like CPU are turned on
when required. The automated reasoning also enforces con-
straints stemming from flight rules and specific daily con-
straints that define the coordination of science activities.
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3.1 Interactive plan modification

One of the core issues in mixed-initiative planning is the
introduction of external decision-making and plan editing
into a carefully designed automated search engine. The
intrusion of user choices complicates commonly used ap-
proaches such as backtracking search and propagation-based
forward checking of consistency. The EUROPA planning
framework used in MAPGEN supports non-chronological
backtracking, but it cannot propagate information in plans
that have constraint violations. To support arbitrary changes
by users, MAPGEN included a plan modification strategy
that would adjust plans to eliminate inconsistencies.

3.2 Interactive temporal reasoning

The most common way for users to modify plans is to
change the placement of activities in time. The EUROPA
planning framework tracks a family of temporal instantia-
tions, represented as a simple temporal network. This made
it possible for users to quickly modify the temporal place-
ment of activities while staying within a solution family. In
MAPGEN, this idea was extended further to allow users to
quickly move to a nearby family that differed only in the
ordering of a small set of activities, using the previous solu-
tion as a heuristic to guide the search.

3.3 Interactive planning and scheduling

As noted above, MAPGEN users wanted a range of auto-
mated planning services. The system offers a fully auto-
mated “plan everything” operation, a selective “plan this
and everything related to it” operation, and a fine-grained
“plan this and try to put it here” operation. Users can also
un-plan activities and store them in a “hopper,” which holds
requested activities that are not yet in the plan.

3.4 Minimizing perturbation

The key to making the automated services feel natural and
unobtrusive is for them to respect the existing plan as much
as possible. This is accomplished by combining an effective
form of temporal placement preference with a heuristic bias.
For changes in the temporal placement of activities, the
system exploits the underlying temporal flexibility of
EUROPA plans. As each plan represents a family, the sys-
tem chooses an instance to display that is as close as possi-
ble to what the user had prior to the changes being made.

For more significant changes, such as those involving auto-
mated planning, the heuristic bias guides the search to op-
tions that restrict changes in temporal placement to those
needed to satisfy constraints; thus the plan changes only in
accordance with achieving the user’s desires.

3.5 Responsiveness issues

Mixed-initiative planning systems must respond and return
control quickly to the user. For simple temporal placement,
this is not a difficult issue, since the core operation is propa-
gation in a simple temporal network, which can be done in
low-order polynomial time.
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For an automated planning operation, which involves a cas-
cading decision process, MAPGEN relaxes completeness in
favor of responsiveness. This has to be done carefully to
maximize chances of finding near-optimal solutions within
limited time. We developed a backtracking algorithm that
noted the difficulty of planning activities, and when the ef-
fort to plan an activity exceeded an allowance determined
by its priority, the activity was rejected from the plan.

4 Open issues and future work

A number of issues that arose in the development and use of
MAPGEN could not be resolved in time for the Mars Rover
application; among those are the following.

Explanations for user

When activities could not be moved or planned, due to a
combination of prior decisions and applicable constraints,
users had a hard time understanding why. This made it dif-
ficult for them to resolve the problems. To address this, an
explanation facility is needed that can provide understand-
able reasons to the user and respond to questions.

Improved reasoning and planning

While the planning approach used in MAPGEN was quite
effective, it left certain aspects of decision-making to the
user—in particular, the user was tasked with handling vague
preferences and very complex resource availability limita-
tions. Future work should move towards incorporating
complex preferences and automatically planning against
complex resource limits.

5 Conclusions

The use of MAPGEN as a critical tool in the ground opera-
tions for the Mars Exploration Rovers is a major milestone
in the application of automated planning in space explora-
tion and other complex domains. Mission operations staff
successfully used the tool in an intense, time-pressured envi-
ronment, leading to an estimated 10 and 40 percent increase
in science return, compared to operating without Al assis-
tance. The deployment of MAPGEN has also identified key
challenges for the mixed-initiative planning community and
for the automated planning community as a whole.
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Abstract

This work can be seen as a first approach to a new
planning model that takes into account the possibil-
ity to express actions and fluents with non-boolean
values. According to this model, a planning prob-
lem is defined using both graded (multi-valued) and
classical (boolean) fluents. Moreover, actions that
can have different application degrees can be de-
fined. In this work a PDDL extension allowing to
describe such new problems is proposed and a plan-
ning algorithm for such problems is presented.

1 Introduction

In the last years, extensions of the classical planning model
have been investigated, such as temporal models, conditional
and contingent models, probabilistic models and other mixed
models (for example [Hoffmann, 2002; Petrick and Bacchus,
2002; Bonet and Geffner, 2003; Chien and al., 2000]). But,
to the best of our knowledge, a feature of the classical model
has never been modified: the use of boolean expressions to
describe fluents and actions in the domains. This is often too
restrictive in order to represent realistic domains because the
world is not black and white (i.e. true or false) but it has a
lot of colors (i.e. intermediate truth-values, or “degrees of
truth”). A different approach to planning that takes into ac-
count a numerical “state” associated to a fluent is proposed
in the probabilistic planning model, but, in this case, “num-
bers” represent our knowledge or uncertainty about the state
or the success of an action, while the real world is always
two-valued.

This work can be seen as a first approach to a new planning
model that takes into account the possibility to express both
actions and fluents with non-boolean values. According to
this model, a planning problem is defined using both graded
(multi-valued) and classical (boolean) fluents; moreover ac-
tions having different application degrees can be defined (i.e.
actions having adjustable intensity and that can affect fluents
proportionally to how much they are applied). In such a way,
also the efficiency of actions can be easily represented.

The work defines an extension of the planning language
PDDL that allows us to define planning domains and plan-
ning problems having graded fluents and graded actions, and
a solving algorithm for such problems, where first a candidate
plan with partially instantiated actions is constructed, then the
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plan applicability and correctness is verified by means of a
translation into a MIP (Mixed Integer Programming) prob-
lem and finally, if a solution of the MIP problem exists, a
complete instantiation is made and the solution plan is found.

2 The Planning Language

The planning language proposed in this paper is based on
standard PDDL. It provides two kinds of actions and fluents,
representing both classical boolean fluents and actions, and
graded fluents and actions. Both actions and fluents have an
additional argument denoting their “degree of truth”: in a flu-
ent it means “how much” the predicate is true (0 means that
it is false, 1 that it is true) and in an action it means “how
much” the action is applied (0 means that it is not applied at
all, 1 means that it is applied with the maximum efficiency).

The type of such terms is declared as a new type degree in
the PDDL domain definition. If the fluent is boolean then its
truth-value is a natural number in {0, 1} (as in the classical
model), otherwise, if the fluent is graded, its truth-value is a
real number in [0, 1]. The difference between the two kinds
of fluents is declared in the domain description. There are
different declaration sections for boolean and graded predi-
cates.

The additional parameter in an action denotes the degree of
application of the action. Again, the value of this parameter
in boolean actions belongs to {0, 1}, while it ranges in [0, 1]
in graded actions. ~ Actions may also have other additional
parameters referring to fluent degrees. A specific section in
action declaration allows one to associate fluents to degree
parameters. Such variables maybe used both in preconditions
and effects: action preconditions may contain inequality con-
straints over fluent degrees and effects can be described by
means of expressions that define the new “degree of truth” of
a fluent as a linear combination of previous fluent values and
the application degree of the action.

The choice to include the degrees among the action pa-
rameters does not increase the complexity of the operators
because, as explained in Section3, such parameters are not
instantiated during the solution search phase.

The definition of a graded planning problem may contain
an objective function, that is a linear function of the action
application degrees that must be minimized or maximized
when looking for action degree values satisfying a given par-
tially instantiated plan. For example, it can be used in or-
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Figure 1: The system architecture

der to minimize the cost of the extracted candidate plan giv-
ing different operator costs. It is defined in a new section
:objective_function(...) in the problem description.

3 System Architecture

The system takes in input a graded planning problem
(I, G, f,0) and if a solution exists it returns a graded solu-
tion plan P, otherwise,if it terminates it returns a NoSolution
message. The system architecture is presented in Fig.1: it is
composed by three modules, the plan extractor, the system
constructor, the MIP solver.

The plan extractor synthesizes a “candidate plan” P =
(A1 (1), Az(z2),. .., Am(zm)) where actions are partially
instantiated, i.e. where all application and fluent degrees are
unbound but only the variables z; standing for the degree of
application of A; are in evidence. It implements a simple
backward algorithm with heuristic functions that solves re-
laxed problems. Then the system constructor computes the
world evolution using these actions (the resulting states de-
pend on the action application degrees) and reduces the veri-
fication and full instantiation of the plan to a MIP problem,; it
builds the MIP problem corresponding to a candidate plan
and passes it to the MIP solver. During the system con-
struction phase some conditions in the action preconditions
are directly checked and if they are not satisfied the mod-
ule fails and another candidate plan must be extracted. In
this case the information about which action causes failure
is used and another candidate plan is constructed replanning
from this point. Finally the MIP solver computes a solu-
tion of the generated problem; if a solution exists it is a set
of real and/or integer values § = (g1, ..., gm) and the plan

= (41(91),..-,Am(gm)) is the graded solution plan of
the given problem, otherwise a new candidate plan is ex-
tracted and a new MIP problem is generated.

4 Conclusions and related works

In this work a language and a model of planning with graded
fluents and actions are presented. A prototype of the system
has been developed.

To the best of our knowledge this is the first system able
to manage non boolean fluents and actions. Recent works
have proposed languages [Fox and Long, 2003; Giunchiglia
et al., 2004; Lee and Lifschitz, 2003] and systems (for exam-
ple [Koehler, 1998; Baioletti et al., 2003; Hoffmann, 2002;
Haslum and Geffner, 2000]) that can handle numerical val-
ues. Degrees can be represented in PDDL 2.1, but only if
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their values range on finite sets. Graded fluents could be rep-
resented in PDDL 2.1 by means of numerical fluents (func-
tions) but respecting some more restriction w.r.t. what is done
in this work. However, graded actions are not representable
at all.

At the moment we are working in two main directions.
First of all an algorithm for intelligent backtracking when
the MIP solver fails and an improvement of the backtracking
phase when the system constructor fails are under investiga-
tion. Moreover a set of graded domains and graded problems
is under construction in order to carry out a wide set of ex-
periments. The second research direction is theoretical: an
extension of the algorithm to planning under uncertainty on
the initial state is straightforward, introducing variables for
fluent degrees in the world construction. Moreover, we are in-
vestigating the possibility of representing and treating vague
(fuzzy) fluents, using intervals or sets to represent fluent de-
grees.
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Abstract

This paper discusses a means for automatically
supporting humans in information and task
prioritizing. A new generic method based on the
Competitive Task Model is described. Its
implementation is able to calculate priorities of
competing information entities, which provides a
way of allocating tasks to the process operator. Due
to a combination of dynamic states and information
entities, it is usable as an adaptive control
mechanism for attention and task allocation.

1 Introduction

The objective of an intelligent information system is to
support the operator with the decision making process by
means of offering the right information at the right time and
place. This appears not an easy job as experience and
research in the field of adaptive decision support learns
[e.g., Weiland et al., 1998]. Information with a high
interruption level is intended to focus the attention of the
operator on important information. A popular scenario in
literature describes a process operator facing an emergency
situation where the operator is overwhelmed by a huge
amount of information, which increases the operator
workload and is making it almost impossible to deal with
the emergency [Sheridan, 1981]. The mentioned scenario
typically occurs when time is limited. It is therefore crucial
to use valuable time carefully and it seems obvious to
support the operator in managing information flow after (or
before) a problematic event.

A reduction of information seems to be a logical first
approach, but unfortunately several studies show that the
reduction of information not necessarily results in
improvement of efficiency [e.g., Baker et al., 1985]. The
removed information apparently is relevant for the operator.
This may be because this information provides insight into
the state of the process [Stanton, 2000]. In the present
research a combination of research suggested by Freed
[1998], Nugent et al. [2000] and Covery [1990] is further
explored and used for a description of a model called the
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Competitive Task Model (CTM). After this a first
description of an algorithm based on CTM is shown.

2 The Competitive Task Model

In the CTM information entities (IEs) are prioritized by
means of estimating their relevance, urgency, and
importance, in the context of the goal profile, user, and task
knowledge (Figure 1). Relevance describes which user tasks
have a relation with an offered IE and urgency describes the
temporal (response) aspect of the IE for a particular task.
Relevance and urgency estimation is done by means of two
interpreters that require knowledge of the user and its tasks.
User and task knowledge is used to determine if the offered
IE reduces uncertainty [Shannon et al., 1946] and to provide
an indication of the relation between an IE and a specific
task, respectively. The act of combining these
interpretations per specific task vyields a delta score,
indicating the priority of the IE with respect to a certain user
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Figure 1 — The Competitive Task Model
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task. For each user task the delta scores are combined for all
offered IEs. This results in a task score, indicating the
priority of a certain task given a set of IEs. Finally, the task
scores are related to the specific goals using a two-layered
goal profile (GP). The first layer describes the goals and
every goal implies one or more tasks. These tasks populate
the second layer. The GP yields an indication of the
importance of a specific task with respect to the user’s
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higher goals. The combination of importance of a certain
user task and its related task score results in a goal task
score, indicating the eventual prioritization of user tasks.

As an example of applying the CTM, imagine a navy officer
on a frigate. The task profile consists of three high level
goals, i.e. to fight, to sail and to float. Suppose that an IE
concerning a fire in the engine room reaches the officer.
This IE is highly urgent and relevant for the sailing task, but
to a lesser extent for the floating task. Hence the delta score
of the sailing task is higher than that of the floating task. But
according to the GP (domain knowledge) floating is more
important than sailing if the floating capability is in danger,
and therefore the CTM indicates that the floating task
should receive attention instead of the sailing task.

3 The Basic Algorithm

According to the CTM there are three terms needed to
prioritize 1Es: relevance (R), urgency (U) and importance
(I). The first two terms describe task 7 and state o dependent
information for which R,(z,0) and U,(r,0) are
numbers in the interval [0,1], where i is an IE. These two
terms are quantified via relevance and urgency interpreters
(Figure 1) and are combined as a quantitative expression of
the priority of the IE on the task and state using a function
called the delta score (5S):

d5,(z,0) = R,(r,0) ®U,(r,0) @

where @ is an operator combining R and U. In order to
calculate the priorities of the competing tasks, a task score
(7S) is calculated by means of the summation of all 4S’s per
task, given a state:

1S(r,0)= 2.85:(z,0) @
ielEs

The above task score is not taking into account the related
higher level importance. Therefore 7S and 7 are combined:

18,,(z,0)=1(r,0) ®TS(z,0) 3)

where ® is a operator combining 7S and Z. The combining

operators ® and @ can be for instance normalized linear
functions with its form possibly dependent on the given task
7, state o, and IE 7.

4 Discussion

The CTM model described in this paper is able to calculate
the priorities of competing tasks based on a set of IEs. The
IEs are analysed in the context of the current activities of the
operator, the importance of the IE regarding the main goals,
and the urgency and relevance of the IE regarding the
operator’s tasks. Because of the combined input of IEs and
dynamic states it can be used as an adaptive control
mechanism for operator attention or as task allocation
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strategies, that are crucial in (automating) adaptive decision
support. This is different from traditional models of
preference choice from game theory, where preferences are
given a priori. Though, further research is needed to
optimize the theoretical framework. For instance, Freed
[1998] mentions that switching between hierarchies can be
an efficient approach when information is applicable for a
number of subtasks. The CTM does not elaborate on this.
Furthermore, the automatic relevance and urgency
interpreters, and the combining operators in de basic
algorithm need further experimentation and specification.
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1 Introduction

Partially observable stochastic games (POSGs) provide a
powerful framework for modeling multi-agent interactions.
While elegant and expressive, the framework has been shown
to be computationally intractable [Bernstein ef al., 2002]. An
exact dynamic programming algorithm for POSGs has been
developed recently, but due to high computational demands,
it has only been demonstrated to work on extremely small
problems. Several approximate approaches have been devel-
oped [Emery-Montemerlo et al., 2004; Nair et al., 2003], but
they lack strong theoretical guarantees. In light of these the-
oretical and practical limitations, there is a need to identify
special classes of POSGs that can be solved tractably.

One dimension along which computational gain can be
leveraged is by exploiting the independence present in the
problem dynamics. In this paper, we examine a class of
POSGs where the agents only interact loosely by restricting
one another’s available actions. Specifically, rather than hav-
ing fixed action sets, each agent’s action set is a function of
the global state. The agents are independent from one another
otherwise, i.e. they have separate transition and reward func-
tions that do not interact. This class of problems arises fre-
quently in practice. Many real world domains are inhabited
by self-interested agents that act to achieve their individual
goals. They may not affect each other in any way, except for
occasionally putting restrictions on what each other can do.

The best-known solution concepts in game theory are that
of computing Nash equilibrium and performing strategy elim-
ination. Our work addresses both of these solution concepts.
First, we show that finding a Nash equilibrium where each
agent achieves reward at least & is NP-hard. Another contri-
bution of this work is that we present an exact algorithm for
performing iterated elimination of dominated strategies. It is
able to solve much larger problems than exact algorithms for
the general class by exploiting problem structure.

2 POSGs with State-Dependent Action Sets

In this section, we will present a formal definition of our
model. An n-agent POSG with state-dependent action
sets can be defined as ({S;}, {s?}, {A;}, {Bi}, {P:}, {R:}),
where,

e S; is the state space of agenti. S =57 X Sy X ... xS,
denotes the joint state set.
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e sV € A(S;) is the initial state distribution of agent .

e A;isthe action set of agenti. A = A; X Ay X ... X A,
denotes the joint action set.

e B;: S — 24 is the available action function that maps
a joint state to the set of available actions for agent .
Bi(S) C A;forall s € S;.

e P, :S; x A; x S; — [0,1] is the transition function
of agent ¢. The joint transition function is completely
factored, where P((s}...s0) | (s1...8n),(a1...az))
= [Ti, Pi(sisi, ai).

e R, : S; x A; — R is the reward function for agent i.
This states that the rewards of the agents depend only on
the local state and the action taken by agent ¢.

In our model, each agent has a complete view of its own
local state. A local policy for each agent is a mapping from
the local state and the available action set to an action in that
set. A joint policy is a tuple of local policies, one for each
agent.

Definition 1 A local policy 7;, for agent i of an n-agent
POSG with state-dependent action sets, is a mapping from
pairs of local states and local action sets (s;, A;(s)) to
actions in the current local action set A;(s), where s =
(815 vy 8iyvnySn)

Here is an example of a POSG with state-dependent ac-
tion sets. Two autonomous rovers are exploring an unknown
terrain and collecting rock samples. There is a river with a
narrow bridge on it that only allows one rover to pass at a
time. To simplify the illustration, we will assume the rovers
have two states {on land, on bridge}, and three actions each
{move, get on bridge, pick up rock}. The rovers receive re-
ward for the number of rocks picked up. The state-dependent
action set is used to constrain the rover’s actions such that
only one is allowed on the bridge at a time. For exam-
ple, the available actions for rover 1 are specified as follows,
Bi({s1 = onland, sy = on land)) = {move, get on bridge,
pickup rock}, B1((s1 = on land, so = on bridge)) = {move,
pick up rock}, and analogously for rover 2.

3 Complexity

We state our decision problem, denoted as POSG-NE, as
follows: given a POSG with state-dependent action sets,
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G = ({Si}, {89}, {A:}, {B:}, { P}, {R:}), does there exist
a Nash equilibrium where all agents have expected utility at
least k?

Theorem 1 POSG-NE is NP-hard even in problems involv-
ing 2 agents and a horizon of 2.

4 Iterated Action Elimination Algorithm

We present an algorithm that performs iterated elimination of
dominated strategies. The algorithm is able to work directly
with the compact representation of a POSG without first con-
verting it to the double exponentially large normal form rep-
resentation. In this algorithm, first, we first fix the action sets
of each agent at each state to the optimistic and pessimistic
action sets. The idea behind this is that although an agent
cannot predict exactly what actions will be available at each
state, it can find out what actions would be available in the
best and worst case scenario. In the best case, none of the ac-
tions that can be restricted by the state of the other agents are,
and in the worst case, all of the actions that can be restricted
are in fact unavailable.

For each agent 7:

1. For each state sj, compute the optimistic and pes-

simistic action sets. Here s = (s',s2 ..., s") and
Si = Si
— st
Aopr(si) = Bi(s)
Apes(si) =1 Bi(s)

2. Compute the value functions of the 2 MDPs that cor-
respond to alternately fixing the available action sets
to the A,p and Apes.

U(s) aemi}:(s) (s,a) + ES/ (s'|s,a)U(s")
L - R ) P ! ) L !
(s) aempzzc(s) (s,a) + ES/ (s's,a)L(s )1

3. For each action in each state, derive upper and lower
bounds on the action value from the value function
bounds U(s) and L(s).

Qu(s,a) = R(s,a —|—ZP (s's,a)U(s)

QL(s,a) = R(s,a) —|—ZP (8'|s,a)L(s)

4. At each state, eliminate all actions a’ whose action
value is dominated by another action a, Qr,(s,a) >
Qu(s,a).

5. Repeat steps 1 to 4 until no more actions can be
eliminated at any state.

Table 1: The iterated action elimination algorithm.
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before after
# states pruning pruning
6 972,000 13

8 || 34,992,000 168

9| 2.1x10% 69
12 || 4.5 x101° 774
16 || 5.9 x10'3 2,198

Table 2: Average size of the policy space before and after
action elimination for problems with 3 constrained states.

Once we fix the available action sets of each agent at all the
states, the agents no longer depend on each other in any way.
Our model decomposes to a set of MDPs. For each agent, we
solve two MDPs, one using the optimistic action sets and the
other using the pessimistic action sets. The solutions will pro-
vide us with an upper and a lower bound on the actual value
function of each agent. With these upper and lower bounds on
the expected values of each state, we can now derive bounds
on the expected action values. At each state, dominated ac-
tions are pruned. We iterate the action elimination procedure
until no more actions can be pruned. Since the number of
actions at each state is finite, the procedure will eventually
converge.

Theorem 2 The iterated action elimination algorithm corre-
sponds to the iterated elimination of very weakly dominated
strategies.

S Experiments

We tested the algorithm on a simplified 2-agent autonomous
rover exploration scenario. The size of each agent’s local
state space varies from 6 to 16. We introduced up to three
constrained states in each agent’s state space. 100 trials were
run for each size of state space and number of constraints.
Table 2 shows detailed results for problems with three con-
strained states. For problems with one and two constrained
states, the final policy space ranges from 3 to 106 and 8 to
252 respectively. In all three cases, the iterated action elimi-
nation algorithm is able to reduce the size of the policy space
by several orders of magnitude.
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Abstract goal cannot be considered “achieved” and the assumptions
must be as few as possible because they become new goals for
the other agents. For instance, suppose that a door is locked:
if the agent seeks to get into the room behind the door and
the key is not in the lock, the planning procedure fails even
though the agent is able to fulfill 100% of its objectives be-
hind the door. Another possibility is to suppose for the mo-
ment that the key is available and then plan how to open the
door etc. whereas finding the key might become a new goal
to be delegated. To that end, we designed a planner that re-
laxes some restrictions regarding the applicability of planning
operators.

The purpose of this poster is to introduce a dialec-
tical theory for plan synthesis based on a multi-
agent approach. This approach is a promising way
to devise systems able to take into account partial
knowledge and heterogeneous skills of agents. We
propose to consider the planning problem as a de-
feasible reasoning where agents exchange propos-
als and counter-proposals and are able to conjec-
turei.e.,formulate plan steps based on hypothetical
states of the world.

1 Introduction 2 Assumption-Based Planning Model

The problem of plan synthesis achieved by autonomous i )

agents in order to solve complex and collaborative tasks ig‘ order to produce conjectures, we propose an assumption-

still an open challenge. Increasingly new application areag2s€d planning model based on a domain independent plan-

can benefit from this research domain. From our point of?iNg mecanism, FN. In HTN planning model, the objec-

view, multi-agent planning can be likened to the process usetVe iS not to achieve a set of goals but to perform some

in automatic theorem proving. In a sense, a plan can be corp€tS oftasks The agents input includes a set of operators

sidered to be a particular proof based on specific rules, calle@nd also a set omethods each of which is a prescription

actions. In this poster, we draw our inspiration from the©n how to decompose some tasks into some sets of subtasks.

proof theory described biakatos, 1975 The plan synthe- 1€ agent proceeds by decomposiman-primitive taskse-

sis problem is viewed as a dialectical and collaborative goafursively into smaller and smaller subtasks, uptimitive

directed reasoning about actions. Each agent can refine, ri2Sks that can be performed directly by planning operators,

fute or repair the ongoing team plan. If the repairing of are reached. o _ _

previously refuted plan succeeds, it becomes more robust but ASsumption-Based Planning is defined(@s ¢, A): G, is

it can still be refuted later. If the reparation of the refuted@ goal descriptionife., a set of world states); is a partial

plan fails, agents leave this part of the reasoning and explordescription of the worldife., the agent's beliefs) and is a

another possibility: finally “bad” sub-plans are ruled out be-description of the actions that an agent can exedi@ndg

cause no agent is able to push the investigation process fuie described in propositional logic.

ther. As in an argumentation with opponents and proponents, A primitive operatora is a tuple(name,, Preq, Dely,

the current plan is considered as an acceptable solution whetdd.) wherename, is the name of the primitive action,

the proposal/counter-proposal cycles end and no more objed¢. is the preconditions set needed to exeeut®el,, and

tion remains. Add,, define respectively the set of effects to delete and to
The originality of this approach relies on the agent capaadd to the agent's beliefs.

bilities to elaborate plans under partial knowledge and/or to A compound operator: is described by a methoth,,,

produce plans that partially contradict its knowledge. In otherPre,, Act,) wheren,, is the name of, Pre, is the precon-

words, in order to reach a goal, such an agent is able to praditions set needed to apply, Act,, defines a list of actions to

vide a planwhich could be executed if certain conditions were execute ice., the method bodly).

met Unlike “classical” planners, the planning process does A planning problemis defined by a tupld&, O, G): &

not fail if some conditions are not asserted in the knowledgelefines the agent’s belief®) = {(Pre,, Del,, Add,) | o €

base, but rather proposes an Assumption-Based Pleomr A} defines the description of the operators that an agent can

jecture Obviously, this conjecture must beasonable the  executeg defines the goal of an agent.
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A conjecturey is defined as an ordered list of coupjes-
(Haysa1)s- .., (Ha,,an)) Whereq; is an action ind; H,,
describes the assumptions that must hold before execufing
If H,, is an empty set, no assumption is needed to apply

Given a planning problemé&, O, G), a conjecturey is

conjecture. Each new conjecture suggested by an agent
produces new goals to achieve for the other agents.

acontextualization layein which agents decide to start,
when a set of goals is assigned to the system, or stop
interacting when they believe that a solution was found

equivalent to an ordered list of + 1 world statesy =
&y, E1,...,E, With & = £ U Ha1 and&; = ({51;1 U
Ha, } — Dely,) U Add,, (1 < i < n). The set of so-
lution conjecture€ (£, O, G) of a planning problem can be assumptions.

recursively defined: .
i ) ) The proof board of each agent can be viewed as a proof
e If Gis an empty set, the empty conjecture is returned. ee  Each node defines a conjecture suggested by an agent.
e Otherwise, letw be the first task or goal of, and’R ~ The edges of the tree express refinement relations. Each child
be the remaining goals: i) l is a primitive action and node defines a sub-conjecture proving an assumption of the
there is a conjecturg; to reacha thenC(£,0,G) =  conjecture contained in the father node. In order to test if a
{append(x1,x2) | x2 € C(£,0,R)};ii) If aisaprim-  solution plani.e., a plan without assumption is contained in
itive action and there is no conjectugeto reacha then  the proof board, agents try to extract recursively a sub-tree of
C(&,0,G) = 0; and finally, iii) If o is a composed the proof board from the root node. For each assumption in
action thenC(&,0,G) = C(€,0,append(Act,,R))  the root node, a sub-tree which nodes are not refuted and do
whereAct, defines the actions list to be executed in or-not contain assumptions must be extracted. This test is recur-
der to realizev. sively triggered on the alternative refinements proposed for

To reach its goal, an agent must check all assumptionQaCh assumption. The performatives list used are shown in
made by the conjecture. It can rely on its teammates com!ab. 3. We consider two performatives levels. The performa-
petences to make those assumptions become true. In othéfes used to refine, refute or repair conjectures that have an
words, assumptions made by one agent become additiontiformational content and the performatives used to modify
goals to be recursively satisfied. The assumption computdhe dialogue context. Each time a performative is received or
tion distinguishes two kinds of assumptions:Hypothesis ~ sent, the proof board is modified
represents literals that do not belong to the current agent’s i
beliefs. This means that expressions missing from the beliefs Levels | Performatives |
are not considered as false but rather as unknowrfaicx Informational refine, refute, repair
negationrepresents literals that are negations of facts in the Contextualization| prop.enter, prop.leave, prop.change,
current agent's beliefs: this fact is withdrawn and replaced by ack.enter, ack.leave, ack.change,
its negation. rej.enter, rej.leave, rej.change

or is not reachable. Finally, agents can decide to change
the dialogue context by modifying the current conjecture
if it has been refuted or none of the agents can refine its

3 Dialectical Controller

In a multi-agent context, the plan synthesis relies on dialecti-
cal exchanges between agents as expected in a debate. This is
convenient for dialogue where participants have no predeted Conclusion

laned _rolle (e, ﬁrogpr?ent, opponent). Agents interlact C(_)Ir; The advantage of the dialectical plan synthesis is to merge in
aboratively In 1 felf'llla OgLr‘]e SO as todconsltruct ap anhW|t the collaborative plan generation, the composition and the co-
gytl assungptlog ulfifling t he assigne r?oasf' Agents I?ve Brdination steps. It also includes the notion of uncertainty in
lalogue based on speech acts. At the informational layet, o a4ents’ reasoning and allows agents to make conjectures
speech acts can contain conjectures or propositions needed 5 compose their heterogeneous competences. Moreover,
to elaborate the global shared plan. The conjectures and thgs 501y conjecture/refutation to structure the multi-agent
refutations suggested by the agents during the dialogue afg,5oning as a collaborative investigation process. How-
stored in fabstrugtgrg clgllqgroofr?oa(ljr_dl Eachbag(.ent.has |tsr,] ever, former works on synchronization, coordination and con-
own proof board initialized at the dialogue beginning. Theict resolution are integrated through the notions of refuta-
proof board defines the ’publlc part of the agents '”teraCt'onﬁon/repairing. From our point of view, this approach is suit-
and records the agents’ reasoning. Each time an agent usgye for applications in which agents share a common goal
a speech act to refine, refute or repair a conjecture, the progf, q i which the splitting of the planning and the coordina-
board is updated. Through agents’ dialogue, only one specifig, steps (when agents have independent goals, they locally

part of the shared plan is (_:onsidereo_l. We pall this pa.rticmabenerate plans and then solve their conflicts) becomes diffi-
conjecture, thesurrent conjecture This conjecture defines - it que to the agents strong interdependence.

the dialogue context. In order to structure the dialectical plan
synthesis, we propose to define a set of dialogue conventior|§ef(:)renc(_:.S

described according to the states of the proof board. Thes[(le_ katos. 1976 I. Lakat Proof d Refutati h
akatos, . Lakatos. Proofs and Refutations: e

conventions are organized in two layers: | oaic of Math tical Di yCambridge Uni it
. . ' ogic of Mathematical DiscoveryCambridge University
¢ aninformational layerthat defines the rules to exchange Press, Cambridge, England, 1976,

refinements, refutations and repairings about the current

Table 1: Performatives list ordered by level.
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Abstract

The ability to generate narrative is of importance to
computer systems that wish to use story effectively
for entertainment, training, or education. One way
to generate narrative is to use planning. However,
story planners are limited by the fact that they can
only operate on the story world provided, which
impacts the ability of the planner to find a solution
story plan and the quality and structure of the story
plan if one is found. We present a planning
algorithm for story generation that can non-
deterministically make decisions about the
description of the initial story world state in a least-
commitment fashion.

1 Introduction

The standard approach to incorporating storytelling into a
computer system is to script a story at design time. That is,
a system’s designers determine ahead of time what the story
should be and hard-code the story into the system. An
alternative approach is to generate stories either dynamically
or on a per-session basis using planning.

Young [1999] suggests that planning has many benefits

as a model of narrative.

e Plans are comprised of partially ordered steps. If
steps are character actions, then a plan is a good
model of a story fabula — a chronological enumeration
of events that occur in the story world.

e Planning algorithms construct plans based on causal
dependencies between steps. This ensures that all
events are part of causal chains, resulting in coherent
story structure.

Story planners such as Universe [Lebowitz, 1985] and
IPOCL [Riedl and Young, 2004] require a predefined world
description as input. The task of creating the world in
which a story is set is already accomplished by the “human
author” — the user — and a story planner only has to find a
plot that can be performed in the story world. It is possible
for the human author to describe a story world initial state
that cannot be transformed through character actions into
the desired outcome. In this case, the responsibility for a
planner’s failure lies with the human author. Another
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possibility is that the story planner can find a solution plan,
but the solution plan is strangely structured because the
planner must work around limitations inherent in the initial
state description.

It is our belief that a story planner that has discretion over

the description of the initial story world state will:

e Be able to avoid failure conditions that are attributed
to the human author’s definition of the initial world
state.

e Find better quality solutions because the planner does
not need to work around limitations inherent in the
human author’s description of the initial world state.

2 Initial State Revision

The use of the closed world assumption (CWA) presupposes
complete and correct knowledge about the world. Since the
universe of discourse that describes any story world is
potentially infinite, the practical implementation of the
CWA is to enumerate everything about the world that is
known to be true so that everything that is not explicitly
declared to be true is presumed false. Since story worlds are
often fictional, the CWA places a burden on the human
author to completely specify the story world or risk limiting
the stories that can be constructed by the planner. However,
there may be many aspects of the story world that the
human author may not have a preference over.

The Initial State Revision (ISR) algorithm partitions
knowledge about the initial world state into three sets:
known true (7), false (/F), and undetermined (U). 7 is
the set of atomic ground sentences that are known to be true.
F is the set of atomic ground sentences that are known to be
false or are assumed to be false because their true value is
not specified by the human author. ‘U is the set of atomic
(but not necessarily ground) sentences whose truth values
are undetermined but not assumed to be false. ‘U is the set
of knowledge about the state of the world that the human
author has explicitly designated as having no preference
over. Consequently the possible values of U define
possible worlds in which the story can be set. Initial state
revision reduces the set of possible worlds by committing to
values of sentences in the undetermined set as necessary to
produce the best possible story plot.
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Known True set (partial) Undetermined set

character secret-agent) at gunl HQ)
character mastermind) at gunl courtyard)

( (

( (

(weapon gunl) (at gunl lobby)
(place HQ) (at gunl cache)
(place lobby) (at gunl office)
(place office)
(place cache)

Headquarters

(at scret-agent HQ)

Offige

(at mastermind office)

Courtyard

i Lobby Cache

Figure 1: Diagram of the secret agent world.

2.1 Motivating Example

Figure 1 shows an example domain in which a secret agent
must assassinate a terrorist mastermind. However, the
terrorist mastermind lives in a fortress which is heavily
guarded such that no one can enter the fortress while
carrying a weapon. The description of the story world
disallows any story that involves the secret agent entering
the fortress and assassinating the terrorist, for the secret
agent will be unable to carry a weapon past the guards.
Furthermore, suppose the story planner is constrained such
that the terrorist mastermind never leaves the fortress. In
this case the story planner can not find a complete story plan
for this story world unless the planner is able to revise the
initial state of the world. Figure 1 shows the known true
and undetermined portions of the initial world state.
Properties of the gun have been defined such that its
location is undetermined. Through initial state revision, the
story planner can declare the gun to have always been inside
the fortress, thus making it possible to find a complete plan.

2.2 The Algorithm

ISR planning is an extension of the conventional partial
order causal link (POCL) planning algorithm [Penberthy
and Weld, 1992]. Plan steps have preconditions and effects.
In every complete plan, preconditions of a step must be
satisfied by a causal link from the effect of a preceding step
or by the initial world state. An open (unsatisfied) condition
on a plan step can unify with sentences in any set in the
initial step, including the undetermined set, When an open
condition p on some plan step unifies with a sentence ¢ in
the undetermined set, a causal link is established as in
typical POCL planning and, additionally, sentence g
becomes determined. If p is not negated, g is determined to
be true and moved into set T, otherwise ¢ is determined to
be false and moved into set . By using ¢ to satisfy an
open condition, the planner has in effect committed to a set
of possible worlds in which the value of ¢ is determined.
Note that it is not necessary for the undertermined set to be
empty for planning to be complete. That is, the story plan
can be in a set of possible worlds if the distinguishing
details are not integral to the plot.

It is often the case that propositions that describe the state
of the world are mutually exclusive, i.e., if one is true then
the other cannot be true. For example, an object cannot be
in more than one place at a time. The undetermined set U
can contain atomic sentences that should never be
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simultaneously true in the initial state of the world. ISR
utilizes mutual exclusion sets (also called mutex sets). A
mutex set is a set of sentences such that no two sentences
can both be true in the initial state. If a sentence in a mutex
set is determined to be true, then all other sentences in the
mutex set are determined to be false. In the example, the
sentences in U are all mutually exclusive to ensure that the
gun cannot be in more than one place.

3 Conclusions

Planners are constrained to operate in the world as provided
by their users. For an agent operating in a limited domain, it
is possible for the world to be completely specified. For
infinitely large domains such as a fictional story world, it is
impossible to encode every fact about the world. The closed
world assumption places a burden on the human author to
describe a world that supports story generation. It is
possible, however, that despite the human author’s
intentions, the story world description does not adequately
suit storytelling, resulting in planner failure or in solution
story plans that are oddly structured to overcome limitations
of the world description. The ISR planning algorithm
assumes creative control over aspects of the story world
description. With control over the initial state of the story
world, a story planner can find better story plans because it
is not limited by assumptions made by the human author.
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Abstract

Driven by planning problems with both disjunctive
constraints and contingency, we define the Disjunc-
tive Temporal Problem with Uncertainty (DTPU),
an extension of the DTP that includes contingent
events. Generalizing existing work on Simple
Temporal Problems with Uncertainty, we divide
the time-points into controllable and uncontrollable
classes, and propose varying notions of controlla-
bility to replace the notion of consistency.

1 Introduction

For modelling and solving real-world planning and schedul-
ing problems, quantitative temporal constraint networks in
the form of the Simple Temporal Problem (STP) [Dechter et
al., 1991] are widely known. The STP has been indepen-
dently extended in two orthogonal directions.

First, since the STP formalism is unable to express con-
cepts such as “event A occurs before or after event B”,
the Disjunctive Temporal Problem (DTP) [Stergiou and
Koubarakis, 2000] admits more than one disjunct in a con-
straint. Thus DTP constraints are disjuncts of the form:
Yi—Xi € [a;1, 1]V - VY, — X, € [an, by]. Note avariable
may appear in more than one disjunct. A simple way to solve
a DTP is to consider the component STPs obtained by se-
lecting one disjunct from each constraint. The computational
complexity of solving each component STP (deciding consis-
tency and deriving the minimal network) is polynomial, while
the worst-case complexity of solving a DTP is NP-hard [Ster-
giou and Koubarakis, 2000]; but in practice, efficient solv-
ing techniques have been developed (e.g. [Tsamardinos and
Pollack, 2003]), and tractability results are known for some
classes of DTPs [Satish Kumar, 2005].

Second, since the STP formalism assumes all time-points
are under the complete control of the execution agent, the
Smple Temporal Problem with Uncertainty (STPU) [Vidal
and Fargier, 1999; Morris et al., 2001] divides the time-points
into two classes, executable and contingent. Contingent time-
points are controlled by exogenous factors, often referred to
as “Nature’, and consistency of an STP is replaced by varying
notions of controllability.

Driven by planning problems that feature both disjunctive
constraints and contingent events, in this poster we propose
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the Digjunctive Temporal Problemwith Uncertainty (DTPU).
Consider, for instance, planning the schedule of an elderly
patient [Peintner and Pollack, 2004]. On the one hand, her
schedule includes events, such as exercising and a relative’s
visit, that are not totally ordered by the problem requirements;
on the other hand, while the patient has some idea when the
relative will arrive, the precise time is not under her control.

2 Extending the DTP with Uncertainty

Following the STPU formalism [Vidal and Fargier, 1999], in
a DTPU we divide the time-point variables into two classes:
the controllable decision variables V;; and the uncontrollable
parameters V,,. In an STPU, this induces a partition of the
temporal relation constraints C' into two types. A constraint
Y — X € [a,b], where Y € V,,, is a contingent link. Intu-
itively, contingent links model tasks with uncertain durations.
If a constraint is not contingent, it is an executable link; thus
all other constraints (i.e. where Y € V) are executable links.
In a DTPU, each constraint is a disjunction of links:

Definition 1 A DTPU is a tuple (Vg, V.., R4, Ry, C), where
Va4, V., are as above, Ry is the set of all executable links, and
R, is the set of all contingent links, and C is a finite set of
disjunctive temporal constraints.

Thus in a DTPU, three types of constraints arise according
to the contingent status of the included disjuncts. First, only
Ry disjuncts; analogously with STPUs, the constraint is said
to be executable. Second, only R, disjuncts; analogously
with STPUs, the constraint is said to be contingent. Third,
both R, and R, disjuncts. Here, a situation which has no
analogue in an STPU, the constraint can be satisfied by the
satisfaction of either some executable link (a possibility under
the agent’s control), or of some contingent link (which is not);
we say that it is semi-executable.

A constraint is satisfied if at least one of its disjuncts is
satisfied. A solution to a DTPU is a complete assignment to
all variables V' = VUV, that satisfies all the constraintsin C.
A solution s can be partitioned into s; U s,,, where s4 and s,,
are the set of temporal values assigned to elements of V; and
V., respectively. s, is called a decision, and s,, is a realisation
(or possible world, or scenario). We say a component STPU
of a DTPU is the problem obtained by selecting one disjunct
from each constraint.
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Example 1 Consider further the example of an elderly pa-
tient’s schedule [Peintner and Pollack, 2004]. The time-
points in a DTP model of the schedule include E; and E.,
and V, and V, which describe the start and end of exercising
and a visit respectively. One of the constraints is:

Vs — E. € [5,inf) V E; — V, € [0, inf) (1)

stating that “Exercise must finish at least 5 minutes before the
visitor arrives or start anytime after the visitor leaves.”

While the visitor has a scheduled arrival time of 4:30 p.m.,
his precise arrival is not under the control of the patient; thus
Vs is a parameter. This means that the first disjunct of (1) is
a contingent link. The second disjunct is an executable link,
and so constraint (1) is semi-executable.

2.1 Controllability

For space reasons, we present informal definitions extending
the notions of controllability to DTPUs. The important new
possibility is of a semi-executable DTPU constraint.

Strong Controllability. A DTPU is strongly controllable
(SC) if there exists a decision that, combined with any re-
alisation, satisfies the constraints. In other words, there is a
way to assign values to the decision variables such that, given
any values for the parameters, at least one disjunct on each
constraint is satisfied. Note this means that a DTPU is SC if
some component STPU is SC. The converse is false, however,
since in a SC decision, sy U s,, may satisfy different disjuncts
in different realisations.

Dynamic Controllability. A DTPU is dynamically control-
lable (DC) if there exists an incremental, online decision that,
given knowledge of the values of all parameters that have oc-
curred until now, can be dynamically extended to a decision
in the future, whatever the values of the parameters that have
not yet occurred. Note this means that a DTPU is DC if some
component STPU is DC, provided the decision for the com-
ponent STPU can be consistently extended to a decision to
all decision variables in the complete DTPU. (A component
STPU may involve a strict subset of V;.) Again, the converse
is false in general.

Weak Controllability. A DTPU is weakly controllable
(WC) if for any realisation there exists a decision that, com-
bined with that realisation, satisfies the constraints. That is,
every realisation can be consistently extended to a decision.
Once more, a DTPU is WC if some component STPU is WC,
but the converse is false.

Trivial Controllability. The situation where every con-
straint is semi-executable brings the possibility that the agent
could satisfy the DTPU without regard to the contingent links,
by satisfying at least one executable link in each constraint.
We say a component STPU of a DTPU is a component STP
if it contains only executable links. A DTPU is trivially con-
trollable (TC) if one or more of its component STPUs is a
consistent component STP. Consistency of a component STP
is required to prove that: every TC DTPU is SC.
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Since SC = DC = WOC (inherited from the STPU
case), by testing whether a DTPU is trivially controllable,
we have a sufficient but not necessary condition for all other
types of controllability. Testing for this condition requires, in
the worst case, checking the consistency of every component
STP. While there may be exponentially-many such STPs to
check, the consistency of each can be determined relatively
quickly, compared to other inference tasks for DTPUs.

The other constraints of Example 1, not shown here, are all
single-disjunct executable constraints. Thus, since a compo-
nent STP arising with the second disjunct of (1) is consistent,
the whole problem is trivially controllable. While so for this
particularly simple example of a DTPU, more interesting DT-
PUs are not TC in general.

3 FutureWork

As a step towards modelling real-world planning problems
with disjunctive temporal constraints and contingent events,
we have proposed the Disjunctive Temporal Problem with
Uncertainty. While the DTPU extends previous work on the
STPU, much future work is needed. On the theory side, our
main task is to formally state and prove properties of DT-
PUs; on the practical side, our task is to develop algorithms
to check the various controllability notions, and prove their
complexity. Beyond this, we are interested to combine the
DTPU framework with user preferences [Peintner and Pol-
lack, 2004], in a similar manner to [Rossi et al., 2004].
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Abstract

The “Talking Robots” experiment, inspired by the
“Talking Heads” experiment from Sony, explores
possibilities on how to ground symbols into percep-
tion using language, with two autonomous Aibo ro-
bots in an unconstrained environment. We present
here the first results of this experiment and outline
in the conclusion a planned extension to social be-
haviors grounding.

1 Introduction

The “Talking Robots” experiment, inspired by the “Talk-
ing Heads” experiment from Sony, has been started for six
months in our laboratory. The purpose of this experiment
is double: first, to show that the original “Talking Heads”
experiment can be reproduced in a more demanding con-
text: autonomous robots (Aibos), unconstrained vision and
speech, and autonomous synchronization. Second, to serve
as a ground to build a more complex experiment. Making a
full use of the unconstrained context, we will in future work
investigate how the robots could autonomously develop their
own language games.

We will present briefly in this poster the structure of the
existing “Talking Robots” experiment and the underlying sci-
entific questions that we address. We will also comment on
our first results.

2  Grounding symbols into perception

Grounding symbolic representations into perception is a key
and difficult issue for artificial intelligence [Harnad, 1990;
Steels and Baillie, 2003]. Including social interactions and,
more specifically, language acquisition and development in
this context has proven to be a fruitful orientation. One of
the recent and successful attempts in this direction is the
”Talking Heads” experiment [Steels and Kaplan, 2002]. This
experiment involves two cameras interacting in a simpli-
fied visual environment made of colored shapes on a white
board. The agents inside the cameras are developing a shared
grounded lexicon of words related to visual meanings like
“red”, ’large”, "above”, etc.

The “Talking Heads” experiment has proven that it was
possible to design a computer-based mechanism for language
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acquisition that shares many properties in common with what
can be observed in human language acquisition. It can be
seen as an attempt in the direction of a computational model
of language acquisition and symbol grounding, outlining pos-
sible key structural elements that might be essential for such
a development.

However, the “Talking Heads” had two main limitations,
which were good and necessary simplifications to start with,
but that we will consider carefully here:

e The environment was limited and simplified (only col-
ored shapes on a white background, fixed cameras).

e The interaction protocol (language game) was predeter-
mined and hardcoded.

With the recent development of relatively cheap and pow-
erful robotic platforms (see Sony, Honda or Fujitsu, among
others) research on symbol grounding can move from simula-
tion or simple environments to complex natural environments
and embodied systems. Following this trend, we have started
the “Talking Robots” experiment which reproduces the ini-
tial Talking Heads experiment with autonomous robots (Aibo
ERS7) evolving in an unconstrained visual environment in-
stead of simple cameras.

The second point, regarding hardcoded interactions, is not
handled in the Talking Robots, but constitutes our future re-
search goal. The visual routines, robust perception mecha-
nisms and the general experience we drew from the Talk-
ing Robots will be a key component and a basis for an ex-
tended experiment involving the dynamical creation of lan-
guage games between two robots.

3 Results

3.1 Technical issues

The autonomous and unconstrained implementation of the
language game called ”Guessing Game” involves the follow-
ing technical and practical issues:

e Automatically determine the leader (the “speaker”) and
the follower (the “hearer”) in the game: we use beep
signals with specific tones to perform synchronization.

e Have the two robots standing one next to the other, start-
ing from a random position: we use movement detectors
and a waving head motion to locate an Aibo head in the
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image and pattern recognition based on a FMI-SPOMF
transform[sheng Chen er al., 1994] to identify the orien-
tation of this head. Together with a scale measure, this
gives an accurate enough estimation of the position and
orientation of the other robot.

e Use a stable segmentation algorithm which will give
comparable results from one robot to the other, if they
look in approximately the same direction: the CSC
algorithm[Rehrmann and Priese, 1998] has proven to be
the most stable after a series of tests (the measure of sta-
bility is the entropy of a normalized correlation matrix
between two segmentations of two slightly different im-
ages, which should ideally be zero).

e Provide an accurate pointing device for the robots to des-
ignate the objects they are talking about: we use a blink-
ing laser pointer fixed on the robot’s head and a simple
red spot detector which gives excellent results.

Putting all these elements together, we successfully ob-
tained converging results for the “Discrimination Game”
(comparable to the original experiment) and we have run sev-
eral successful ”Guessing Games”.

3.2 Discrimination Game

The discrimination game[Steels and Kaplan, 2002] is played
by one robot only and is designed to dynamically create a
set of visual categories grounded in the surrounding visual
environment of the robot: for example, with objects of differ-
ent sizes in the image, a category for ”big” and ”small” will
be developed but no category corresponding to “colors” will
arise in a black and white environment. Our games success-
fully converge with 250 iterations to a set of approximatively
80 to 90 categories in the unconstrained environment of the
lab, and a success rate above 80%:

v

0 50 100 150 250 300 350 400

lterations

Categories are mainly developed for position and area. If
we turn the vision of the robot to black and white, the discrim-
ination tree corresponding to “saturation” shrinks in a few it-
erations, as expected.

3.3 Guessing Game

The ”Guessing Game” has been run on a limited set of exper-
iments. Although we have still no statistical results yet, we
have observed in detail several games to compare them to the
original Talking Heads.

The following figure shows the result of a guessing game
played on a topic (in black) whose meaning has been mis-
understood by the hearer but correctly identified after the
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speaker has pointed it (both robots succeed in sharing the
same topic):

—
- -
|

This kind of failure is currently happening most of the time,
and we have to improve the constancy of segmentation and
context to increase the probability of having the speaker and
the hearer both categorizing a topic in the same way. Apart
from this, the original mechanisms of the Talking Heads have
been successfully reimplemented and run. Further results will
be presented in the poster.

4 Conclusion

The Talking Robot experiment has started to successfully re-
produce in a complex environment the results obtained in the
simplified environment of the Talking Heads. Building on our
experience on this embedded version, we plan to start a new
set of experiments involving not only a predetermined lan-
guage game interaction protocol, but where the robots will
dynamically create a protocol and use it to play a language
game which will not be known in advance. This ambitious
research project will require to state precisely the core struc-
tural elements of the Talking Robots and propose an archi-
tecture to generalize them and have a mechanism to let them
evolve. On the practical side, we will make use of the ro-
bust vision and localization algorithms we developed for the
Talking Robots.
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Abstract must be estimated along with the optimal path. Also, in order
to run in real time with arbitrarily long series, the complete
algorithm must be linear in the length of the series, so that
edge of both series before the alignment of the first the incremental step is bounded by a constantl/ & the
| %nents can be computed. We gresent a novel on- partially unknown sequence, then we seek at each tithe
F’e p o p'th “Wh E ool M best alignment of the sequenee, ..., v, to some initial sub-
med ime warpwgg a gcé” ”} which has me?rl |n|1_e sequence oF. This is performed with the OLTW algorithm
an ,{Sp?f[:e COsts, and periorms 'Ucrgme” al ta}lgn- (Figure 1), which we now explain.
ment of two Series as one Is received in real ime. The variableg andj are pointers to the current positions in
This alllg_orlth(T '5}[ a![)p“’id to the Iahgr}ment of audio seriesl/ andV respectively. The main loop of the algorithm
signais In order o track musical performances. calculates a partial row or column of the path cost matrix. The
) ] ] calculation of the path cost uses the standard DTW recursion
1 On-Line Time Warping formula, restricted to use only the matrix entries which have

Although efficiency and real-time concerns of dynamic timealready been calculated. The path cost is normalised by the

warping (DTW) have been addressed in the literature, we d@2th length, so that paths of varying lengths can be compared

not know of any work in which the real-time constraint in- I the function GetInc. The number of cells calculated is

volves a streamed sequence, so that the alignment must &/€n by the search width parameigre.g. for a new row, the
calculated incrementally, in the forward direction, while one"W number is incremented, and the cells in thedasilumns
of the sequences is not known in entirety. In this work weUP_t0 and including the current column are calculated.
present an on-line time warping (OLTW) algorithm which is  The function Getinc selects whether to calculate a row,

able to perform incremental alignment of arbitrarily long se-column, or both. If less than elements of each series have
guences in real time. been processed, new rows and columns are alternately cal-

DTW aligns time serie§ = uy, ..., u, andV = vy, ...,v, ~ culated. If one sequence has been incremented successively
by finding a minimum cost pathi’ = Wy,...,W;, where ~MazRunCount times, the other sequence is incremented.
each W, is an ordered paifiy, j;), such that(i,j) € W Otherwise the minimum path cost for each cell in the cur-
means that the poinis andv; are aligned. The alignment is €Nt row and column is found. If this occurs in the current
assessed with respect to a local cost functiting), usually ~ POsition(t, j), then both the row and column counts are in-
represented as an x n matrix, which assigns a match cost cremented; if it occurs elsewhere in rgythen the row count
for aligning each paifu;,v;). The path cost is the sum of IS incremented, otherwise the column cotiig incremented.
the local match costs along the path. Several constraints are For each incoming data point, the minimum cost path
placed onl¥, namely that the path is bounded by the endscalculated at time is the same as that calculated by DTW,
of both sequences, and it is monotonic and continuous. Th@ssuming the same path constraints, but the number of cal-
minimum cost path can be calculated in quadratic time byeulations performed by OLTW is bounded by a constant. A

Dynamic time warping is not suitable for on-line
applications because it requires complete knowl-

dynamic programming, using the recursion: further advantage of OLTW is that the centre of the search
D(i,j — 1) band is adaptively adjusted to follow the best match.
D(i, j) :d(i,j)+min{ D(i—1,5) } : :
D(i—1,5—1) 2 Tracking of Musical Performances

whereD(i, j) is the cost of the minimum cost path fraim 1)
to(i,5),andD(1,1) = d(1, 1). The path itself is obtained by
tracing the recursion backwards frab(m, n).

In music performance, high level information such as struc-
ture and emotion is communicated by the performer through
In the on-line case, the length of the incoming sequence igarameters such as tempo, dynamics, articulation and vibrato.
unknown, so one of the boundary conditions for the searc hese parameters vary within a musical piece, between musi-
' IEal pieces and between performers. We use OLTW to extract
*This work was supported by the Vienna Science and Technolthis information directly from audio signals by aligning dif-
ogy Fund project Cl010nterfaces to Musi@and the EU-FP6-IST-  ferent performances of the same piece of music, enabling live
507142 projecSIMAC OFAI acknowledges the financial support of tracking and visualisation of expressive parameters during a
the Austrian federal ministries BMBWK and BMVIT. performance. This could be used to complement the listening
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ALGORITHM On-Line Time Warping
t=1;j:=1
previous := None

INPUT u(t)
EvaluatePathCost(t,))
LOOP
IF Getinc(t,j)) !'= Column
t=t+1
INPUT u(t)
FOR k :=j-c + 1 TO|j

IF k>0
EvaluatePathCost(t,k)
IF Getinc(t,j) '= Row
j=j+1
FOR k :=t-c+1TOt
IF k>0
EvaluatePathCost(k,))
IF Getinc(t,j)) == previous
runCount := runCount + 1
ELSE
runCount = 1
IF Getlnc(t,j) != Both
previous := Getlnc(t,)
END LOOP
FUNCTION Getlnc(t,j)
IF (t < c)
return Both
IF runCount > MaxRunCount

Error < Percentage of notes
Frames| Seconds On-line Off-line

Etude | Ballade Etude | Ballade
0 0.00 13.9% | 13.1% 46.5% | 36.6%
1 0.02 36.1% | 34.5% 845% | 77.1%
2 0.04 52.8% | 50.7% 91.1% | 88.9%
3 0.06 64.0% | 62.2% 93.4% | 92.5%
5 0.10 78.4% | 76.7% 96.0% | 95.1%
10 0.20 92.7% | 91.4% 98.8% | 97.4%
25 0.50 98.7% | 98.5% 99.8% | 99.1%
50 1.00 99.9% | 99.7% || 100.0% | 99.8%

Table 1: Alignment results shown as cumulative percentages
of notes with an error up to the given value (see text).

by Chopin (Etude in E Major, Op.10, no.3, bars 1-21; and
Ballade Op.38, bars 1-45), played on a computer-monitored
grand piano. This provided precise measurements of the
times and velocities of all notes, so that we had both the audio
recordings and discrete measurements of each note.

After aligning a pair of files, the error for each note or
chord was calculated, using the Manhattan distance between
the point representing the onsets of the corresponding notes
in the two performances and the nearest point on the time
warping path. In Table 1, we show the percentages of notes
with errors less than or equal to 0,1,2,3,5,10,25 and 50 frames
across the 23 %) pairs of performances of each piece.
The results using the off-line version of the algorithm are
also included in the table. The average error was 84ms for

IF prreet\L/Jl;)nusC;EmRnow the on-line algorithm and 30ms for the off-line version; the
ELSE worst errors were 2.62s (on-line) and 3.64s (off-line). The
return Row off-line algorithm performs better because it has the advan-

tage of knowing the future evolution of the signal when cal-

(xy) = argmin(pathCost(k,), where culating the alignment at a given point.

(k ==1t) or (I ==))
IF x <t

return Row 3 Conclusion
ELSE IF y < j We presented a new on-line time warping algorithm, which
return Column aligns a sequence arriving in real time with a stored sequence
ELSE of arbitrary length. At each time frame, the calculated path is
return Both optimal with respect to the data computed up to that time, but

this might not correspond to the optimal path calculated by
an off-line algorithm with full knowledge of both sequences.
OLTW was used in implementing a musical performance
alignment system, which was tested on several hundred pairs
experience of concert-goers, to provide feedback to teachef performances with an average error of 84ms. The system
and students, or to enable interactive performance and autéan be used off-line for comparisons of performance inter-
matic accompaniment systems. pretation, using unlabelled audio recordings, e.g. in a media
The audio data is represented by the positive spectral difPlayer plug-in which, given a position in one audio file, au-
ference between successive 20ms frames, that is, the incredgenatically finds the corresponding position in other audio
in energy (if any) in each frequency bin. This emphasisediles of the same piece of music. An on-line application is au-
the onsets of tones, the most important indicators of musitomatic accompaniment: given an audio file with the soloist
cal timing. The cost of matching two frames is given by theand accompaniment on separate tracks, alignment could be
Euclidean distance between their spectral difference vectorgperformed on the solo track while the accompaniment track
Since the slope of the path represents the relative tempds played back with corresponding accommodation of the dy-
it is reasonable to constrain it to a range betwdeand 3 ~ namic and timing changes of the soloist. Currently planned
(MazRunCount = 3) , to allow for moderate but not arbi- extensions of this work include a score following system and

trary differences in tempo. In off-line tests with a search@ range of visualisation tools for use in concerts, teaching and
width of 10s ¢ = 500 frar'nes) the program aligned each private rehearsal. At the conference we will demonstrate the

minute of music in about 10 seconds (3GHz PC). It also runSYStEM tracking tempo and dynamics in a live performance
comfortably in real time with these parameters. and displaying the data with an animation designed by musi-

Quantitative testing was performed off-line with record- cologists for off-line performance visualisation.
ings of 22 pianists playing 2 excerpts of solo piano music

Figure 1: The on-line time warping (OLTW) algorithm.
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Abstract

This paper describes the integration of robot
path-planning and spatial task modeling into a
software system that teaches the operation of a
robot manipulator deployed on International
Space Station (ISS). The system addresses the
complexity of the manipulator, the limited direct
view of the ISS exterior and the unpredictability
of lighting conditions in the workspace. Robot
path planning is used not for controlling the
manipulator, but for automatically checking
errors of a student learning to operate the
manipulator and for automatically producing
illustrations of good and bad motions in training.

1 Introduction

Designing software that teaches requires, in advanced
cases, the implementation of “intelligence” capabilities.
After all, the best human teachers are those mastering the
subject they teach, having communication skills and
understanding the student’s problem solving process in
order to help him. With the aim of furthering intelligent
software-based education systems, we have been
developing a software simulator, called RomanTutor, that
can be used to train astronauts to operate a robotic
manipulation system (the Mobile Servicing System,
MSS), on the International Space Station (1SS, Figure 1).

Figure 1. ISSwith the SSRMS
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The MSS consists of a Space Station Remote
Manipulator System (SSRMS), a Mobile Base System
(MBS), a Mobile Transporter (MT), and a Specia
Purpose Dexterous Manipulator (SPDM). The SSRMS is
a 17-meter long articulated robot manipulator with seven
rotational joints and two latching end-effectors which can
grapple special fixtures, giving it the capability to “walk”
from one grappling fixture to next on the exterior of the
ISS. The SPDM is a dexterous manipulator with two
symmetrical six-joint arms and can be operated from the
end of the SSRMS. The MT is a platform that serves to
move SSRM S along the main truss of ISS.

The MSS is operated from a robotic workstation
located inside one of the ISS modules and is equipped
with three video monitors, each displaying a view from
one of the 14 cameras mounted on the ISS exterior and
the SSRMS. Crewmembers operating the MSS have no
direct view of the ISS exterior other than the three
monitors. In fact, choosing the right camera views to
display is one of the tasks for operating the SSRMS.

RomanTutor is a system still under development; here
we describe the integration of robot path-planning and
spatial task modeling in an MSS simulator to provide
useful feedback to a student operating the SSRMS. To
illustrate, when a student is learning to move a payload,
RomanTutor invokes the path-planner periodically to
check whether there is a path from the current
configuration to the target and provides feedback
accordingly. The path-planner not only computes
collision free paths but is aso capable of taking into
account the limited direct view of the ISS, the lighting
conditions and other safety constraints about operating the
SSRMS.

2 Architecture and Basic Functionalities

RomanTutor works with any robot manipulator provided
a 3D model of the robot and its workspace are specified.
The system includes the following components among
others (Figure 2): a graphic user interface, a feedback
generator, a path planner, a movie generator, and third-
party libraries (PQP [Larsen et al., 2000], Open Inventor
from Silicon Graphics and MPK [Sanchez and Latombe,
2001)).
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A snapshot of the user interface is shown on Figure 3.
It emulates the Robot workstation using three screens (for
the three monitors). The keyboard is used to operate the
robot. In command mode, one controls the joints directly;
in automatic mode, one moves the end-effector, small
increments at a time, relying on inverse kinematics to
calculate the joint rotations.

FEJEIUL PRPIIS

Selected cameras
5 Operation mod

Fiaure 2. RomanTutor Architecture

The robot free workspace is segmented into zones
with each zone having an associated degree of
desirability, that is, a real nhumber in the interval [0 1],
depending on the task, visual cue positions, camera
positions, and lighting conditions. The closer the dd is to
1, the more the zone is desired. Safe corridors are zones
with dd near to 1, whereas unsafe corridors are those with
dd in the neighborhood of 0. We extend the definition of
dd to robot configurations and paths in a straightforward
way.

Students carry out robot operation tasks that involve
moving the manipulator (avoiding collison and
singularities, using the appropriate speed, switching
cameras as appropriate, and using the right operation
mode at each stage), berthing, or mating. These tasks
require the student to be able to identify a corridor in a
free workspace for a safe operation of the robot and
follow it. The student must do this based on the task, the
location of cameras and visual cues, and the current
lighting conditions. Therefore localization and navigation
are important in robot operations.

The feedback generator periodically checks the
current state to trigger feedback to the student, using rules
that are preconditioned on the current state information
and the current goal. These are “teaching” expert rules
and can be as efficient as the available teaching expertise
allows. The feedback generator also changes the lighting
conditions based upon specification rules in the current
state. Feedback rules, lighting rules and goals are
structured into a task automaton.

A task automaton is a state transition system that
abstracts the evolution of the simulated system
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configuration under the student’s actions. In any given
state of the task automaton the feedback generator is
monitoring the student’ s actions, focusing on one subgoal,
and using a set of feedback rules to help the student. A
transition to a new state (e.g., the payload has reached a
predefined milestone) switches the subgoal and the
feedback rules to those of the new state.

Feedback rules are production rules preconditioned on
the state variables and the state goal; the consequents are
normally multimedia content to be displayed to the
student, but rules can also update user-defined variables
(e.g., to keep a record of previous state variables or to
update a performance score for the student).
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Figure 3. RomanTutor User Interface

Feedback rules can invoke automated movie
generation using templates of the form “illustrate correct
move from  <current-configuration> to  <goal-
configuration>". Such a template uses safe corridor
specifications and the path-planner to generate a path with
a high degree of desirability (i.e., in a safe corridor); then,
it determines the best sequence of camera views for the
different parts of the zone, and uses them as virtual
cameras to generate a movie showing the path.

3 ThePath Planner

For efficient path planning, we pre-process the robot
workspace into a roadmap of collision-free robot motions
in regions with highest desirability degree.  More
precisely, the roadmap is a graph such that every node n
in the graph is labeled with its corresponding robot
configuration n.q and its degree of desirability n.dd,
which is the average of dd of zones overlapping with n.q.
An edge (n,n’) connecting two nodes is also assighed a dd
equal to the average of dd of configurations in the path-
segment (n.q,n".q). The dd of a path (i.e., a sequence of
nodes) is an average of dd of its edges.

Following probabilistic roadmap methods (PRM)
[Sanchez and Latombe, 2001], we build the roadmap by
picking robot configurations probabilistically, with a
probability that is biased by the density of obstacles. A
path is then a sequence of collision free edges in the
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roadmap, connecting the initial and goal configuration.
Following the Anytime Dynamic A* (AD*) approach
[Likhachev et al, 2005], to get new paths when the
conditions defining safe zones have dynamically changed,
we can quickly re-plan by exploiting the previous
roadmap. On the other hand, paths are computed through
incremental improvements so the planner can be stopped
at anytime to provide a collision-free path and the more
time it is given, the better the path optimizes moves
through desirable zones. Therefore, our planner is a
combination of the traditional PRM approach [Sanchez
and Latombe, 2001] and AD* [Likhachev et al, 2005] and
it isflexiblein that it can into account zones with degrees
of desirability. We call it Flexible Anytime Dynamic
PRM (FADPRM).

More precisely, FADPRM works as follows. The
input is: an initial configuration, a goa configuration, a
3D model of obstacles in the workspace, a 3D
specification of zones with corresponding dd, and a 3D
model of the robot. Given thisinput:

To find a path connecting the input and goal
configuration, we search backward from the goal
towards the initial (current) robot configuration.
Backward instead of forward search is done
because the robot moves, hence its current
configuration, is not necessarily the initial
configuration; we want to re-compute a path to the
same goa when the environment changes before
the goal isreached.

A probabilistic queue OPEN contains nodes of the
frontier of the current roadmap (i.e., nodes are
expanded because they are new or because they
have previously been expanded but are no longer
up to date w.r.t. to the desired path) and a list
CLOSED contains non frontier nodes (i.e., nodes
already expanded)

Search consists of repeatedly picking a node from
OPEN,generating its predecessors and putting the
new ones or out of date onesin OPEN.

The density of anode is the number of nodesin the
roadmap with configurations that are a short
distance away (proximity being an empirically set
parameter, taking into account the obstacles in an
application domain). The distance estimate to the
goa takes into account the node's dd and the
Euclidean distance to the goal.

A node n in OPEN is selected for expansion with
probability proportional to

(1-R) / density(n) + R * goal-distance-estimate(n)
withO£ R £ 1.

This equation implements a balance between fast-
solution search and best-solution search by
choosing different values for 3. With 3 near to O,
the choice of a node to be expanded from OPEN
depends only on the density around it. That is,
nodes with lower density will be chosen first,
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which is the heuristic used in traditiona PRM
approaches to guaranty the diffusion of nodes and
to accelerate the search for a path [Sanchez and
Latombe, 2001]. As 3 approaches 1, the choice of
a node to be expanded from OPEN will rather
depend on its estimated distance to the goal. In this
case we are seeking optimality rather than speed.

To increase the resolution of the roadmap, a new
predecessor is randomly generated within a small
neighborhood radius (that is, the radius is fixed
empirically based on the density of obstaclesin the
workspace) and added to the list of successors in
the roadmap generated so far. The entire list
predecessors is returned.

Collision is delayed: detection of collisions on the
edges between the current node and its
predecessors is delayed until a candidate solution
is found; if there is a collision, we backtrack.
Collisions that have already been detected are
stored in the roadmap to avoid doing them again.

The robot may start executing the first path found.

Concurrently, the path continues being improved
by re-planning with an increased value of 3.

Changes in the environment (moving obstacles or
changes in dd for zones) cause updates of the
roadmap and re-planning.

4 Conclusion

RomanTutor's potential benefits to future training
strategies are (1) the simulation of complex tasks at alow
cost (e.g., using inexpensive simulation equipment and
with no risk of injuries or equipment damage) and (2) the
installation anywhere and anytime to provide “just in
time” training. Crewvmembers would be able to use it
onboard of the ISS, for example, to study complex
maintenance or repair operations. For very long missions,
they would be able to use it to train regularly in order to
maintain their skills.
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Abstract

We present an implementation of a model of very
early sensory-motor development, guided by re-
sults from developmental psychology. Behavioral
acquisition and growth is demonstrated through
constraint-lifting mechanisms initiated by global
state variables. The results show how staged
competence can be shaped by qualitative behav-
ior changes produced by anatomical, computational
and maturational constraints.

1 Introduction: developmental learning

In this paper we describe an approach to sensory-motor learn-
ing and coordination that draws from psychology rather than
neuroscience. There have been many models of sensory-
motor coordination but most of these have been based on spe-
cific, usually connectionist, architectures and tend to focus
on a single behavioral task. We are interested in exploring
mechanisms that can support not only the growth of behavior
but also the transitions that are observed as behavior moves
through distinct stages of competence.

Inspired by developmental psychology, we are investigat-
ing mechanisms for development in terms of stages (periods
of similar behavior) and transitions (phases where new behav-
ior patterns emerge) in very early development, in particular,
the control of the limbs during the first three months of life.

Figure 1 shows our experimental robot system with two
manipulator arms and a camera which is mounted on a
computer-controlled pan and tilt head. In the present experi-
ments only two joints of the arms are used, the others being
held fixed. We fitted one arm with a simple probe consisting
of a 10mm rod containing a small proximity sensor to detect
any objects passed underneath.

2 The Motor Coordination Problem

Even before any cross-modal spatial integration can begin it
is necessary to first discover the structure of the local spaces
within each modality. Various stages in behavior can be dis-
cerned and during these stages the local egocentric limb space
becomes assimilated into the infant’s awareness and forms a
substrate for future cross-modal skilled behaviors. The essen-
tial correlation between proprioceptive space and motor space

1732

Figure 1: The laboratory robot system used in experiments

seems to be a foundation stone for development, and occurs
at many levels [Pfeifer and Scheier, 1997]. Sensory-motor
growth in the limbs appears to precede visual development
(it may begin in the womb) and even when it can continue
concurrently with visual development. For this reason, in the
experiments reported here we do not involve the eye system.
A two-section limb requires a motor system that can drive
each section independently. The actual biological mecha-
nisms of proprioceptive feedback are not entirely known, and
there are several encoding schemes: joints encoding, shoulder
encoding, body-centered encoding, and Cartesian frame.

2.1 Mappings as a Computational Substrate

We have developed a computational framework for investi-
gating sensory-motor coordination problem based on a two-
dimensional mapping scheme. Each element in the map is
represented by a patch of receptive area known as a field.
The fields are circular, regularly spaced, and are overlapping.
We assume that basic uniform map structures are produced
by prior growth processes but they are not pre-wired for any
spatial system. Our arm system has to learn the correlations
between its sensory and motor signals and the mapping struc-
ture is the mechanism that supports this.

Every field in a map has a set of associated variables
that can record state and other properties during operation:
F{s,e, f,m}. These variables represent the value experi-
enced, the current degree of stimulation of a field as a result
of excitation or inhibition, the frequency the field has been ac-
cessed or visited, and the motor parameters that were in force
when this field was stimulated, respectively.

The excitation level held in a map’s fields is set to 1.0 for
the first stimulation, but repeated stimulations are reduced by
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a habituation function that recovers when stimulation ceases.
Also a very slow decay function causes all excitation levels to
fall over time. Global variable Global excitation, is a mea-
sure of total excitation of all field excitations above a nominal
lower threshold; Global familiarity, is a normalized sum of
field access frequency. Such global indicators can be used to
signal when changes have effectively ceased and the map has
become saturated.

2.2 Constraint lifting and reflexes

Distinct stages of competence development can be achieved
by lifting constraints when high competence at a level has
been reached [Rutkowska, 1994]. We have several possible
constraints: the availability of contact sensing, the resolution
of the proprioception sense, and the parameters of the motor
system. Of course, another constraint could be not having a
visual sense but this very early stage of infant growth does
not rely on vision. We use global state indicators to lift con-
straints in two ways: finer resolution sensory maps are used
when global familiarity is high, and the degree of motor ran-
domness increases with very low global excitation.

Novelty is the motivational driver and the motor system
attempts to repeat actions that cause stimulation. We provide
two basic reflexes to initiate the system: go to “mouth” and
return to “rest”(arm being in the lateral position).

3 Experiments and results

K E 0
oint 2 joint 2

(a) (b)

Figure 2: (a): Arm movements with no contact sensing. (b): Arm
movements with active contact sensing.

The first trials used no contact sensing and objects on the
table were either ignored or pushed out of range. Figure 2(a)
illustrates behavior as traces of movements. As the stim-
ulation levels of the mouth area fall due to the habituation
function so random motor signals are introduced, which pro-
duce hand sweeps to points on the extreme boundary. When
contact sensing is active, figure 2(b) then shows rest/mouth
moves being interrupted by contact with an object on the path.

From these figures we see that the arm moved between
mouth and rest areas first, but as these became less stimulated
so random moves were introduced and fields on the boundary
for the local body space were explored. Then, when con-
tact sensing was allowed (a constraint lifted), internal fields
and their neighbors were stimulated by object contact. Figure
3(a) shows map growth in terms of four “types” of fields. The
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Figure 3: (a): Growth of S-M map. (b): Transitions between three
maps of different scale. Repeated visits are ignored.

observed behavior is seen as series of stages: first a “blind
groping” mainly directed at the mouth area, then more grop-
ing but at the boundary, these are accompanied with unaware
pushing of objects, then follows more directed and repeated
“touching” of detected objects. All these behaviors, including
motor babbling and the rather ballistic approach to motor ac-
tion, are widely reported in young infants [Piek and Carman,
1994].

Regarding proprioception, we did not observe any clear ad-
vantage in any one encoding scheme. It is likely that the en-
coding scheme will matter much more when hand/eye coor-
dination is to be learned.

From the field size experiments we see a trade off: speed
of exploration versus accuracy. Figure 3(b) shows how the
system started on a coarse map and progressively transitioned
to a finer scale map as the global familiarity variable reached
a steady plateau.

Regarding the excitation parameters, the main effects are to
vary the persistent actions or number of repetitions performed
on a stimulus and to alter the order in which attention is given
to different objects.

4 Discussion and conclusions

Very few of sensory-motor coordination studies follow the
psychological literature on development and even less deal
with transitions between more than one behavioral skill pat-
tern.

The system described here records sensory-motor schemas
in topological mappings of sensory-motor events, pays atten-
tion to novel or recent stimuli, repeats successful behavior,
and detects when reasonable competence at a level has been
achieved. The behavior observed from the experiments dis-
plays initially spontaneous movements of the limbs, followed
by more “exploratory” movements, and then directed action
towards contact with objects.
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1 Introduction

Groups of robots are likely to accomplish certain tasks more
quickly and robustly than single robots, [Jager and Nebel,
2001]. Many robotic domains such as robotic search and
rescue, vacuuming, and waste cleanup are characterized by
limited operating spaces where robots are likely to collide.
In order to maintain group cohesion under such conditions,
some type of information transfer is likely to be useful be-
tween members of the team. This is especially true as ro-
botic domains are typically fraught with dynamics and un-
certainty such as hardware failures, changing environmental
conditions, and noisy sensors.

Questions such as what to communicate and to whom have
been the subject of recent study [Sen et al., 1994], [Jager and
Nebel, 2001], [Tews, July 2001]. At times, forms of implicit
coordination have been shown to allow agents better adapt-
ability, robustness and scalability qualities [Sen et al., 1994].
In theory, the lack of communication allows such methods to
be implemented on simpler robots. A second series of ap-
proaches attempt to improve group performance by having
robots locally communicate information [Jager and Nebel,
2001]. A third type of approach involves the use of some
type of central planner [Tews, July 2001]. We believe that
each type of communication framework is best suited for dif-
ferent environmental conditions. A mechanism is needed to
match the proper system to the given environment. This pa-
per attempts to provide such a framework with its use of a
coordination cost measure.

We measure all coordination costs including the time and
energy spent on coordination. We use this measure to eval-
uate the cost of communication. This result also allows us
to create robots that alter their communication scheme when
faced with dynamic domain conditions.

2 Talking the Right Amount

We model every robot’s coordination cost C;, as a factor that
impacts the entire group’s productivity. This cost includes the
time and energy used during communication and also proac-
tive and / or reactive collision resolution behaviors. We found
that the use of communication, or lack thereof, can impact the
time or energy used in the second type of behaviors.

*This material is based upon work supported in part by NSF grant
#11S-0222914, BSF grant #2002401, and the Israeli Ministry of Sci-
ence and Technology. Sarit Kraus is also affiliated with UMIACS.
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We also are able to create adaptive coordination methods
that switch between different communication methods based
on each robot’s estimate of its coordination cost. When ro-
bots detect no resource conflicts, it decreases an estimate of
this cost, V, by a certain amount Wy,,,.... When a robot senses
a conflict is occurring, the value of V' is increased by a certain
amount W,,,,. Thus, the value V" is constantly in flux based on
the robot’s perception of its environment. The values for V'
are used to switch between a set of communication schemes
methods ranging from those with little cost overhead such as
those with no communication, to more robust methods with
higher overheads such as the localized and centralized meth-
ods. This approach is novel in that robots individually mea-
sure these values online during task execution and can thus
adapt their communication method as needed in response to
unforseen changes such as group or environment changes.

We proceeded to implement variations of three types of
communication schemes — implicit, localized, and centralized
methods. In our implementation, all communication types are
similar in that they resolve collisions by mutually repelling
once they sensed a teammate within a certain safe distance ¢,
which we set to one robot diameter. Once robots came within
this distance, they acted as they were in danger of colliding
and used one of the resolution behaviors involving various
types of communication schemes. Different types of commu-
nication were used to determine the length of time a robot
would repel after this point.

We used the Teambots [Balch, 2000] simulator to imple-
ment these types of communication within groups of Nomad
N150 robots. We measured how many pucks (out of 60) were
delivered to the goal region within 9 minutes by groups of 2 —
25 robots using each communication type. We repeated each
trial 100 times for statistical significance.

Within the implicit method, no time or energy was lost due
to communication. This method assumed that robots were
able to autonomously compute their distance from the home
base. Once robots detected an impending collision, they used
a function of this distance (scalar distance * 5) as the time to
repel from its teammate(s). For these robots, the coordination
cost was equal to the time or the energy spent in these repul-
sion behaviors. In our first set of experiments we measured
the time spent in these behaviors. In our second set of ex-
periments, we allocated each robot 500 units of fuel. We as-
sumed most of the fuel was used by the robots to move, with a
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smaller amount (1 unit per 100 seconds) used to maintain ba-
sic sensors and processing capabilities. Our coordination cost
involved the amount of fuel used for resolving coordination
issues while robots engaged in repulsion behaviors.

Our localized method initiated communication only be-
tween the robots within the e distance. After this event, these
group members would exchange information above their rel-
ative distances from their typical target, their home base. The
closer robot then moved forward, while the other robot re-
pelled for a fixed period of 20 seconds. In our first set of
experiments, we measured the time these robots engaged in
communication and repulsion behaviors. We assumed that
1/5 of a second was needed for this localized information
transfer. In our second group of experiments, we measured
our coordination cost as a function of energy spent on co-
ordination. We again calculated this amount as a function of
the distance traveled during repulsion activities with a smaller
amount on sensors. In addition, we assumed each robot spent
0.3 units of fuel per localized communication exchange.

Our final method, Latency, used a centralized server with
a database of the location of all robots. Within this method,
one of two events triggered communication. First, as with
the localized method, robots dropping within the e distance
initiated communication by reporting its position, only in this
case with a centralized server. The server then reported back
a repel value based on its relative position to other teammates.
However, in order for the server to store a good estimate of
the positions of all robots, a second, often more frequent type
of communication was needed where each robot reported its
position to the server. We used the same time and energy
usage parameters from the localized experiment to measure
the cost of coordination.

3 Analyzing the Cost of Communication

Our results support our claim that the best method of commu-
nication does change with domain conditions. Figure 1 con-
tains the results from the time based coordination cost trials.
The X-axis represents the group size, and the Y-axis the num-
ber of pucks successfully retrieved within each group. The
implicit approach worked best in small groups where colli-
sions were less likely. In medium sized groups, the localized
approach worked better. As collisions became frequent, the
large amount of communication inherent in the centralized
method became justified, and this group performed signifi-
cantly better. In these experiments, we found that a latency
time of 1 second yield the highest productivity from various
latency variations we studied.

When comparing equally sized groups, the team’s produc-
tivity strongly negatively correlated to its time and energy co-
ordination costs. On average over groups of 2 — 25 robots,
we found a high statistical correlation of -0.96 between these
groups’ productivity and their total coordination cost. In our
equivalent energy experiment, we found a correlation value
of -0.95. This supports our hypothesis that coordination costs
measure based on time or energy can effectively model the
most effective communication method in groups.

Our measure was useful for communication adaptation as
well. In our implementation, adaptation was triggered once a
robot’s autonomously measured coordination cost threshold,
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Figure 1: Adaptation Using Coordination Costs

V' exceeded a certain threshold. After this point, that robot
broadcasted which method it was switching to and all group
members would change in kind and reinitialize their cost es-
timates V' to this new value. Figure 1 shows the results from
our time based adaptive method. We conducted the two tailed
t-test to confirm the statistical significance of for our adaptive
time and energy methods (not shown). In both cases we found
p-values well below the 0.05 confidence interval. We believe
the success of these approaches was based on the ability of
these method to switch their basic communication strategy
as the probability of collisions vacillated. This enabled these
robots to improve their productivity in a significant fashion
regardless of the group size.

4 Conclusion and Future Work

This work demonstrates how coordination costs can model
the relative effective of robotic communication methods. Our
measure focuses on the time and fuel spent communicating
and resolving collisions. It facilitates effective comparison
between implicit, localized and centralized communication
methods. Using this information we are able to select the
most effective communication scheme for a given domain for
a group of robots. We are even able to dynamically switch
between these methods in a quick, online fashion. For future
work, we believe that additional expansions to our measure
will facilitate comparison and adaptation even within hetero-
geneous groups of robots with diverse qualities.
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Abstract

Fast and accurate tracking of moving objects in video
streams is a critical process in computer vision. This
problem can be formulated as exploration problems and thus
can be expressed as a search into a state space based
representation approach. However, these search problems
are hard to solve because they involve search through a high
dimensional space. In this paper, we describe an A*
heuristic search for computing efficient search through a
space of transformations corresponding to the 2D motion of
the object, where most promising search alternatives are
computed by means of integrating target dynamics into the
search process, and ideas from information theory are used
to guide the search. The paper includes evaluations with
video streams that illustrate the efficiency and suitability for
real-time vision tasks on general purpose hardware.
Moreover, the computational cost to carry out the tracking
task is smaller than real time requirements (40 ms).

1 Problem Formulation

Let T={,,...t}c % be a set of points that represent a
template, let | _{| ,,,,, i, }< ®2be another set of points that
denote an input |mage let a bounded set of translational
transformations G(.) be a set of transformations
G:R* > NR? consisting of translations, which are
parameterized by a vector
(ax,Ay) G[Am.n- X [Am.nﬁA " csn2and let a bounded
error notion of quality of inatch Q(G;T,I,&) be a
measurement for computing the degree of match between a
template T and a current input image I. The quality of match
assigned to a transformation G is represented by the allowed
error bound &, when template points are brought to point’s
image using a transformation G:

=Zma|1xHG(t)—iH< £ @)

Given a template T, an input image | and an error
bound &, template position matching problem can be viewed
as a search process in the space of transformations in order
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to find the transformation, G, that maximizes the
quality of match Q(G):

G (T, 1,6)=arg max Q(G;T,1,¢) )

2 A* Search Algorithm

Problem solving through the use of heuristic search
strategies is expressed through a state space based
representation approach [Pearl, 1984]. According to the
heuristic search framework, template position matching
problem is formulated as: the search process oriented to
find the transformation parameters Gn.x e G(.) that
maximizes the quality of function match Q(G) between the
transformed template G(T) and the current image |. Next,
each one of the elements of the problem is described:

o State: each state n is associated with a
subsetG, — G(.), which is represented by the
transformation corresponding to the centre that is
referred to as G..

Initial state: is represented by a bounded set of
translational transformations G(.), which allowing
matching the current template into the current scene.
Final state: is the transformation that best matches the
current template points into the current scene,
according to the quality of function Q(G). The quality
of function match assigned to a transformation G is
expressed in terms of the partial directed Hausdorff
distance between the transformed template T and the
current image |

QG)=h(G(T)I1)<e ®)
That is, the final state corresponds to the state with the
translation G, which verifies that the distance
between 80% of translated template points and current
image points are less than 2.0.
« Operators: for each current state n, the operators A and

B are computed:

A.Each partial set of transformations from the current
state is partitioned into four regions by vertical and
horizontal bisections (that is, four new states).

B.The quality of function match (equation 3)
computed for each one of the four new states.
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Splitting operation generates an expanded quaternary tree
where with each node a 2' x 2! region is associated. The
splitting operation is finished when the quadrisection
process computes a translational motion according to the
quality of function match Q(G). The best node to expand is
computed through the use of an A* approach [Pearl, 1984].
The corresponding cost value assigned to each state n is
defined as:

f(n)=c(n)+h*(n) (4)

h*(n) is formulated in terms of expanding the best state of
the search space based on measuring the similarity among
the distribution functions that characterize the current state n
and the objective state, denoted respectively by P and Q.
The distribution function P is represented by a histogram
distances {H¢ | , ., which contains the number of
template points T at distance d; with respect to the points of
the input image I, when the transformation G, of the current
state n is applied on the current template T. The distribution
function Q is modelled by approximating {H }_, by an
exponential distribution function f (n)=ke ™.

The similarity between the distributions P and Q is
evaluated through the relative entropy or Kullback-Leibler
distance measurement from information theory [Cover and
Thomas, 1991]:

i=L.r

D(P|Q z P, Iog q )

An estimated cost functlon c(n) is employed to lead the
search process towards promising solutions. With this aim, a
depth term is added to the f(n) function (expression 4). This
term is based on the number of operators of type A applied
from the initial search node to the current node n.

An alpha-beta predictive filtering [Shalom and Rong,
1993] is incorporated into the search algorithm with the
purpose of predicting target position and reducing the initial
size of the search space of transformations, focused on the
assumption that there is a relationship between the size of
the search area and the resulting uncertainty of the alpha-
beta predictive filtering. Figure 1 illustrates the integration
of the stages that compose the alpha-beta filtering with the
computation of the dimension M x N of G(.) and their
respective equations.

Predict State MxN Dimension Search Area Get Observation

Decision Rulk

&lkj)=[o707]

. 2™ it o+ 2™ <v(k) [y 2(k+1)
2l +1K)= wR(kK) MN =12 if e 2™ 5 ()
Update State Innovation
R(k+ﬂk+1)=i(k+]{k)+v(k+1){ s T (k”“() (kJ'”k)

“ar vik +1)= z(k +1)- 2(k + 1))

T

Figure 1. Computing adjustable-size based search area.

The algorithm for template position matching in our
approach based on an A* search is as follows.

Input

G(.): initial set of transformations.

& : distance error bound allowed when template points are brought to
point’s image using a transformation G.
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v(K) : uncertainty measurement computed by alpha-beta filtering approach.
@ : estimate which determines from what value should be selected 2™ or
2™" bound value for computing MxN dimension of G(.).

2™ and 2™": upper and lower nearest values to the innovation factor v(k).
17 - number of operators of type A applied from the initial search state to
the current state n.

Output
MxN dimension of initial state set G(.)
max
max [g g y ]
Algorithm

Step 1) Compute adjustable MxN dimension of initial state set G(.):

Moo 2 i e+2 <v(k)
2" if w+2m™ >v(k)

Step 2) Find Gpax such the quality of function match
Q(G) =h, (G(T ), | ) < g is verified:
While (Q(G)> ¢) Do
2.1) Split current state n into four new states {“}i:1...4
2.2) Compute Q(Gc) «h, ((;C (T ), | ) for each new n;
2.3) Expand the best state n; according the evaluation
function f( ) ( +h*(n)1
231) n+(n)  D(P|Q)
232) ¢(n) < c(n-1)+7y
End While
Step 3) Output Gm [ , g;”ax]

3 Comparative Analysis and Runtime

Diverse experiments have been carried out with 24 different
sequences, achieving the same behaviour for all of them on
a P-1V 2.4 GHz. Comparing the results achieved from the
proposed A* heuristic search that uses an adjustable-size
search area approach with the blind search strategy that does
not use information to guide the search process and does not
estimate the dimension appropriated for initial search state
such as the conventional search strategy described by
[Rucklidge, 1996], demonstrates that the proposed A*
heuristic search framework is computationally lighter and as
consequence, faster than the blind search strategy, in an
average rate of three times better. Average time measured in
seconds for processing each frame for the 24 different
sequences is 0.01, confirming the adaptation of the search
strategy proposed to real-time restrictions under unrestricted
environments for arbitrary shapes.
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Abstract

The human visual system can interpret two dimen-
sional (2-D) line drawings like the Necker cube as
three dimensional (3-D) wire frames. We focus
attention on a principle to minimize the entropy of
angle distribution between line segments in a 3-D
wire frame as a concrete definition of the law of
pragnanz in Gestalt Psychology. And we imple-
ment the principle with the perceptual preference of
planarity to the loops of wire frames using a genetic
algorithm. Experimental results show the good
coincidence with human perception.

1 Introduction

Line drawings are more often used in documents which il-
lustrate the functions and shapes of products, buildings, and
so on rather than the photo-realistic images of them created
by computer graphics, because line drawings are more suit-
able to convey the shapes of 3-D objects than the
photo-realistic images.

Single line drawings have many possibilities in 3-D in-
terpretation, that is, there are infinite 3-D shapes which
produce a same line drawing. Human vision selects one or
two of them based on some internal criteria. Previously,
Shoji et. al. [2001] proposed a principle to minimize the
entropy of angle distribution (MEAD) between line segments
in a 3-D wire frame as a concrete definition of the law of
pragnanz in Gestalt Psychology. The MEAD principle seems
to be appropriate, but the results of their simulation are not
sufficient to support the principle.

In this work, we focus attention on the MEAD principle
and other perceptual tendencies. And we propose a 3-D
interpretation model based on the MEAD principle and the

perceptual preference of planarity to the loops of wire frames.

In the implementation of the model for simulation we use a
genetic algorithm (GA) based on the minimal generation gap
(MGG) model as a generation alternation model and the
unimodal normal distribution crossover (UNDX) as a
crossover [Ono et. al., 1998].

1738

2 Definition of Problem

Line drawings as the input of a simulation program are rep-
resented by the x and y coordinates of vertices and the pairs of
vertex numbers which are corresponding to the both ends of
line segments. For example, the line drawing in figura 1 (a)
is represented by the list of x-y coordinates of vertices #0 to
#3 and the list of pairs of vertex numbers such as (#0, #1), (#1,
#2), (#2, #0), (#0, #3), and so on. We suppose the type of
projection to be approximately orthographic. Then, the task
of the simulation program is to estimate the z coordinate of
each vertex. Estimated z coordinates and given x and y co-
ordinates produce a 3-D wire frame object. Figura 1 (b)
shows the x-y-z coordinate system, an input line drawing, and

an estimated 3-D object (a wire frame).
z

4 estimated
3-D wire frame
Yy
1
0.5 y
0 1 a
“given
0 0.5 1

x  2-D line drawing

(a) An example of line drawing. (b) Relationship between a given
0 to 3 are vertex numbers. 2-D line drawing and an esti-
mated 3-D wire frame.

Figure 1: A given 2-D line drawing and an estimated 3-D wire
frame.

3 Model and its implementation

A proposed model for 3-D interpretation is to search an op-
timal solution that maximizes the weighted sum F of
evaluation values F, and F), based on the MEAD principle
and the perceptual preference of planarity to the loops of wire
frames, respectively. That is,

F=F,+ w, F »

where w, is a weight and its value was 0.5 in simulation.
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3.1 MEAD principle

The evaluation value F, based on the MEAD principle is,
F,=1/H
where H is the entropy of angle distribution as follows:

180
H =~[ p(6)log p(6)ds

where p(6) is a probability density function of angle between
two 3-D line segments sharing an end point which is a vertex
of a 3-D wire frame. Figure 2 shows an example of angle
distribution.

LI L
0 30 60 90 120 150 180
angle (deg.) between two 3-D line segments
sharing same vertex

Figure 2: An example of angle distribution.

3.2 Planarity to loops

Loop is a cycle of graph of vertices connected by line seg-
ments of a wire frame as shown in figure 3. Perception tends
to interpret such loops as flat faces of polyhedron. The
evaluation value F), represents this perceptual preference as

A,
Fp =1- ZiEL !
ZieLSi

where L is the set of the indices of loops having 4 or more
vertices. A; is the minimal eigen value of the covariance
matrix of x, y, and z coordinates of the set of vertices on the
i-th loop. S; is the area of i-th loop on xy plane.

0

1 loop 0-1-2-3

loop 1-5-6-2
loop 2-6-7-3

5

Figure 3: Loops of a wire frame.

3.3 GA with MGG and UNDX

For the optimization the set of real numbers, a real-coded GA
is often used. We also use it with MMG and UNDX [Ono et.
al., 1998]. The chromosome consists of the sequence of z
coordinates. We set a population size to be 200, the number
of crossovers to be 200, the number of generations to be
4,000. That is, we randomly pick up two sequences from the
200 sequences of z coordinates (the population), and gener-
ate 400 sequences based on the UNDX referring the two
sequences and a sequence randomly selected from the rest of
the population. The 400 plus two sequences are evaluated
and sorted by F value, and the best and a sequence selected
by roulette based on its rank are return to the population. The
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above procedure is repeated 4,000 times and the best in the
last population is the simulation result.

4 Simulation

We used the data of 18 line drawings for simulation that were
used by Shoji et. al. [2001]. The data can be obtained from
the URL http://www.ccs.neu.edu/home/feneric/msdsm.html. All
of these line drawings are regular. So, we also prepare ir-
regular ones. From all of the regular 18 line drawing the
proposed model makes 3-D wire frames coincident with
perception, while Shoji’s model using only the MEAD fails
in 3 of the 18 line drawings. On the irregular line drawings
which are made from a quadrangular pyramid truncated two
non-parallel planes, the proposed model also succeeds. Only
the characteristic results are shown in figure 4.

N

(a) special (b) symphony (c) irregular
shape hall (HL) shape

Figure 4: Examples of the results of the simulation. 2-D line draw-
ings are shown on xy planes.

5 Conclusions

We implemented the proposed model based on the MEAD
principle and the perceptual preference of planarity to the
loops of wire frames using a genetic algorithm. Simulation
results show the good coincidence with human perception.
As a future work, we plan to use the proposed model for the
evaluation engine of the e-learning system for illustrators.
That is, a learner draws a line drawing observing an actual
wire frame object, and then the system evaluates the drawing
comparing the 3-D wire frame made from it with the 3-D data
of the original one.
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Abstract

This paper describes an obstacle Recognition Sys-
tem based on SVM and vision. The basic compo-
nents of the detected objects are first located in the
image and then combined with a SVM-based clas-
sifier. A distributed learning approach is proposed
in order to better deal with objects variability, il-
lumination conditions, partial occlusions and rota-
tions. A large database containing thousands of ob-
ject examples extracted from real road images has
been created for learning purposes. We present and
discuss the results achieved up to date.

1 Introduction

This paper describes an SVM-based object recognition sys-
tem that can recognise both vehicles and pedestrians using
vision. In our approach, the basic components of the ob-
jects are first located in the image and then combined with a
SVM-based classifier. Our object detection technique is char-
acterised by example-based learning algorithms. The salient
features of a class are learnt by the system based on a set of
examples. Example-based techniques have been previously
used in natural, cluttered environments for pedestrian detec-
tion [Shashua, 2004]. In general, these techniques are easy
to use with objects composed of distinct identifiable parts ar-
ranged in a well-defined configuration. This is the case of
road vehicles, where a distributed learning approach based on
components [Mohan, 2001] is more efficient for object recog-
nition in real cluttered environments than holistic approaches
[Papageorgiou, 2000]. Distributed learning techniques can
deal with partial occlusions and are less sensitive to object
rotations. The use of SVMs is a viable option as long as we
intend to discriminate between two classes: car and non-car.

2 System Description

The system is divided in two modular subsystems. The first
subsystem is responsible for vehicle detection and tracking.
The second subsystem provides pedestrians detection using
the information obtained by the vehicle detection module. In
this paper, we focus on the vehicle recognition system alone,
working with 320x240 monochrome images. The objects
searching space is reduced by using the limits established by
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the estimated lane markings. This helps reduce the rate of
false positive detections. In case that no lane markings are
detected, a basic area of interest is used instead covering the
front part ahead of the host-vehicle. In a first stage, an atten-
tion mechanism has been devised with the intention of filter-
ing out inappropriate candidate windows based on the lack of
distinctive features, such as horizontal edges and symmetri-
cal structures, which are essential characteristics of road ve-
hicles. This has the positive effect of decreasing both the to-
tal computation time and the rate of false positive detections.
Each road lane is sequentially scanned, from the bottom to
the horizon line of the image, looking for collections of hori-
zontal edges that might represent a potential obstacle. We use
a distributed learning approach in which each individual part
of the vehicle is independently learnt by a specialized classi-
fier in a first learning stage. The local parts are then integrated
by another classifier in a second learning stage. We have con-
sidered a total of 3 different sub-regions for each candidate
region, covering the most characteristic parts of the vehicle.
Two small sub-regions have been located in the area of the
region where the wheels are supposed to be. A third sub-
region is located in the central part of the region, covering the
area where car plates and rear windshield are usually placed.
The locations of the three sub-regions have been chosen in
an attempt to detect coherent and structural car features. A
set of features must be extracted from each sub-region and
fed to the classifier. Before doing that, the entire candidate
region of interest is pre-processed using a Canny operator in
order to enhance the differential information contained in it
(edges). The Canny image provides a good representation of
the discriminating features of the car class. On the one hand,
edges, both horizontal and vertical, are clearly visible and dis-
tinguishable. On the other hand, the vertical symmetry of a
car remains unchanged. In addition, edges are not affected
by colours or intensity. This property makes the use of edges
robust enough to different car models of the same type. The
pre-processed sub-region is directly applied to the input of
the classifier. The dimensions of the entire region of interest
are normalized before being fed to the classifier. A size of
70x80 pixels has been chosen, as it is adequate for detecting
vehicles at long distances (up to 80 meters).

The global training strategy is carried out in two stages. In
a first stage, separate SVM-based classifiers are trained using
individual training sets that represent a subset of a sub-region.
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This stage provides classification of individual parts of the
candidate sub-regions. In a second step, the outputs of all
classifiers are merged in a single SVM classifier in order to
provide the final classification result.

3 Results

The system was implemented on a Apple PC at 2.0 GHz run-
ning the Debian GNU/Linux Operating System. The com-
plete algorithm runs at 25 frames/s. We created a preliminary
database containing 2000 samples of road vehicles. The sam-
ples were extracted from recorded images acquired in real ex-
periments onboard a road vehicle in real traffic conditions in
Madrid. Two different training sets were built for the same
sub-region in different conditions in order to decrease the
complexity of the training process. This yields a total of 6
training sets (2x3). All training sets were created at day time
conditions using the TsetBuilder [Nuevo, 2005] tool, specif-
ically developed in this wok for this purpose. By using the
TsetBuilder tool different candidate regions are manually se-
lected in the image on a frame-by-frame basis. This allows to
select candidate regions containing vehicles of different size,
from different manufacturers, and so on. The number of non-
vehicle samples in the training sets was chosen to be similar
to the number of vehicle samples. We obtained a detection
rate of 85% in a test set containing 1000 images, and a false
detection rate of 5%. No image from the training set was used
in the test set. As an example, figure 1 shows a sequence of
images in which a vehicle is detected and tracked along the
lane of the host vehicle. A blue box is overprinted over the
detected vehicle indicating the estimated distance measured
from the host vehicle. Other vehicles appearing along the ad-
joining lane are marked with a horizontal red line.

SR Femmn emE SR T

Figure 1: Vehicle detection and tracking in a sequence.

4 Conclusions and Future Work

We have developed a visual multi-frame two-stage object
classification system based on Support Vector Machines
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(SVM) [Boser, 1992]. The learning process has been simpli-
fied by decomposing the candidate regions into 3 local sub-
regions that are easily learned by individual SVM classifiers.
Several training sets have been built for each sub-region in
order to cope with different weather and illumination condi-
tions. The results achieved up to date using a set of 2000
samples are encouraging. Nevertheless they still need to be
improved before being safely used as an assistance driving
system onboard road vehicles in real conditions. For this pur-
pose, the content of the training sets will be largely increased
by including new and more complex samples that will boost
the classifier performance. In addition, the attention mech-
anism will be refined in order to provide more candidates
around the original candidate region. This will reduce the
number of candidate regions that only contain a part of the
vehicle, i.e., those cases in which the entire vehicle is not
completely visible in the candidate region due to a misdetec-
tion of the attention mechanism.
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1 Introduction

Control software of autonomous mobile robots is character-
ized by its fairly high complexity which is in conflict with
stability. Complexity is caused by the software components
implementing the basic functionality like planning, sensor fu-
sion, actuator interfaces, and their interactions. Because of
the high complexity but also the instability of hardware com-
ponents and connections, and the underlying operating sys-
tem, complete stability is very unlikely. But if we want to
build a robot that is truly autonomous it has to deal with fail-
ures during its runtime without degrading the desired behav-
ior or even worse failing to fulfill its mission. Hence, a diag-
nosis system on top of the control system which does mon-
itoring the current behavior, locating the cause of a detected
failure, and taking the appropriate actions is a necessity.

To achieve this we introduce a model-based solution. This
includes a model of software components and their relation-
ships that are specified in the software architecture of the
robot’s control system. This model is then used to derive root
causes of a detected failure. The failure detection is based
on observations. For this we use the concept of observers. If
the monitored value exceeds its pre-specified boundaries, the
observer raises a conflict which causes the diagnosis engine
to compute the root causes. Once the root cause has been
identified, the diagnosis system takes appropriate actions in
order to retain the system’s correct behavior. The fault detec-
tion, localization, and correction procedures are all based on
declarative models of the control software.

2 Modeling software architectures

Software architectures comprise software components and
their connections. Components represent a collection of
classes which implement a certain behavior. The connec-
tions between components represent dependency relations
like client-server relationships and data flow. During the ex-
ecution of a program the components might spawn processes
and interact using method calls, or other means of commu-
nication, like events. Figure 1 depicts parts of the software
architecture of our mobile robot.

The formalization of the structural properties of the soft-
ware architecture considers the software components, their

*This research has been funded in part by the Austrian Science
Fund (FWF) under grant P17963-N04.

1742

Firewire-Bus

Object  [*--5
Tracker | Ot

Laser  [ommmr -~ Goal 5 -
: Locator ’; _ Fo
Rang&Sarsar_ T R

Ompy
_y TmMOffon

use,”|

>

CAN-Bus ™,
CAN

strong dependency
-~ -~ weak dependency

-~~~ Dataflow

Kicker Corba Interface
WorldState  Event Channel

Behavior
Engine

CAN_Z _ \RangeSensoLz’ |

Figure 1: Dependencies between software modules.

connections in terms of identifiers representing events or pro-
cedure calls, and a classification of dependency relations
which are used to repair the software during runtime. We
distinguish two different dependencies between components:
weak and strong. Two component are weakly dependent if
killing one component directly affects the other component.
Otherwise, the relationship is a strong dependency.

A software architecture model (SAM) comprises a set of
software components C'O, a set of connections C, a function
out : CO r 2¢ returning the output connections for a given
component, a function in : CO x C' +— 2¢ returning the input
connections for a given component and output connection, a
set of weak dependencies WDC C 2¢9%C0 and a set of
strong dependencies SDC C 260*C0,

The concrete behavior of the software at runtime is deter-
mined by the implemented behavior of its software compo-
nents. An abstraction of the concrete behavior is necessary in
order to get a declarative model of the system’s behavior. The
idea behind the abstract behavior model of software compo-
nents is similar to models which are based on dependencies
like the one described by [Friedrich et al., 1999]. If all inputs
to the model are correct, a software component should pro-
duce a correct output. This conversion has to be performed
for all components and their output connections.

For example, the rule that represents the abstract
behavior of the OT (Object Tracker) component is:
—AB(OT) A ok(Firewire) — ok(Object Measurement)
where the predicate A B stands for abnormal, and ok indicates
a correct event or method call.

In order to locate root causes, i.e., the components which
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cause a detected misbehavior, we have to introduce a notation
of observations. The easiest way of doing this is to use the
same ok predicate for the purpose. If we detect a misbehavior
at OM (Object M easurement), we could represent this by
the literal —ok(OM ). We introduce a distinguished predicate
correct for observations to distinguish observations and com-
puted values . correct(z) for a connection x is true whenever
the observed connection shows the correct behavior. Oth-
erwise correct(x) is false. The appropriate model for OT
and OM is: correct(OM) — ok(OM), —~correct(OM) —
—0k(OM), correct(OM) — =AB(OT)

3 Monitoring, Diagnosis and Repair

Coupling the running program with its software architec-
ture model requires an abstraction step. The running pro-
gram changes its state via changing variable values which
is caused by inputs from the environment. But SAM only
represents the software components and their communication
means. Therefore, we require to map changes to commu-
nication patterns. For this purpose we introduce observers.
An observer monitors a certain part of the program’s behav-
ior during the execution. If an observer detects a behavior
that contradicts its specification, it computes the appropri-
ate observations in terms of setting the observation predicates
—correct(x) for the connection x, and invokes the diagnosis
engine. In the current implementation we used the following
observers: Periodic event production checks whether an event
e is produced at least every n ms, Conditional event produc-
tion checks whether an event e; is produced n ms after the
occurrence of an event es, Spawn processes checks whether
a component spawns a number n of processes and Periodic
method calls checks whether a component calls a method m
at least every n ms.

The observers are used to monitor the state of the system.
For this purpose the observers check their rules on a regular
basis. In cases of failure the diagnosis procedure is invoked.

The diagnosis task is based on the model-based diagnosis
(MBD) paradigm [Reiter, 1987]. In particular we use Re-
iter’s hitting set algorithm [Reiter, 1987]. In order to mini-
mize diagnosis time we only search for minimal cardinality
diagnoses which can be easily obtained when using Reiter’s
algorithm. We only construct the hitting set graph until a level
where the first diagnosis is computed. In most practical cases
single fault diagnoses can be found.

After diagnosis those components that are responsible for
a detected failure have to be killed and restarted. We have to
take care of the fact that restarting one component might re-
quire restarting another component. This can be done by us-
ing the information about strong dependencies between com-
ponents. The components that have a strong dependency rela-
tionship with each other have to be restarted. Hence, the steps
for repair would be: (1) compute the diagnoses. (2) compute
a set of components that have to be restarted. In this step we
compute all components that strongly depend on components
of a diagnosis. (3) Maximize the chance of repair by using a
larger set of components to be restarted.

The proposed diagnosis system has been tested on our mo-
bile robot system. For the evaluation of the diagnosis we in-
troduced artificial faults into the robot control system and an-

POSTER PAPERS

alyzed if the diagnosis system detected and located the fault
and recovered the control system.
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Figure 2: Diagnosis and repair of a fault in the motion service.

Figure 2 shows the results for an introduced deadlock in the
motion service (MO). After introducing the deadlock in MO
the Event Observer for the event MotionDelta perceives that
no more events are produced. The diagnosis kernel derived
that MO is malfunctioning. Instantly the repair process starts.
The repair action comprises a stop of the Behavior Engine
(BE), a stop of MO, and a restart of MO and BE. The restart
of BE is necessary because BE is strongly coupled with MO.
After repair the diagnosis kernel derives the diagnosis that all
components work properly now. The relatively long time for
the recovery could be explained by the fact that a repair of
services could take a while because of the required starting,
stopping and re-configuration of hardware components.

4 Related research and conclusion

Williams and colleagues [Williams et al., 1998] used model-
based reasoning to detect and recover failures of the hardware
of a space probe. Verma and colleagues [Verma ef al., 2004]
used particle filter to estimate the state of the robot and its
environment. These estimations together with a model of the
robot were used to detect faults. Previous research has dealt
either with hardware diagnosis or diagnosis of software as
part of the software engineering cycle. However, diagnosis of
software and repair at runtime has never been an issue. The
paper described a model-based diagnosis for detecting, locat-
ing and repairing faulty software at runtime. For this purpose
a modeling technique for representing software architectures
which include components, control and data flow, and depen-
dencies has been introduced. Moreover, the concept of ob-
servers, have been described in the paper. Finally, the paper
presented a repair algorithm and first empirical results of our
implementation. These results show that software failures,
e.g., deadlocks, can be detected and corrected at runtime.
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1 Introduction by at least one model. The problem of predicting which par-
ticular modelg; is responsible for a given input is solved

on a higher level as explained in the next section. In formal
r]r(ijotations, we assume a mixture model

Locally weighted learning techniques, in particular LWPR
[Vijayakumaret al, 2004, have successfully been used for
high-dimensional regression problems. Their robustness al N
efficient online versions are crucial in robotic domains where, ) ,

for instance, an inverse model of an articulated dynamic robot £ (¥/®) = (1 =€) Z Hoc(il@) P(yli, ) + ¢ Uy) ,
has to be learned in real-time. Such models map a high- i=1

dimensional state (e.g., joint angles and velocities) and a de- . ly — ¢i(x)|?
sired change of state to the required motor signals (torques). P(yli, ) = Voo P92 (¢

While typically such mappings are assumed to be smooth . . S .
in real world scenarios, there are many interesting case¥neréU(y) is a uniform distribution accounting for back-

where the functions of interest are truly discontinuous. Somﬁ;(i)r?;?hgoiljséiti(gli?airorlrjito“gé?)ti?gtagé?igrgggea? &’:{ﬁglessiﬁsg'we
examples include contacts with other objects (in particular the: : . ; - O
groun%), with other parts of the body, or\jvith “jEJinE[)Iimits”. in aim for localized models, we impose & locality constraint al-
fact, many interesting interactions with the environment man-ready at this level as follows: Lef; denote the mean input

: ; L : cente) on which modelp; has been trained on. For a given
ggf; themselves through discontinuities in the sensorlmotofnputm’ thesth model is eligible if and only if there does not

In this paper, we show how discontinuous switching be'&i(clisr:a?){g(]:i?eolga which has its center “between; andz.

tween local regression models can be learned. The gener ' .
topic of switching models has been discussed before, e.g., Hoc(il®) =0 <= 3j: (. —¢;,¢i —¢;) <0,
in the context of state space modéGhahramani and Hin- where (.,-) is the scalar product in input space:

ton, 1998; Pavlovicet al, 2004 or multiple inverse mod- iis eligible for z i is not eligible for =
els [Wolpert and Kawato, 1998 Generally, the question of Ry e

which particular model receives responsibilities for a given S o T
input can be modeled as a hidden variabla a generative o B o

ci \ c;

mixture model. In our case, we assume that the responsibi
ity index ¢ can be predicted from the input (the robot state).
Thus, inferring a model foi corresponds to classifying the

Eurther, Poc(i|x) is uniform over all eligiblei's. Given a
current family of models, we can infer a posterior on the

input domain into regions for each sub-model. responsibility index for a given datum(z, y), using Bayes
Since in robotic domains, local learning is crucial to pre-"Ul€: )
vent interference and allow for online adaptation techniques, P(ily, x) = — P(yli,z) Poo(ilx).

we propose a model of the responsibility indexhich is it- .
self a composition of local classifiers. Multiple pairwise clas- Calculating the MAP assignmentllows us to associate ev-
sifiers are concatenated to construct a complete model in thery training datum with the most likely model. Using this, the
form of a product-of-sigmoids, which is capable of learningsufficient statistics of each local modg) is updated. Fur-
complex, sharply bounded domains for each local model irther, the data that is labeled as “yet unmodeled” (which is
lieu of the typical Gaussian kernels. inferred to have been generatedfy)) is used to generate
a new family member by the following heuristic (compare
; ; RANSAC): A random datungz, y) is selected from the un-
2 Learning a family of models modeled data; thél closest neig)hbors dfr, y) (w.rt., Eu-
Given training datd(wk,yk)}{c”:l with inputsz;, and outputs ~ clidean input distance) are chosen as initial training datz_;l for
Yk, the first level goal of our algorithm is to learrfamily of ~ the new model, wheré’ is a random Poisson number with
models{®1, .., ¢} such that every datum can be explainedmean3 d (here,d is the input dimensionality). Finally, mod-
els that receive too few MAP responsibilities (less thanl
*The first author acknowledges support by the German ReseardR our experiments) are discarded. This iterative process can
Foundation (DFG), Emmy Noether fellowship TO 409/1-1. be repeated until no new models are generated.
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This general scheme of family learning can be realized ,, _
with any type of modelsp;. In the experiments, we will }
chooseg; to be linear functions, learned with Partial Least
Squares (PLS) regression. PLS, involving an intermediate
lower-dimensional projection, has been proven efficient fbr o
high-dimensional probleni¥/ijayakumaret al., 2004. =

0.01

3 Products of sigmoids for switching (c)

0.001

On the second level of our algorithm, the goal is to learn a pre- °
dictive modelP(i|x) of the latent responsibility indekthat ~ Figure 2: (a) A 1D test function witki=1, L=10, ¢=0.1.

is more precise than the uninformed priBigc(i|z). Given Learned switching model after 20 iterations dfi=1000
some data, it is easy to decide whether two models are “paraining data points. (b) The blended switching model:
tentially neighbored’—namely whether there exists data fory(xz) = >, 3;(x) ¢;(x) compared to LWPR. (c) Family er-
which both models are eligible—based on their centers. Foror (cf. Sec. 4) and (d) classification error for 10 runs on ran-
each pair(ij) of neighbored models, we learn a sigmoidal dom test functions witki=10, L=10, 0=0.1, and}/=10 000.
function;;(x), wherey;; = 1 — ¢;;. The product of such The bold line is the average over all curves.

sigmoids around a submodalefines a coefficient; (x) that
we associate with the submodel for a given input

5@ = 5 [[est@), i) 1

-0.5 0 0.5 1

classification error

(d)

0
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5 Discussion

" Trex ou@)] The presented model addresses the problem of handling the
PLI=®ij discontinuities that naturally arise, e.g., in sensorimotor data
during interaction with a structured environment. Our model
extends earlier local learning approaches in several ways:
The responsibility region associated with each local model
(learned with the product of sigmoids) has a much more ver-
satile boundary shape compared to typical Gaussian kernels.
" S P ; Problems associated with initialization of kernel shapes or
ggnmdt;?r?;t?odnc;g (t:rg)?rgsgrha%rlgrt% I;L%S[\)/ggﬁg)lefhzhl\jxlgoij;a widths and the heuristic choice of an ad hoc number of sub-
oo . . ) . models are circumvented by the robust incremental allocation
beling: we introduced in the previous section is now used t0qf new models. Although we consistently used PLS as the
train these sigmoids. In the experiments, we consideto  ynderlying regression machinery, the general model allows

Here, Z' normalizess3; overi. As indicated, we represent
sigmoidsy;; with a scalar functio;;. Fig. 1 illustrates the
kind of kernels can be represented as products of sigmoids.
The sigmoids);; () are meant to represent the likelihood
that a model rather thanj is responsible for an input,

be linear functions, again learned with PLS. to utilize any efficient single model learner to represent the
. local modelsp; as well as the classifier functiogs;. Future
4 Experiments work will in particular investigate non-linear learners for the

We tested the algorithm on piecewise linear, discontinuou$ocal models as well as the boundary classifiers.
test functions. A test function has 3 parameters: the in-
put dimensiond, the numberL of linear pieces it is com- References

posed of and the output n_oise The localities, slopes and_ Ghahramani and Hinton. 19b&. Ghahramani and G.E
boundaries of the linear pieces are sampled randomly. FIJ. Hinton.  Variational Iéarrﬁng. for switching state-sbaée

2(a,b) display learning results from a 1D example in com- ; \QR2_
parison to LWPR. Fig. 2(c,d) display two error curves on models.Neural Computation12:963-996, 1998.

10-dimensional test functions over the rather large input dofPavlovicet al, 2004 Vladimir Pavlovic, James M. Rehg,
main [—1,1]!°. The family error is the MSE of the best and John MacCormick. Learning switching linear mod-
fitting eligible modelg; (averaged over an independent test ~ els of human motion. INIPS pages 981-987, 2000.

data set); thelassification errorcounts how often the prod- [vjjayakumaret al, 2004 Sethu Vijayakumar,  Aaron
uct of sigmoids correctly predictg; to be the best fitting D'Souza, Tomohiro Shibata, Jorg Conradt, and Ste-
model for a given input (i.e., argma¥ = 7). In the exper- fan Schaal. Statistical learning for humanoid robots.
iments we find that the algorithm reliably generates a fam- Autonomous Robp12:55-69, 2002.

ily with optimal family error at the noise levebf = 0.01). ¥Wo|pert and Kawato, 1998D.M. Wolpert and M. Kawato.
In 5 dimensions (not displayed here) the classification error - yyjtiple paired forward and inverse models for motor con-
rapidly converges to zero while in 10 dimensions, the classi- | Neural Networks11:1317—1329, 1998.

fication error converges to around 4%. For more results see
homepages.inf.ed.ac.uk/mtoussai/projects/05-ijcai.
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Model minimization by linear PSR
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Abstract

Predictive state representation (PSR), proposed by
[Littman et al., 2002; Singh et al., 2004], are
a general representation for controlled dynamical
systems. We present a sufficient condition under
which a linear PSR compresses a POMDP repre-
sentation.

1 Introduction

Efficient decision making under uncertainty requires ignoring
irrelevant details of a complex dynamical system and focus-
ing on useful abstractions. A traditional representation for
stochastic dynamical systems is provided by Partially Ob-
servable Markov Decision Processes (POMDPs). An attrac-
tive alternative to POMDPs is the Predictive State Represen-
tation (PSR), introduced in [Littman et al., 2002] and further
developed in [Singh et al., 2004]. PSRs can be used to repre-
sent a larger class of dynamical systems than POMDPs. Even
for systems that can be represented as POMDPs, PSRs hold
the promise of a more compact representation. In particu-
lar, Littman et al (2002) show that a PSR representation is no
larger than the number of states in a POMDP. We point out
a special case of their linear PSR representation, in which
a strict reduction in the number of states is obtained. We
believe this special case is interesting because it relies only
on the state dynamics, without taking into account the ob-
servations. This can be potentially attractive, especially for
robotics applications, in which states can have similar dynam-
ics but sensor reading will often be different.

2 Preliminaries
A POMDRP representation of a dynamical system includes
the following components: a finite unobservable state space
S; a finite action space 4; a finite observation space O; a
transition function T : Sx Ax S— R, T(s,8,5) = P(§+1 =
d|s = s,a = a); an observation function O: Sx Ax O — R,
O(o,s,a) = P(0r+1 = 0|s+1 = S,& = a); an initial belief state
bo, which is a vector of size |S], giving the initial probability
of the system being in each underlying state; and a reward
function R: Sx A — R, where R(s,a) is the immediate ex-
pected reward. We will not be concerned here with rewards,
we will consider just actions and observations.

We denote by T2 an |§ x |S| matrix containing state tran-
sition probabilities for action a. We denote by O%° a diagonal
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matrix of size |§ x |S, in which the diagonal elements corre-
spond to the probabilities of emitting o from each state, given
that the state is reached by action a. A test is defined as an or-
dered sequence of action-observation pairst = ag0;...an_10n,
which can happen from the current time step into the future.
The conditional probability of test t given a prior history h of
action-observation pairs is p(t|h) = p(01...0n|h,ag...an-1).

A set of tests Q = {qs...gm} constitutes a linear PSR if, for
any history, the probability of any other test t can be com-
puted as a linear combination of the predictions for the tests
in Q. In other words, for any test t there exists a vector m; of
size |Q|, such that p(t|h) = p(Q[h)Tm, Vh.

Littman et al. also define an outcome function u map-
ping tests into n-dimensional vectors defined recursively by:
u(e) = 15 and u(aot) = (T20*°u(t)) where € represents a
null test and &, is the (1 x n) vector of all 1s. Each com-
ponent u;(t) indicates the probability of the test t when its
sequence of actions is applied from state i. A set of tests Q is
called linearly independent if the outcome vectors of its tests
u(as),u(d),...u(qm) are linearly independent.

PSRs are related to POMDPs through the state-test predic-
tion matrix U [Littman et al., 2002]. The rows of U corre-
spond to states in Sand columns correspond to all possible
tests in order of increasing length. The entry U;; is the con-
ditional probability of the jth test given that the state of the
systemisi. A linear PSR can be derived from the matrix U by
searching for a maximal set of linearly independent columns
of U. Following the definition of outcome function,

Uij = u(tj|s) = (T2O%%,  T3m-10Q%m-10m),

where tj = 8901...8n-10n. The maximum number of linearly
independent columns is the rank of U. Therefore the size of
Q is upper-bounded by the number of states. Next section
presents a special case in which || is strictly greater than |Q).

3 Linearly dependent states

We say that a state i is linearly dependent on a subset of states
S c Sif and only if its transition probabilities under any ac-
tion a are a linear combination of the transition probabilities
of states in S under the same action:

=5 aTvaeA,
kes

where ¥ .g Ck =1 and there exists k such that ¢, # 0. Note
that the coefficients cx will be used to weigh the transitions
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Figure 1: Example of a POMDP with linearly dependent states, and the model reduced by a linear PSR

corresponding to state k for all of the actions. Hence, these
coefficients have to be shared across the actions.

Theorem: If the underlying MDP of a given POMDP has
a linearly dependent states, then a linear PSR will provide a
compression of the state space.

Proof: Suppose there exists a state i € Swhich is linearly
dependent on a set of states S, so:

VaeA:T¢= chTka

To prove that the ith row of U is a linear combination of
the other rows for all possible tests, we proceed by induction.
Consider first one-step tests. Let O? be a matrix of size | x
|O|, giving the probabilities of different observations being
emitted from each state, after action a is taken. Then, by
taking transposes and multiplying the above equation, we get:

(T8)T0" = (Z o) O = ch(Tka))TOa

Note that this corresponds to the part of the ith row in the U
matrix which contains the observations for all one-step tests
for action a.

Now suppose that we have established for all tests t of
length | that the outcome of t in state i can be written as a
linear combination of the outcomes of states k:

t) =) cu(t)
Consider a test aot of length | + 1. We have:

u(aot) = TAO™u( Z CcTi)O™u(t)
kesS
— Z ok (T20%u( Z CkUk(aot)
keS keS

Hence, the ith row of the U matrix is a linear combina-
tion of the rows corresponding to the states in S, with the
same mixing coefficients as those from the transition matrix.
Therefore, the rank of U is strictly less than |S. Since the
dimension of the linear PSR is given by the rank of U, in this
case the linear PSR representation will be smaller than the
size of the state space. ¢

An example of a system with 5 states, 4 observations and
two actions, in which a simple linear dependence can be seen,
is provided in Figure 1. The model corresponding to action
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a is in the upper left while the model for action b is in the
upper right. The solid lines represent state transitions and the
dashed lines represent emission probabilities. For action a,
from state Sl the system transitions to one of the other states
with equal probability. These states return deterministically
to S1. Under action b, from all the bottom states the system
transitions with probability 0.5 to state S1. The observations
can be assumed to have all the same probability, although
this does not really matter for the example. In this case, states
3, 4 and S5 are all linearly dependent on & (they have the
same transition probabilities). However, note that they do not
have the same observation models. The bottom row presents
a simplified system, which has been reduced to two states
by eliminating the linearly dependent states. The models for
action aand b are in the left and right column. The emission
probabilities are all equal when more than one observation
is emitted from a state. In general, these probabilities would
be computed by averaging the emission probabilities for the
states in the original model.

Note that this theorem relates only linearly dependent state
transitions to PSR compression without considering the ob-
servations. In fact, more compression can be obtained if
the observations are taken into account. A good example
of this sort is the POMDP coffee domain used in [Poupart
and Boutilier, 2003]. This problem has 32 states, 2 actions
and 3 observations. Four of these states are linearly depen-
dent on the other ones, which means that the dimensionality
can be reduced to 28. However, by running the linear PSR
construction algorithm, a more significant reduction is possi-
ble: the problem can be represented with just two tests. The
value-directed compression method of [Poupart and Boutilier,
2003] takes advantage of the same regularities as linear PSRs,
but also of regularities in the reward function.
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Abstract

Recent research on point-based approximation al-
gorithms for POMDPs demonstrated that good so-
lutions to POMDP problems can be obtained with-
out considering the entire belief simplex. For in-
stance, the Point Based Value Iteration (PBVI) al-
gorithm [Pineauet al, 2009 computes the value
function only for a small set of belief states and it-
eratively adds more points to the set as needed. A
key component of the algorithm is the strategy for
selecting belief points, such that the space of reach-
able beliefs is well covered. This paper presents
a new method for selecting an initial set of repre-
sentative belief points, which relies on finding first
the basis for the reachable belief simplex. Our ap-
proach has better worst-case performance than the
original PBVI heuristic, and performs well in sev-
eral standard POMDP tasks.

Introduction
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behavior of the PBVI algorithm. We discuss how core beliefs
can be found, and we illustrate the behavior of the algorithm
on several standard POMDP benchmarks.

2 POMDPs and point-based value iteration

A POMDRP is described by a tuplés, 4,0, T,Q,Ry,bp),
where S is a finite set of states? is a finite set of actions
and O is a finite set of observations. The probability of any
state at = 0, is described by the initial belieliy. The tran-
sition functionT (s,a,s) describes the probability of going
from states to states given that actiora is chosen. The
observation functior2(o,s,a) describes the probability of
observationo given that actiora was taken and statewas
reached. The reward functioR(s,a), specifies the expected
immediate reward, obtained after executing actidn state

s. The discount factoy € (0,1) is used to weigh less delayed
rewards. The goal of an agent acting in a POMDP s to find
a way of choosing actions (policy) maximizing the future re-
turn: E[S; ¥ R(s,&)]. In order to achieve this goal, the agent
must keep either a complete history of its actions and obser-
vations, or a sufficient statistic of the history. The sufficient

Partially Observable Markov Decision Processes (POMDPs$tatistic in a POMDP is the belief statg, a vector with|S]|
provide a general framework for planning under uncertaintycomponents, which represents a probability distribution over
[Kaelbling et al., 1998; Sondik, 19711 One of the standard states:

algorithms used to provide solutions to POMDPs is value it-

b (s) = P(s = s|bo, @001 ... &—10;)

eration, which associates values to probability distributionsOn each time step, after taking actiamnd making observa-
over states. Because exact value iteration is intractable, a léibn o, the agent updates its belief state using Bayes rule:

of recent work has focused on approximate algorithms, which
rely on compressing the belief space or considering afinite set b(s') «— P(s'|a,0,b) =
of reachable beliefs. A representative algorithm for this class

is point-based value iteration (PBMPineatet al., 2003. In
PBVI, a finite set of reachable belief points is selected heuris- In value-based POMDP methods, the agent computes a
tically, and values are computed only for these points. Thealue function, which is maintained over belief states. A lot
success of PBVI depends crucially on the selection of the besf recent research has been devoted to computing such values
lief points. In particular, these points should cover the spacapproximately. Compression-based methfiRisy and Gor-

of reachable beliefs as evenly as possible. The main PBVdlon, 2003; Poupart and Boutilier, 2d0&im to compress the
heuristic uses one-step simulated trajectories in order to fintelief space, and maintain a value function only on this com-
reachable beliefs. The belief that is “farthest away” from thepressed version. Point-based value iteration (PBRiileau
points already included is greedily added to the set. We exet al, 2003 maintains values and gradients-yectors, in
plore an alternative heuristic for choosing belief points. WePOMDP terminology) for a selected set of belief poiris,

aim to findcore beliefsi.e. beliefs which form a basis for the The idea is that much of the belief simplex will not be reach-
space of all reachable beliefs. This approach is aimed at cowable in general. The s&is expanded over time, in order to
ering more quickly the space of beliefs that are reachable, bgover more of the reachable belief space, and these expan-
looking farther into the future. This improves the worst-casesions are interleaved with computing new value estimates.
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Q(o,5,a) ysb(s)T(s,a,9) )
P(ola,b) ’
where the denominator is just a normalizing constant.
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3 Belief selection Algorithm 1 Finding core beliefs

In order to extend the belief sBt the standard PBVI heuristic ~ Initialize the matrix withby and rows corresponding to all
considers, for each € B, all possible actiona and samples ~ beliefs reachable by one-step teafs. One column is all
one observation for each action. Among these beliefs reach- 1's and the others correspond to one-step @sts

able fromb, the beliett’ that is farthest away frorB is picked for all elementsb,ao) do o
and added td@. This heuristic is motivated by an analytical ComputeP(o|b,a), using (1) and store it in rows, col-
upper bound on the approximation error, which depends on  Umna,o
the maximumi; distance from any reachable beliefBo end fOtf
_ repea
&g = ma)(rt?lg Ilb—b||1 Compute a set of linearly independent rows and columns

B b'en be Add the linearly independent rows to the set of core be-
whereA is the set of all reachable beliefs. PBVI does not liefs .
keep an upper bound on the value function when expanding ~ Eliminate all linearly dependent rows and columns
its belief set. However Smith and Simmdi&mith and Sim- Add all one-step extensions to the matrix and compute

mons, 200}t have developed an alternative anytime solution  the rank of the extended matrix
method, HSVI, based on maintaining an upper and a lower until The rank is unchanged

bound of the optimal value function to guide the local value
updates. They choose the belief points to update using for-

ward heuristic search. Vlassis and Spidlassis and Spaan, to get a first approximation of the value function. We
2004 instead sample a large set of reachable beBetkr- extend the core belief matrix by picking one action, in
ing a random walk, but then only update a subset oBof e-greedy fashion. The next observation can be sampled
sufficient to improve values overall. as well.

We propose an approach for covering the space of reactNote that for PBVI, the maximum error value fes that can
able beliefs more quickly, by considering longer courses obe achieved is 2, attained for the case in which two beliefs are
action, as well as by removing the strictly greedy characnon-zero over different states. This case cannot occur when
ter of the PBVI algorithm. We will use core beliefs, which all core beliefs are part d8. Hence, the worst-case error
form a basis for the belief simplex. The idea of core be-when using core beliefs is strictly smaller.
liefs is inspired by work on predictive state representations
(PSRSILittm_an etal, 2_002], an alternative way of represent- 4 Experimental results
ing stochastic dynamical systems. In order to reason about ]
the space of reachable beliefs, one can consider the initid/e performed experiments on several standard POMDP do-
belief vector,bo, and all possible sequences of actions andMains l_Jsed in th_e literature. For the smaller three domains
observations following it. These sequences are called test§x4 grid, 4x3 grid and Cheese) we computed the core be-
James and Singh (2004) introduced the concept of an infiiefs exactly (column “CBVI-all” of Table 1). The proposed
nite matrix, whose rows correspond to all histories and whos8€uristics are run using all possible observations in the one-
columns correspond to all tests. In this paper we use the san®€ep extensions. We also ran standard PBVI with a similar
infinite matrix but the rows correspond to all reachable benumber of initial beliefs. In all cases we performed 5 itera-
liefs from a given initial belief point. For a rol and a test  tions of PBVI to obtain a value function. Then, we ran 251
ag01, . ..an_10n, the content of the corresponding element intnals_, with each trial cut at 251 steps. \_Ne averaged the results
the matrix is the probability thaty, ..o, is observed given obtained over these trials, and over 5 independent runs.
that action sequenca,...an_1 is executed starting frorh. Al versions of the CBVI algorithm yield improvements
This matrix has finite rank, at most equal to the number ofover the PBVI heuristic. Surprisingly, in the 4x4 and Cheese
states in the POMDP. We define core beliefs as the set of lindomains, the best result is achieved bydtgreedy heuristic.
early independent rows of this matrix. We conjecture that the reason is that Phgreedy heuristic

The computation of core beliefs can be done exactly usin?‘cwa”y focuses the computation on good actions, that are
the POMDP model, as shown in Algorithm 1. It is similar to llkely to be used in the optimal policy. .
the computation of core testsdames and Singh, 20p&x- _ In the larger domains, we only used tagreedy heuris-
cept that here we compute the elements of the matrix havin§¢ With sampled observations, as the other versions are too
the POMDP model while they estimate these elements frongxpensive. The experimental setup is as above. In this case,
data without the model. But in large environments, considWe find a first set of core beliefs, then run PBVI for 5 it-
ering all one-step extensions for all tests is prohibitive. Weerations. We take the resulting belief set, and add one-step

experimented with two heuristics for the extensions: extensions using-greedy actions and sampled observations,
as above. This results in a new matrix, which yields a new set

of core beliefs. This process is repeated at most 5 times; if no

more core beliefs are detected in a new iteration, the process

2. e-greedy: consider actions that are likely to be pickedstops. The results are presented in the columns CBVI(1) to
by a good policy. We generate first a subset of the coreCBVI(5) in Table 2. Note that for the Coffee domain, all core
beliefs based on all one-step tests. Then, we run PBVbeliefs are found after two such repetitions. Hence, there is
on this subset, for a fixed number of iterations, in orderno data for the CBVI(3)-CBVI(5). The reward for standard

1. Random: pick a random action, but consider all obser
vations.
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Domain PBVI CBVI-all CBVI-rand | CBVI-egr

4x4 grid | 3.17+0.22 | 3.80+0.11 | 3.45+0.22 | 3.96+ 0.28

4x3 grid | 1.584+0.35 | 2.45+0.44 | 2.10+ 0.09 | 2.07+0.11

Cheese | 3.53+0.13 | 3.53+0.08 | 3.65+0.22 | 3.81+ 0.35

Table 1: Small domains
Domain | PBVI-orig | VS PBVI CBVI(1) CBVI(2) CBVI(3) CBVI(4) CBVI(5)
Maze33 2.25 2.34 2.248 2.185£ 0.3 | 2.285£0.31 | 2.165+ 0.38 | 2.234+ 0.25 | 2.301+ 0.26
Hallway1 0.53 0.51 0.503 0.535+ 0.03 | 0.617+ 0.08 | 0.556+ 0.03 | 0.574+ 0.04 | 0.582+ 0.08
Hallway?2 0.35 0.31 0.379 0.333+0.04 | 0.334+ 0.04 | 0.3924+ 0.05 | 0.403+ 0.04 | 0.400+ 0.03
Coffee -3.00 - -2.759+0.93 | 0.024+2.14 | 0.58+2.72 - - -

Table 2: Large domains

PBVI using a similar number of initial beliefs is in the col- [Kaelblinget al, 1999 Leslie P. Kaelbling, Michael L.
umn PBVI in Table 2. The results reported in the original Littman, and Anthony R. Cassandra. Planning and act-
PBVI paper (PBVI-orig)Pineauet al., 2003 and the results ing in partially observable stochastic domainttificial

by Vlassis and Spaan (ViS)lassis and Spaan, 20Ddre in Intelligence 101:99-134, 1998.

the columns PBVI-org and VS respectively. As shown in Ta-[| jitmanet al, 2004 Michael Littman, Richard S. Sutton,

ble 2, for Maze33 all algorithms obtain very similar results.” 54 satinder Singh. Predictive representations of state. In
The Coffee domain is a very favorable case for CBVI, be- \pg 14 pages 1555-1561, 2002.

cause it has a nice structure, and the reachable space of beli?fs, ]

lies in a very low dimensional part of the entire belief sim- [Pineacetal, 2003 Joelle Pineau, Geoff Gordon, and Se-
plex. Generating core beliefs can be done in 2-3 seconds for bastian Thrun. Point-based value iteration: An anytime
this domain, because there are only two core beliefs for this algorithms for POMDPs. IfProceedings of IJCAlpages
problem, although its POMDP representation has 32 states. 1025-1032, 2003.

Our experiments show a huge value improvemnet for this pattPoupart and Boutilier, 2094Pascal Poupart and Craig
ticular case over PBVI. For the larger domains, Hallwayl and Boutilier. VDCBPI: an approximate scalable algorithm
Hallway2, CBVI also has a definite advantage, especially in for large scale POMDPs. INIPS 17 2004.

the later iterations, when the initial subset of core beliefs iﬁ -
: ' ; . Roy and Gordon, 20¢3Nicholas Roy and Geoffrey Gor-
larger. The time complexity of CBVI is the same as PBVI don. Exponential family PCA for belief compression in

if generating the core beliefs can be done in a preprocessing POMDPs. INNIPS 15 pages 1635-1642, 2003
phase. In small domains and large domains with small intrin- - _ T
sic dimensionality (e.g. Coffee) this can be done in a few seclSmith and Simmons, 204Tery Smith and Reid Simmons.
onds. However, generating all core beliefs in large domains Heuristic Search Value Iteration for POMDPs. UAl 20,

in general is very expensive. In our experiments, we reached Ppages 520-527, 2004.

the maximum number of core beliefs in at most five exten{Sondik, 1971 Edward J. Sondik. The optimal control of
sions of the matrix in algorithm 1; however, the computation  partially Observable Markov Decision Processe®hD
time, taking into account the process of belief generation is  Thesis, Stanford University, 1971.

two orders of magnitude longer than for PBVI. Although this . . . .
approach improves the value function and the policy that iJVIgsas and SApaar), 28:04\“50; OIEA/B;SISI a_nﬂ I\f/latthuts)
obtained, it is significantly more expensive, at the moment, lpaaf‘- | Ppomt—d'ase FICR 002 gorithm for robot
unless the problem at hand has special structure. We are in- planning. InFroceedings o #2004.
vestigating different ways to compute a reasonably large por-
tion of the space of core beliefs at a lower computation cost.

Acknowledgments

This research was supported in part by funding from NSERC
and CFI. We thank Joelle Pineau for very helpful discussions
and insights into point-based algorithms, as well as for con-
structive feedback. We thank Matthijs Spaan for providing
code for his point-based value iteration algorithm.

References

[James and Singh, 20DMichael James and Satinder Singh.
Predictive State Representations: A New Theory for Mod-
eling Dynamical System$CML 21, pages 417-424, 2004.

POSTER PAPERS 1753



Approximating Pseudo-Boolean Functions on Non-Uniform Domains*

R. F. Lax!, Guoli Ding!, Peter P. Chen?, and J. Chen?
! Department of Mathematics, LSU, Baton Rouge, LA 70803
2 Department of Computer Science, 298 Coates Hall, LSU, Baton Rouge, LA 70803
lax@math.lsu.edu, ding@math.lsu.edu, chen@bit.csc.Isu.edu, jianhua@bit.csc.Isu.edu,

Abstract

In Machine Learning (ML) and Evolutionary Com-
putation (EC), it is often beneficial to approximate
a complicated function by a simpler one, such as
a linear or quadratic function, for computational
efficiency or feasibility reasons (cf. [Jin, 2005]).
A complicated function (the target function in ML
or the fitness function in EC) may require an ex-
ponential amount of computation to learn/evaluate,
and thus approximations by simpler functions are
needed. We consider the problem of approximat-
ing pseudo-Boolean functions by simpler (e.g., lin-
ear) functions when the instance space is associ-
ated with a probability distribution. \We consider
{0,1}"™ as a sample space with a (possibly non-
uniform) probability measure on it, thus making
pseudo-Boolean functions into random variables.
This is also in the spirit of the PAC learning frame-
work of Valiant [Valiant, 1984] where the instance
space has a probability distribution on it. The best
approximation to a target function f is then defined
as the function g (from all possible approximating
functions of the simpler form) that minimizes the
expected distance to f. In an example, we use
methods from linear algebra to find, in this more
general setting, the best approximation to a given
pseudo-Boolean function by a linear function.

1 Introduction

A pseudo-Boolean function of n variables is a function from
{0,1}™ to the real numbers. Such functions are used in 0-1
optimization problems, cooperative game theory, multicrite-
ria decision making, and as fitness functions. It is not hard to
see that such a function f(«1,...,z,) has a unique expres-
sion as a multilinear polynomial

flar, ... zy) = Z laTHxi] ,
TCN ieT
*Research partially supported by NSF grant ITR-0326387 and

AFOSR grants F49620-03-1-0238,F49620-03-1-0239, and F49620-
03-1-0241
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where N = {1,...,n} and the ar are real numbers. By the
degree of a pseudo-Boolean function, we mean the degree of
its multilinear polynomial representation.

Several authors have considered the problem of finding the
best pseudo-Boolean function of degree < k approximating a
given pseudo-Boolean function f, where “best” means a least
squares criterion. Hammer and Holzman [Hammer and Holz-
man, 1992] derived a system of equations for finding such a
best degree < k approximation, and gave explicit solutions
when £ = 1 and £k = 2. They proved that such an ap-
proximation is characterized as the unique function of degree
< k that agrees with f in all average m-th order derivatives
form = 0,1,...,k, in analogy with the Taylor polynomials
from calculus. Grabisch, Marichal, and Roubens [Grabisch et
al., 2000] solve the system of equations derived by Hammer
and Holzman, and give explicit formulas for the coefficients
of the best degree < k function. Zhang and Rowe [Zhang and
Rowe, 2004] use linear algebra to find the best approximation
that lies in a linear subspace of the space of pseudo-Boolean
functions; for example, these methods can be used to find the
best approximation of degree < k.

Here, instead of simply viewing the domain of a pseudo-
Boolean function as the set {0,1}™, we consider {0,1}" as
a discrete sample space and introduce a probability measure
on this space. Thus, a pseudo-Boolean function will be a ran-
dom variable on this sample space. (Viewing {0, 1} simply as
a set corresponds to viewing all of its points as equally likely
outcomes.) Given a pseudo-Boolean random variable f, we
then use methods from linear algebra to find the best approx-
imation to f that lies in a linear subspace, taking into account
the weighting of the elements of {0, 1}". Such a best approx-
imation will then be close to f at the “most likely” n-tuples,
and may not be so close to f at the “least likely” n-tuples.

2 Best Approximation on a Non-Uniform
Domain

We will identify the integers 0,1,...,2™ — 1 with the el-
ements in B™ via binary representation. Let p(i),i =
0,1,...,2™ — 1, be a probability measure on B™. Let F
denote the space of all pseudo-Boolean functions in n vari-
ables. Then F has the structure of a real vector space. Define
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an inner product ( , ), on F by

2" —1

(f.9)p =Y F()g(i)p(i).
=0

We note that (f, g),, is the expected value of the random vari-

able fg. Put|| f [l,= \/{f, f)p-

Now let £ be a vector subspace of F of dimension m. For
example, £ might be the space of all pseudo-Boolean func-
tions of degree at most &, for some fixed k. We recall how to
use an orthonormal basis of £ to find the best approximation
to a given element of JF (cf. [Hoffman and Kunze, 1971]).

Let vq,...,v,, be a basis for £. We can find an orthonor-
mal basis uq,...,un for £ by applying the Gram-Schmidt
algorithm.  This orthonormal basis satisfies the property
(Ur,us)p = ops forr,s = 1,...,m, where d,; equals O if
r # sandequals 1 if » = s. The orthonormal basis can be ob-
tained as follows: Take uq = (1/ || v1 ||p)v1. Wua, ..., upq
have been obtained, then put w, = v, — 3771 (vy, ;) pu;,
and take u, = (1/ || wy ||p)wy

Given f € F, the “best approximation” to f by functions
in £ is that function g € £ that minimizes

2n—1
I f=9lp= J > (f(0) — 9(@)2p(i).
1=0

Notice that if we take the uniform distribution on B™, so
that p(i) = (1/2)™ for all 4, then the best approxima-
tion to f in £ is the function ¢ € L that also minimizes
S22 SN (f(6) — g(i))2. This is the usual “least squares” con-
dition used in [Hammer and Holzman, 1992], [Grabisch et
al., 2000], [Zhang and Rowe, 2004], and in this case one may
simply use the usual Euclidean inner product in R2". In our
more general setting, it follows from section 8.2 of [Hoffman
and Kunze, 1971] that the best approximation to f by func-
tions in £ is the unique function g = 37" | (f, u;)pu;.

3 Example

To illustrate these ideas, we look at an example considered by
[Zhang and Rowe, 2004]. Take n = 3 and f(x1,x2,23) =
5x1 + 13x3 + 92129 — 42123 — 42073 + 41 2273. We Wish
to approximate f by the best linear function, so we let £ be
the space spanned by the functions v; = 1,v2 = z1,v3 =
29,04 = x3. |If we take the uniform distribution on B3, so
that p(i) = 1/8 fori = 0,1,...,7, then by applying the
Gram-Schmidt algorithm we get the following orthonormal
basis for £ with respect to the inner product ( , ):

up = 1,ue =221 — 1, uz = 229 — 1,uqy = 223 — 1.
(More generally, one can show that, for any n, an orthonormal

basis for the space of pseudo-Boolean functions of degree at
most 1 with respect to the uniform distribution is 1,2x; —

1,...,2x, — 1.) Then the best linear approximation to f is
(w1, m2,23) = Y1 (fLug)pu; =
39 17 7
= Z'1+I(2CIZ1—1)+Z(2$2—1)+5(2$3—1)
= 2 Lo
- 4 2 € 21'2 €3,
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in agreement with Example 4.1 of [Zhang and Rowe, 2004].
Here, || f —g ||, = 2.88.

Now we take a different probability measure on B3. Sup-
posing thata “1” is twice as likely as a “0” we define a proba-
bility measure p on B3 by p(0) = 1/27,p(1) = 2/27,p(2) =
2/27,(3) = 4/27,p(4) = 2/27,5(5) = 4/27,p(6) =
4/27,p(7) = 8/27. An orthonormal basis for £ with respect
to the inner product ( , )z is then

3$1—2~ 31‘2—2~ 31‘3—2
= , Uz = , Uy = .
V2 T e T R
Then the best linear approximation to f is now
~ 4 ~ ~
g($17x27x3) = Zj:1<fa u]>25u3 =
368 91V2 . 462 _

85+/2
22201 7
o7 1t o Uat o Us T T

(1/27)(=76 + 273z, + 13822 + 25513).

Here, | f — g ||5 = 2.55. For comparison, the distance now
between the linear function g we found above and the func-
tion fis || f — g |5~ 2.79.

Uy = 17’U,2

4 Conclusion

Instead of considering B™ = {0,1}™ simply as a set, we al-
low it to be viewed as a sample space wth a probability mea-
sure p. Then pseudo-Boolean functions are random variables
on this sample space. Given a complicated pseudo-Boolean
function, it is natural to want to approximate it by a simpler
function, for example a linear or quadratic function. As an
example, we found the best linear approximation to a given
pseudo-Boolean function in three variables with respect to
two different probability measures on B3. Further research
is needed to find an effective method of computing the best
approximation on a non-uniform domain when the number of
variables is large.

References

[Grabisch et al., 2000] Michel Grabisch, Jean-Luc Marichal,
and Marc Roubens. Equivalent representations of set func-
tions. Mathematics of Operations Research, 25(2):157-
178, May 2000.

[Hammer and Holzman, 1992] P. L. Hammer and R. Holz-
man. Approximations of pseudo-boolean functions; ap-
plications to game theory. ZOR-Methods and Models of
Operations Research, 36:3-21, 1992.

[Hoffman and Kunze, 1971] Kenneth Hoffman and Ray
Kunze. Linear Algebra, 2nd edition. Prentice-Hall, En-
glewood Cliffs, New Jersey, 1971.

[Jin, 2005] Yaochu Jin. A comprehensive survey of fitness
approximation in evolutionary computation. Soft Comput-
ing, 9(1):3-12, 2005.

[Valiant, 1984] L. G. Valiant. A theory of the learnable.
Communications of the ACM, 27(11):1134-1142,1984.

[Zhang and Rowe, 2004] Hang Zhang and Jonathan E.
Rowe. Best approximations of fitness functions of binary
strings. Natural Computing, 3(1):113-124, 2004.

1755



A Modal Logic for Reasoning about Possibilistic Belief Fusion

Churn-Jung Liau
Institute of Information Science
Academia Sinica
Taipei 115, Taiwan
liaucj@iis.sinica.edu.tw

Tuan-Fang Fan
Institute of Information Management
National Chiao-Tung University
Hsinchu 300, Taiwan
tffan.iim92g@nctu.edu.tw

1 Introduction o if ¢ is a wif, then[Q],¢ and [Q]} ¢ are wffs for any

. . . nonemptyQ2 C 70, and any rational numbet €
In this paper, we propose a modal logic for reasoning about 0,1]
possibilistic belief fusion. This is a combination of multi- Vo
agent epistemic logic and possibilistic logic. We use gradedf 2 = {O} is a singleton, we writgO],¢ (resp.[O]7 ),
epistemic operators to represent agents’ uncertain beliefs, afgstead of{O}].¢ (resp.[{O}]7 ¢). Intuitively, O], (resp.
the operators are interpreted in accordance with possibilistitO] ¢) means that an agent merging distributed beliefs in ac-
semantics. We employ ordered fusion based on a level skig-ordance with the ordering 6f will believe  with a strength
ping strategy to resolve the inconsistency caused by diredt least equal to (resp. more than)\Ve can view eacly as a
fusion; that is, the level at which the inconsistency occurs ig/irtual agent, and?] corresponds to a distributed belief oper-

skipped. Here, we present the formal semantics and an a@tor[Faginet al, 1994 of virtual agents in2. Note that our
iomatic system for the logic. purpose is to ensure the consistency of ordered fusion based

on any single orde®. When{2 contains more than one or-
2 Syntax der, [Q]¥ L may hold. This does not matter, however, since a
non-singletorf) plays only an auxiliary role in our logic.

To encode the degrees of reliability nfagents, we use or-
dering relations over any subset{df,...,n}. Let70O,, de-
note the set of all possible strict total orders over aoy-
empty subsetf {1,...,n}. Then, we can associate a unique
syntactic notation with each strict total order©,,. Let
X = {i1,i2,...,in} be a non-empty subset ¢t,...,n}
and> be a strict total order such thgt> 4 iff j < k for all
1 <, 7,k < m. Then, the syntactic notation foX, >) is the
stringiy > g > -+ > iy,

In this paper, the capital lett&p is used to denote meta-
variables ranging over such notations. I&tbe the string
i1 > iy > +-+ > iy, then the sefiq, i, ..., 4, } is called
the domain ofO, denoted by (O). In this case > iy, 41
denotesi; > is > -+ > Gy > ypat I dme1 & 0(0). As

3 Semantics

To present the semantics, we briefly review possibility theory
[Zadeh, 197B In this theory, each possibility distribution
7w : W — [0, 1] can derive an associated possibility measure
II: 2" — [0,1] and a necessity measuke: 2V — [0, 1],
asIl(X) = sup,cx 7(x) and N(X) = 1 — sup, gy 7(z).

A possibility distribution7 : W — [0, 1] is normalized if
II(W) = 1. A normalized possibility distribution repre-
sents a consistent belief state. 7fis not normalized, i.e.,
sup,cw 7(z) < 1, it represents a partially inconsistent belief
state.l — sup,cy 7(x) is called theénconsistency degresf

7, and is denoted by(r).

the syntactic notation is unique for each total order, we can

also identify the notation with the total order itself, and write
O € TO,,. Furthermore, the upper-case Greek lefieis
used to denote meta-variables ranging over nonempty subs
of 70,,.

We now present the syntax of our logic for reasoning abou
possibilistic belief fusion based on a level skipping strategy.

The logic is called SFPE-, wheree € [0,1] is the incon-
sistency tolerance degree of the logic ahds acontinuous

T-norm'. Let ®, be a set of propositional symbols. Then the

set of well-formed formulas (wff) of SFPL¢ is defined as
the smallest set containinky U { L, T}, and is closed under
Boolean operators and the following rule:

1A T-norm is any binary operation on [0,1] that is commutative,
associative, non-decreasing in each argument, and has 1 as unit.
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An SFPL®-<-structure is a tuplé! = (W, (m;)1<i<n, V),
whereW is a set of possible worlds, eaghmaps each world
w to a possibility distributionr; ., : W — [0, 1] overW such

(:;[%atL(mw) < ¢, andV maps elements i, to subsets ofV.

e definero ,, for eachO € 70O, andw € W inductively
%as follows:

TO>i,w — {

Furthermore, we also define, ,, for eachQ? C 70,, and
w e W,asmow = QpeqTo,.w- Then, the satisfaction
relationf= for SFPLY-<-model is defined as

o w = piff we V(p), foreachp € @,
e wh Landw =T,
o w = —piff w £ @,

if L(mow @ Tiw) > €,
otherwise.

TO,w
TO,w & Tiw
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o wl=pVyiff wEporw k=,
o w = [Qapiff Now(lel) = a,
o w = [Qpiff Now(lel) > a,

where|yp| is the truth set ofp in the model andvg, ,, is the
necessity measure associated i}, .

A set of wffs X is satisfied in a worldv, written asw =
S, ifw E pforall p € X. We writeX =5 o if, for
each possible worldy in M, w | ¥ impliesw = ¢; and
Y Egppre« ¢ if X o for each SFPR-<-structureM.
can be omitted when it is an empty set, so a ik valid in
M, denoted by=1; ¢, if 0 = o, and|:SFPL§,E  denotes

0 Eqpppre.« - The subscript is usually omitted if it is clear

from the context.

e Axioms:

1. P: all tautologies of the propositional calculus
2. Bookkeeping:
@ [Qep D [Q] pifc>d
(b) [Q]F¢ > Qe
(©) [Qop
@) -7y
3. V1
@ ([ A Qa0 D 9)) D [t
() ([QFe A [QT (e D)) D [QFY
4. V2:—[i]F L
5. V3:if QN Qs =0, then
@) ([Qi]ap A [Q2]b) O [ U Qsagsp
(0) ([u]de A5 e) D [ U] fg,e

6. O1:
@ ~[{0,i}]FL 5 (U {0 > ity = [QU
{0, i}ayp)
(b) ~[{O,i}]7L > ([QU{0 > d}]Tp = [QU
{0,i}]5 )
7. O2:
@ {O,i}]FL 2 ([QU{0 > ill.p = [QU
O}]H,QO)
(b) {O.i}IFL 5 ([QU{0 > i}]Tp = [QU
O}4¢)

e Rules of Inference:
1. R1 (Modus ponens, MP):

Y DY
Y

2. R2 (Generalization, Gen):

v
Qi

Figure 1: The axiomatic system for SFPE
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4  Proof Theory

An axiomatic system can be developed for SEPIby gener-
alizing the corresponding axioms of DBFLiau, 2003 and
PL¢ [Boldrin and Saffiotti, 199P The axiomatic system for
SFPL®€ is presented in Figure 1. The symbglin axiom
V3 denotes the T-conorm correspondinggo which is de-
finedasa @b =1—-(1—-a)® (1 —b). The axiom V2 is
the requirement that the inconsistency degree of each agent’s
belief state is not more than which is the inconsistency tol-
erance degree of the logic. The axioms O1 and O2 further
enforce the same property for each virtual agent

A wff ¢ is derivable from the system SFPL, or sim-
ply, ¢ is atheoremof SFPLY-<, if there is a finite sequence
©1,---,pm such thaty = ¢,,, and everyp; is an instance of
an axiom schema; or it is obtained from earligf's by the
application of an inference rule. It is written BSpprec ¢ if

¢ is a theorem of SFPL:<. Let X U {¢} be a subset of wffs,
theny is derivable fromX in the system SFPL< , written

asy Fgppre.c ¢, if there is a finite subset’ of ¥ such that
Feppree AE" D ¢. We drop the subscript when no confu-
sion occurs. We then have the soundness and completeness
theorem for SFPE-<.

Theorem 1 For any wffp of SFPL®¢, = o iff - .

5 Concluding Remarks

In this paper, we present a modal logic for reasoning about
ordered fusion of possibilistic beliefs based on a level skip-
ping strategy. While direct fusion and ordered fusion in epis-
temic logic[Faginet al, 1996; Cholvy, 1994; Liau, 2005as
well as direct fusion in possibilistic logiBoldrin and Saf-
fiotti, 1999 have been proposed previously in the literature,
the results in this paper fill a gap in the previous works. The
modal logic should be applicable to reasoning in multi-agent
systems. In future work, it should be possible to consider op-
erations other than T-norms for the fusion of possibility dis-
tributions.
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Networked Distributed POMDPs: A Synergy of Distributed
Constraint Optimization and POMDPs

Ranjit Nair
Knowledge Services Group
Honeywell Laboratories
ranjit.nair@honeywell.com

Abstract

In many real-world multiagent applications
such as distributed sensor nets, a network of
agents is formed based on each agent’s limited
interactions with a small number of neighbors.
While distributed POMDPs capture the real-
world uncertainty in multiagent domains, they
fail to exploit such locality of interaction. Dis-
tributed constraint optimization (DCOP) cap-
tures the locality of interaction but fails to cap-
ture planning under uncertainty. This paper
present a new model synthesized from distrib-
uted POMDPs and DCOPs, called Networked
Distributed POMDPs (ND-POMDPs). Ex-
ploiting network structure enables us to present
a distributed policy generation algorithm that
performs local search.

1 Introduction

In many real-world multiagent applications such as dis-
tributed sensor nets, a network of agents is formed based
on each agent’s limited interactions with a small num-
ber of neighbors. For instance, in distributed sensor nets,
multiple sensor agents must coordinate with their neigh-
boring agents in order to track individual targets mov-
ing through an area. In particular, we consider in this
paper a problem motivated by the real-world challenge
in [Lesser et al., 2003]. Here, each sensor node can scan
in one of four directions — North, South, East or West
(see Figure 1), and to track a target, two sensors with
overlapping scanning areas must coordinate by scanning
the same area simultaneously. We assume that there are
two independent targets and that each target’s move-
ment is uncertain but unaffected by the actions of the
sensor agents. Additionally, each sensor receives obser-
vations only from the area it is scanning and this obser-
vation can have both false positives and false negatives.
Each agent pays a cost for scanning whether the target
is present or not but no cost if turned off. Existing dis-
tributed POMDP algorithms [Montemerlo et al., 2004;
Nair et al., 2003; Becker et al., 2004; Hansen et al., 2004]
although rich enough to capture the uncertainties in this
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Figure 1: Sensor net scenario: If present, targetl is in
Locl-1, Locl-2 or Locl-3, and target2 is in Loc2-1 or
Loc2-2.

domain, are unlikely to work well for such a domain be-
cause they are not geared to take advantage of the local-
ity of interaction. As a result they will have to consider
all possible action choices of even non-interacting agents,
in trying to solve the distributed POMDP. Distributed
constraint satisfaction and distributed constraint opti-
mization (DCOP) have been applied to sensor nets but
these approaches cannot capture the uncertainty in the
domain. Hence, we introduce the networked distributed
POMDP (ND-POMDP) model, a hybrid of POMDP and
DCOP, that can handle the uncertainties in the domain
as well as take advantage of locality of interaction. Ex-
ploiting network structure enables us to present a novel
algorithm for ND-POMDPs — a distributed policy gen-
eration algorithm that performs local search.

2 ND-POMDPs

We define an ND-POMDP for a group Ag of n agents
as a tuple (S, A, P,Q,0,R,b), where S = X1<i<nS; X
S, is the set of world states. S; refers to the set of
local states of agent ¢ and S, is the set of unaffectable
states. Unaffectable state refers to that part of the world
state that cannot be affected by the agents’ actions, e.g.
environmental factors like target locations that no agent
can control. A = Xj<i<nA; is the set of joint actions,
where A; is the set of action for agent i.

We assume a transition independent distributed
POMDP model, where the transition function is de-
fined as P(s,a,s") = Py(su,5,) [[1<i<n Pi(Si, Sus @i, 55),
where a=(a,...,a,) is the joint action performed in
state s<(s1,...,8n,Sy) and s'=(s,...,s,,s),)is the re-

’°nr Cu

POSTER PAPERS



sulting state. Agent ¢’s transition function is defined as
Pi(Siy Su, @i, S;) = Pr(s}|si, su,a;) and the unaffectable
transition function is defined as P, (s, s,,) = Pr(s],|su)-
Becker et al. [2004] also relied on transition indepen-
dence, and Goldman and Zilberstein [2004] introduced
the possibility of uncontrollable state features. In both
works, the authors assumed that the state is collectively
observable, an assumption that does not hold for our do-
mains of interest.

Q = Xi1<i<n§); is the set of joint observations where
Q; is the set of observations for agents i. We make
an assumption of observational independence, i.e., we
define the joint observation function as O(s,a,w) =
ngignOi(si,su,ai,wi), where s = (81,...,8n, Su),
(a1,...,an), w = {w1,...,wn), and O;(8;, Su, ai,w;
Pr(wi|s1, Su, ai)-

The reward function, R, is defined as R(s,a) =
> Ri(sis -y Siks Sus (@i, - - -, aik)), where each [ could
refer to any sub-group of agents and k = |I|. In the
sensor grid example, the reward function is expressed
as the sum of rewards between sensor agents that have
overlapping areas (k = 2) and the reward functions for
an individual agent’s cost for sensing (k = 1). Based on
the reward function, we construct an interaction hyper-
graph where a hyper-link, [, exists between a subset of
agents for all R; that comprise R. Interaction hypergraph
is defined as G = (Ag, E), where the agents, Ag, are the
vertices and E = {I|l C Ag A R; is a component of R}
are the edges. Neighborhood of i is defined as N; = {j €
Aglij #in(Bl e E,ielNjel)}. Sy, = Xjen,S;j refers
to the states of i’s neighborhood. Similarly we define
AN” QN” PNi and ONI»-

b, the distribution over the initial state, is defined as
b(s) = bu(su) - [11<;<, bi(si) where b, and b; refer to the
distributions over initial unaffectable state and over i’s
initial state, respectively. We define by, = [[;c, b;(s;).
We assume that b is available to all agents (although it is
possible to refine our model to make available to agent
i only by, b; and by,). The goal in ND-POMDP is to
compute joint policy ™ = (m;, ..., m,) that maximizes the
team’s expected reward over a finite horizon T starting
from b. m; refers to the individual policy of agent i and
is a mapping from the set of observation histories of i to
A;. mn, and m; refer to the joint policies of the agents in
N, and hyper-link [ respectively.

ND-POMDP can be thought of as an n-ary DCOP
where the variable at each node is an individual agent’s
policy. The reward component R; where |[| = 1 can be
thought of as a local constraint while the reward com-
ponent R; where [ > 1 corresponds to a non-local con-
straint in the constraint graph. In the next section, we
push this analogy further by taking inspiration from the
DBA algorithm [Yokoo and Hirayama, 1996], an algo-
rithm for distributed constraint satisfaction, to develop
an algorithm for solving ND-POMDPs.

We define Local neighborhood utility of agent i as the
expected reward accruing due to the hyper-links that

) =
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contain agent ¢:

Ve NiJ= “bul(su)bn (sv,)bi(s:)Y Vi (s, -

8i,SN; Su leE s.t. i€l

- 5Slks Su, <>)

(1)

While trying to find best policy for agent i given its
neighbors’ policies, we do not need to consider non-
neighbors’ policies. This is the property of locality of
interaction that is used in the following section.

3 Locally optimal policy generation

The locally optimal policy generation algorithm called
LID-JESP (Locally interacting distributed joint equi-
librium search for policies) is based on the DBA algo-
rithm [Yokoo and Hirayama, 1996] and JESP [Nair et
al., 2003]. In this algorithm (see Algorithm 1), each
agent tries to improve its policy with respect to its neigh-
bors’ policies in a distributed manner similar to DBA.
Initially each agent ¢ starts with a random policy and
exchanges its policies with its neighbors. It then evalu-
ates its contribution to the global value function, from
its initial belief state b with respect to its current policy
and its neighbors’ policy (function EVALUATE()). Agent
¢ then tries to improve upon its current policy by calling
function GETVALUE, which returns the value of agent
1’s best response to its neighbors’ policies. Agent ¢ then
computes the gain that it can make to its local neigh-
borhood utility, and exchanges its gain its neighbors. If
7’s gain is greater than that one any of its neighbors,
1 changes its policy and sends its new policy to all its
neighbors. This process of trying to improve the local
policy is continued until termination, which is based on
maintaining and exchanging a counter that counts the
number of cycles where gain; = 0. This is omitted from
this article in order to simplify the presentation.

The algorithm for computing the best response is a
dynamic-programming approach similar to that used in
JESP. Here, we define an episode of agent ¢ at time ¢ as
el = (s, sl sh & ). Given that the neighbors’ poli-
cies are fixed, treating episode as the state, results in a
single agent POMDP, where the transition function and
observation function can be defined as follows:

P'(el,al, el™)=P, (s, st1) . Pi(st, st as, st -

1) 1) e ur U 7 2w '3

t+1) Oy, (St+1 gtt1

t t
PNi(SN.ﬂSu’a’NwSNi N; *5u 70“N737wN7;)

O' (el at,wi™)  =0;(st™, si a;,w;)

3 rCu
The function GETVALUE() returns the optimal policy
for agent i given the above definitions of transition and
observation functions and the policies of N;. In this pa-
per, GETVALUE() was implemented via value iteration
but any other single agent POMDP algorithm could have
been used.

4 Experimental Results

For our experiments, we ran the LID-JESP algorithm on
the sensor domain (see Figure 1). The first benchmark
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Algorithm 1 LID-JESP(Agent i)

1: m; < randomly selected policy, prevVal < 0
2: Exchange m; with N;

3: while termination not detected do

4: for all s;,sn;, 5., do

5: prevVal & bu(su) bi(s:) b, (sn;) -
EVALUATE(Agent i, Si, Su, SN, Ti, Ty, ()5 (), 0,T)

gain; < GETVALUE(Agent i,b, 7n,,0,T) — prevVal

Exchange gain; with N;

maxrGain « max;en,u{i}gain;

winner «— argmax;c .y ;}9ain;

10:  if maxGain > 0 and i = winner then

11: initialize m;

12: FiNnDPoLicy(Agent i,b, () ,7n,,0,T)

13: Communicate m; with N;

14: else if maxGain > 0 then

15: Receive Twinner from winner and update my;,

16: return m;

(JESP) is Nair et al.’s JESP algorithm [2003], which uses
a centralized processor to find a locally optimal joint pol-
icy and does not consider the interaction graph. The sec-
ond benchmark (LID-JESP-no-nw) is LID-JESP with a
fully connected interaction graph. Figure 2(a) shows the
run time in seconds on a logscale on the Y-axis for in-
creasing finite horizon T on the X-axis, while Figure 2(b)
shows the value of policy found on the Y-axis and in-
creasing finite horizon 7' on the X-axis. All run times
and values were obtained by averaging 5 runs, each with
different randomly chosen starting policies . As seen in
Figure 2(b), the values obtained for LID-JESP, JESP
and LID-JESP-no-nw are quite similar, although LID-
JESP and LID-JESP-no-nw often converged on a higher
local optima than JESP. In comparing the run times, it
should be noted that LID-JESP outperforms LID-JESP-
no-nw and JESP (which could not be run for T > 4
within 10000 secs).
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Coping with exceptions in multiclass ILP problems using possibilistic logic
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Abstract

The handling of exceptions in multiclass problems
is a tricky issue in inductive logic programming
(ILP). In this paper we propose a new formalization
of the ILP problem which accounts for default rea-
soning, and is encoded with first-order possibilistic
logic. We show that this formalization allows us to
handle rules with exceptions, and to prevent an ex-
ample to be classified in more than one class. The
possibilistic logic view of ILP problem, can be eas-
ily handled at the algorithmic level as an optimiza-
tion problem.

1 Introduction

The handling of exceptions is a serious bottleneck in ILP due
to the formalization in first-order logic. Indeed, when a rule
has some exceptions, i.e. some examples are misclassified by
it, there is no way to compensate these exceptions by means
of another rule. So, a hypothesis accumulates all the excep-
tions of the rules that appear in it. Moreover, when dealing
with more than two classes, a rule with some exceptions may
prevent another one to perform the right classification. A
proper handling of exceptions can be made by adding to the
standard ILP setting a logical constraint that expresses that
an example can be only classified into one class. Thus, hav-
ing some exceptions may lead to inconsistency. In contrast
with first-order logic, default reasoning encoded in possibilis-
tic logic is well-suited for dealing with inconsistency. In this
paper, we extend the ILP settings in a possibilistic way in or-
der to handle inconsistency due to exceptions.

2 Preliminaries

Stated in the general context of first-order logic, the task
of ILP is to find a non-trivial set of formulas H such that
B U H [ FE given a background theory B and a set
of examples E of the form C(z,y) where z denotes the
identification key of an example and y a class. E, B and H
here denote sets of Horn clauses. In order to treat multiple
classification of an example as inconsistency, we reformulate
the ILP problem, by adding the following classification
constraint D = VX, Y, Z C(X,Y)UC(X,Z) - Y = Z,
as follows : given B, D and E, the goal is to find H such as

POSTER PAPERS

Henri Prade
UPS, IRIT, 118 route de Narbonne,
31062 Toulouse, France
prade@irit.fr

BUDUH EE.

We extend propositional possibilistic logic [Dubois et al.,
1994] to the first-order case. Possibilistic logic is sound and
complete for refutation, using an extended resolution rule,
with respect to a semantics in terms of a complete plausibil-
ity preorder on the interpretations (encoded by a possibility
distribution) [Dubois et al., 1994]. S denotes a set of Her-
brand interpretations. A possibility distribution can be de-
fined on Herbrand interpretations as well. The possibilistic
degree of a formula ¢ is the maximum possibility level of
its models and is denoted II(¢). Necessity is the dual no-
tion of possibility. It refers to the possibility degrees of the
counter-models of a formula : N(¢) = 1 — II(—¢). A possi-
bilistic first-order formula is a pair (¢, «) where ¢ is a first-
order formula and @ €]0, 1]. It is understood as a constraint
on an unknown necessity measure of the form N(¢) > a.
Given a set K of possibilistic formulas, the a-cut of K is
K, = {¢|(¢,8) € K,8 > «}. Given T a set of classi-
cal first-order formulas, 7" is minimal w. r. t. a formula ¢
iff T = ¢and Voo € T,T — ¢ = ¢. The following def-
inition avoids the drowning problem (i.e., consequences are
lost when their implicants are taken in inconsistent sets of
formulas, although they don’t contribute to inconsistency) by
checking if it exists a proof of ¢ in K, which is free from
inconsistencies at level .

Definition 1 Given K a set of possibilistic first-order formu-
las, K |=» (¢,0) iff 3K’ € K,, K’ [~ L such as K/ min-
imal w. . t. ¢ and AK” minimal w. r. t. L such that
K' c K" CK,.

In practice, this definition makes sure that, if two logical con-
sequences are inconsistent, the one which has the highest ne-
cessity degree is preferred. As already advocated in the in-
troduction, we propose to use possibilistic logic in ILP for a
better handling of exceptions.

3 Possibilistic ILP

Given H a standard ILP hypothesis, let Ny denote a func-
tion (called priority function) which at each rule in H asso-
ciates a priority level, to be understood as a necessity de-
gree. This gives birth to a possibilistic hypothesis H, =
{(h,Nu(h));h € H}. Let B, and D,, be composed by all
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formulas that appear respectively in B and D, with 1 as ne-
cessity level. The priority function Ng over the examples is
deduced from H,, as follows :

1, by convention, if Aa >0

such that D, U B, U H, =, (e, )
e € E,Ng(e) =

maz{a >0,D,UB,UH, = (e,a)},

otherwise.

1)

Then, given D, B and F, the goal of possibilistic ILP is to
find H,,, composed by a classical hypothesis 2 and an asso-
ciated priority function Ny such that B, U D, U H, = E,
with E, = {(e, Ng(e));e € E}. Note that, if it exists such
H,, this hypothesis will be correct and complete. This en-
larges the scope of classical ILP by learning sets of default
rules in a framework that handles exceptions, the one of pos-
sibilistic logic.
Any possibilistic hypothesis, even it contains some rules with
exceptions, can be completed in order to be correct and com-
plete by adding the misclassified examples with 1 as necessity
level. Then, the possibilistic ILP problem can be reformu-
lated as an optimization problem :
Given D, B and E, the goal of possibilistic ILP is to find
H,, that maximizes the accuracy (i.e. the proportion of well-
classified examples). This definition of possibilistic ILP prob-
lem is fully in agreement with the paradigm of the minimiza-
tion of the empirical risk. Since here, necessity levels are
only used for obtaining an ordering of the formulas in H, this
induces equivalence classes of priority functions Ng. Two
priority functions Ny and Nj;, belong to the same equiva-
lence class, i.e. Ny = Ny, if and only if Vh1,h2 € H if
Ny (hl) > Ng(h2) then Nj (k1) > Ny (h2).
Proposition 1 Given H, finding the class of equivalence
of priority functions such the accuracy is maximal is NP-
complete with respect to the number of formulas in H.

It shows that, although using a possibilistic rather than the
classical setting is always more effective, finding the best pri-
ority function over formulas in H may be computationally
very costly. Note that choosing a particular ordering based
on the confidence or the support degrees of the rules is not
optimal in general. It suggests to use heuristics for inducing
hypotheses together with their priority function.

4 Experimentations

A |B C D E >
Maximum | 52 | 38 28 57 89 277
Foil 17 | 5 7 9 5 43
Indigo 21 | 14 9 18 33 95
Cilgg 26 | 12 10 18 37 103
Pilp avg 23 | 116 | 95 18.3 | 55.3 | 117.8

[0] | [1.3] | [0.5] | [3.6] | [1.5] | [5.03]
Pilpmax | 23 | 13 10 23 57 125

In order to learn possibilistic logic rules, we learn a hypothe-
sis directly together with its priority function. The hypotheses
are learnt by using a stochastic exploration of the hypothesis
space as explained in [Serrurier et al., 2004]. The priority is
found by using a greedy algorithm based on the 2-opt method
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(switching the order of rules two by two while accuracy in-
creases). Our algorithm is denoted as Pilp. Since Pilp is a
non deterministic algorithm, the results that are presented are
average results on 50 running steps with the same settings.
The value in the brackets are standard derivations for the 50
results. For each experiment, two results are shown : Pilp
avg is the average result for the 50 tests, and Pilp max is the
best result found in the 50 tests. The experimentation is made
with the finite element MESH Design dataset because it rep-
resents a typical hard ILP multiple class problem. It describes
the structure of a mesh with unary and binary predicates. The
dataset contains 277 examples that describe 13 classes. The
dataset is split in 5 sub datasets denoted by A, B, C, D and E.
The test of the accuracy of the algorithm is made by testing on
one subset a hypothesis induced from the other sub datasets.
Results are shown in the previous table. The results for the
algorithms other than Pilp can be found in [Kietz, 2002]. The
results are clearly in the favor of Pilp algorithm which in-
creases the number of examples covered by the most effective
algorithm up to 10% in average and 20% at maximum.

5 Conclusion

In this paper, we have proposed a new ILP formalization for
dealing with exceptions in a multiple class problem. In or-
der to do that, we have extended possibilistic propositional
logic to a first-order setting. Then, by treating exceptions as
inconsistency, we have reformulate the ILP problem in first-
order possibilistic logic. In this reformulation, the ILP prob-
lem is turned in an optimization problem. This formalization
allows our algorithm to learn sets of default rules. In this
context, it may exist a correct and complete hypothesis which
contains rules that have some exceptions. Possibilistic ILP is
more flexible and more general than first-order decision lists
[Mooney and Califf, 1995] and allows us to correctly cope
with recursive hypotheses. Experiments have proved that an
implementation of possibilistic ILP may be very effective for
propositional or for relational learning and can compete with
the best machine learning algorithms.
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Abstract

If neurons are treated as latent variables, our vi-
sual systems are non-linear, densely-connected
graphical models containing billions of variables
and thousands of billions of parameters. Cur-
rent algorithms would have difficulty learning a
graphical model of this scale. Starting with an
algorithm that has difficulty learning more than
a few thousand parameters, | describe a series
of progressively better learning algorithms all of
which are designed to run on neuron-like hard-
ware. The latest member of this series can learn
deep, multi-layer belief nets quite rapidly. It turns
a generic network with three hidden layers and
1.7 million connections into a very good genera-
tive model of handwritten digits. After learning,
the model gives classification performance that is
comparable to the best discriminative methods.

1 Introduction

Our perceptual systems make sense of the visual input using
a neural network that contains about 10'2 synapses. There
has been much debate about whether our perceptual abilities
should be attributed to a few million generations of blind evo-
lution or to a few hundred million seconds of visual experi-
ence. Evolutionary search suffers from an information bottle-
neck because fitness is a scalar, so my bet is that the main
contribution of evolution was to endow us with a learning
algorithm that could make use of high-dimensional gradient
vectors. These vectors provide millions of bits of informa-
tion every second thus allowing us to perform a much larger
search in one lifetime than evolution could perform in our
entire evolutionary history.

So what is this magic learning algorithm? | have been in-
volved in attempts to answer this question using undirected
graphical models [Hinton and Sejnowski, 1986], directed
graphical models [Hinton et al., 1995], or no graphical model
at all [Rumelhart et al., 1986]. These attempts have failed as
scientific theories of how the brain learns because they sim-
ply do not work well enough. They have, however, produced
two neat tricks, one for learning undirected models and one
for learning directed models. In this paper, | describe some
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recent work in collaboration with Simon Osindero and Yee-
Whye Teh that combines these two tricks in a surprising way
to learn a hybrid generative model that was first proposed by
Yee-Whye Teh. In this model, the top two layers form an
undirected associative memory. The remaining layers form
a directed acyclic graph that converts the representation in
the associative memory into observable variables such as the
pixels of an image. In addition to working well, this hybrid
model has some other nice features:

1. The learning finds a fairly good model quickly even in
deep directed networks with millions of parameters and
many hidden layers. For optimal performance, how-
ever, a slower fine-tuning phase is required.

2. The learning algorithm builds a full generative model of
the data which makes it easy to see what the distributed
representations in the deeper layers have in mind.

3. The inference required for forming a percept is both fast
and accurate.

4. The learning algorithm is unsupervised. For labeled
data, it learns a model that generates both the label and
the data.

5. The learning is local: adjustments to a synapse strength
depend only on the states of the pre-synaptic and post-
synaptic neuron.

6. The communication is simple: neurons only need to
communicate their stochastic binary states.

Section 2 describes a simple learning algorithm for undi-
rected, densely-connected, networks composed of stochastic
binary variables some of which are unobserved. Section 3
shows how to make this simple algorithm efficient by re-
stricting the architecture of the network. Section 4 introduces
the idea of variational approximations for learning directed
graphical models in which correct inference is intractable
and describes the “wake-sleep” algorithm that makes use of a
variational approximation in a multi-layer, directed network
of stochastic binary variables. All of these sections can be
safely ignored by people already familiar with these ideas.

Section 5 introduces the novel idea of a “complementary”
prior. Complementary priors seem about as probable as father
Christmas because, by definition, they exactly cancel the “ex-
plaining away” phenomenon that makes inference difficult in
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directed models. Section 5.1 includes a simple example of a
complementary prior and shows the equivalence between re-
stricted Boltzmann machines and infinite directed networks
with tied weights.

Section 6 introduces a fast, greedy learning algorithm
for constructing multi-layer directed networks one layer at
a time. Using a variational bound it shows that as each new
layer is added, the overall generative model improves. The
greedy algorithm resembles boosting in its repeated use of the
same “weak” learner, but instead of re-weighting each data-
vector to ensure that the next step learns something new, it
re-represents it. Curiously, the weak learner that is used to
construct deep directed nets is itself an undirected graphical
model.

Section 7 shows how the weights produced by the efficient
greedy algorithm can be fine-tuned using the “up-down” al-
gorithm which is a contrastive version of the wake-sleep al-
gorithm.

Section 8 shows the pattern recognition performance of
a network with three hidden layers and about 1.7 million
weights on the standard MNIST set of handwritten digits.
When no knowledge of geometry is provided and there is no
special preprocessing, the generalization performance of the
network is 1.25% errors on the official test set. This beats the
1.5% achieved by the best back-propagation nets when they
are not hand-crafted for this particular application, and it is
quite close to the 1.1% or 1.0% achieved by the best support
vector machines.

Finally, section 9 shows what happens in the mind of the
model when it is running without being constrained by visual
input. The network has a full generative model, so it is easy
to look into its mind — we simply generate an image from its
high-level representations.

Throughout the paper, we will consider nets composed of
stochastic binary variables but the ideas can be generalized to
other models in which the log probability of a variable is an
additive function of the states of its directly-connected neigh-
bours.

2 TheBoltzmann machinelearning algorithm

A Boltzmann machine (Hinton and Sejnowski, 1986) is a net-
work of stochastic binary units with symmetric connections.
It is usually divided into a set of “visible” units which can
have data-vectors clamped on them, and a set of hidden units
that act as latent variables (see figure 1). Each unit, 4, adopts
its “on” state with a probability that is a logistic function of
the inputs it receives from other units, 5:

1
1 + exp(fbi — Zj sjwij)

where b; is the bias of unit ¢, and w;; is the weight on the sym-
metric connection between ¢ and j. The weights and biases of
a Boltzmann machine define an energy function over global
configurations (i.e. binary state vectors) of the net. Using «
as an index over configurations of the visible units, and (5 for
configurations of the hidden units:

B Y Y @)

i<j

p(si=1) = ()
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Figure 1: A Boltzmann machine composed of stochastic
binary units with symmetric connections. When data is
clamped on the visible units, a simple stochastic updating
rule infers a configuration of states of the hidden units that
is a good interpretation of the data. If no data is clamped and
the same updating rule is used for all of the units, the network
generates visible vectors from its model.

where sfﬁ is the binary state of unit 7 in the global binary
configuration 3. If units are chosen at random and their
binary states are updated using the stochastic activation rule
in Eq. 1 the Boltzmann machine will eventually converge to
a stationary probability distribution in which the probability
of finding it in any global state is determined by the energy of
that state relative to the energies of all the other global states:

exp(—E°?)
dos exp(—FE79)

If we sum over all configurations of the hidden units, we get
the probability, at thermal equilibrium, of finding the visible
units in configuration o

. Syexp(-B)
X, s exp(—E7)

A Boltzmann machine can be viewed as a generative
model that assigns a probability, via Eq. 4, to each possi-
ble binary state vector over its visible units. By changing
the weights and biases, we can change the probability that
the model assigns to each possible visible vector. So we can
model a set of training vectors by adjusting the weights and
biases to maximize the sum of their log probabilities. A nice
feature of Boltzmann machines is that the maximum likeli-
hood learning rule for the weights is both simple and local.
We can learn a locally optimal set of weights by collecting
two sets of statistics:

Pl = @)

P (4)

e In the positive phase we clamp a training vector on the
visible units and then repeatedly update the hidden units
in random order using Eq. 1. Once the distribution
over hidden configurations has reached “thermal” equi-
librium with the clamped data-vector, we sample the
hidden state and record which pairs of units are both
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on. By repeating this for the entire training set, we can
compute < s;s;>", the average correlation between ¢
and j when data is clamped on the visible units.

e In the negative phase we let the network run freely with
the visible units unclamped. Their states are updated in
just the same way as the hidden units. Once the distri-
bution over global configurations has reached equilib-
rium, we sample the states of all the units and record
which pairs are both on. By repeating this many times,
we can compute <s;s;>", the average correlation be-
tween ¢ and j when the network is running freely and
therefore producing samples from its generative model.

We can then follow the gradient of the log probability of

the data by using the simple rule

Aw;j = e(<sis;>1 — <si8,>7) (5)
where € is a learning rate. It is very surprising that the learn-
ing rule is so simple because the gradient of the log likeli-
hood with respect to one weight depends in complicated ways
on all the other weights. In the back-propagation algorithm,
these dependencies are computed explicitly in the backward
pass. In the Boltzmann machine they show up as the differ-
ence between the local correlations in the positive and nega-
tive phases.

Unfortunately, the simplicity and generality of the Boltz-
mann machine learning algorithm come at a price. It can take
a very long time for the network to settle to thermal equi-
librium, especially in the negative phase when it is uncon-
strained by data but needs to be highly multi-modal. Also,
the gradient used for learning is very noisy because it is the
difference of two noisy expectations. These problems make
the general form of the algorithm impractical for large net-
works with many hidden units.

3 Restricted Boltzmann machines and
contrastive divergence learning

If we are willing to restrict the architecture of a Boltzmann
machine by not allowing connections between hidden units,
the positive phase no longer requires any settling. With a
data-vector clamped on the visible units, the hidden units are
all conditionally independent, so we can apply the update rule
in Eg. 1 to all the units at the same time to get an unbiased
sample from the posterior distribution over hidden configura-
tions. This makes it easy to measure the first correlation in
Eq. 5.

If we also prohibit connections between visible units, we
can update all of the visible units in parallel given a hidden
configuration. So the second correlation in Eqg. 5 can be found
by alternating Gibbs sampling as shown in figure 2. Unfortu-
nately we may need to run the alternating Gibbs sampling for
a long time before the Markov chain converges to the equilib-
rium distribution. Fortunately, if we start the Markov chain at
the data distribution, learning still works well even if we only
run the chain for a few steps [Hinton, 2002]. This gives an
efficient learning rule:

Awij = €(<Si5j>0 — <S7;Sj>n) (6)
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Figure 2: This depicts a Markov chain that uses alternating
Gibbs sampling. In one full step of Gibbs sampling, the hid-
den units in the top layer are all updated in parallel by apply-
ing Eq. 1 to the inputs received from the the current states
of the visible units in the bottom layer, then the visible units
are all updated in parallel given the current hidden states. The
chain is initialized by setting the binary states of the visible
units to be the same as a data-vector. The correlations in the
activities of a visible and a hidden unit are measured after the
first update of the hidden units and again at the end of the
chain. The difference of these two correlations provides the
learning signal for updating the weight on the connection.

where the superscript 0 indicates that the correlation is mea-
sured at the start of the chain with a data-vector clamped on
the visible units and n indicates that the correlation is mea-
sured after n full steps of Gibbs sampling. The angle brack-
ets denote expectations over both the choice of data-vector
and the stochastic updating used in the Gibbs sampling. This
learning rule does not follow the gradient of the log like-
lihood, but it does closely approximate the gradient of an-
other function, contrastive divergence, which is the difference
of two Kullback-Leibler divergences [Hinton, 2002]. Intu-
itively, it is not necessary to run the chain to equilibrium in
order to see how the data distribution is being systematically
distorted by the model. If we just run the chain for a few steps
and then lower the energy of the data and raise the energy of
whichever configuration the chain preferred to the data, we
will make the model more likely to generate the data and
less likely to generate the alternatives. An empirical inves-
tigation of the relationship between the maximum likelihood
and the contrastive divergence learning rules can be found in
[Carreira-Perpinan and Hinton, 2005].

Contrastive divergence learning in a restricted Boltzmann
machine is efficient enough to be practical [Mayraz and Hin-
ton, 2001]. Variations that use real-valued units and differ-
ent sampling schemes are described in [Teh et al., 2003] and
have been quite successful for modeling the formation of to-
pographic maps [Welling et al., 2003] and for denoising nat-
ural images [Roth and Black, 2005]. However, it appears that
the efficiency has been bought at a high price: It is not pos-
sible to have deep, multilayer nets because these take far too
long even to reach conditional equilibrium with a clamped
data-vector. Also, nets with symmetric connections do not
give a causal model in which the data is explained in terms of
underlying causes.

The next section describes a simple learning algorithm for
an apparently quite different type of network that uses di-

1767



rected connections. This learning algorithm also has defi-
ciencies, but it can be combined with contrastive divergence
learning in a surprising way to produce an algorithm that
works much better and is significantly more similar to the
real brain.

4 Variational learning

Inference in directed graphical models that use non-linear,
distributed representations is difficult because of a phe-
nomenon called “explaining away” [Pearl, 1988] which cre-
ates dependencies between hidden variables. This is illus-
trated in figure 3. Radford Neal [Neal, 1992] showed that it
was possible to use Gibbs sampling to perform inference cor-
rectly in multilayer directed networks composed of the same
type of binary stochastic units as are used in Boltzmann ma-
chines. The communication required is more complicated
than in a Boltzmann machine because in addition to seeing
the binary states of its ancestors and descendants, a unit needs
to see the probability that each of its descendants would be
turned on by the current states of all that descendant’s an-
cestors. However, once we have a sample from the poste-
rior distribution over configurations of the hidden units, the
maximum likelihood learning rule for updating the directed
connection from j to ¢ is very simple:

iji = E.Sj(Si — éz) (7)

where ¢ is a learning rate and §; is the probability that ¢ would
be turned on by the current states of all its ancestors. There
is no need for a “negative phase” because directed models do
not require the awkward normalizing term that shows up in
the denominator of Eq. 3. Radford Neal showed that logistic
belief nets are somewhat easier to learn than Boltzmann ma-
chines, but the use of Gibbs sampling to get samples from the
posterior distribution still makes it very tedious to learn large,
deep nets.

Rich Zemel and | realised that it might still be possible
to learn a belief net that contained a layer of binary stochas-
tic hidden units even when the cost of computing the pos-
terior distribution, or sampling from it, was prohibitive. In-
stead of trying to perform maximum likelihood learning, we
adopted a coding perspective and attempted to learn a model
that would minimize the description length of the data [Zemel
and Hinton, 1995]. The idea is that the sender and receiver
both have access to the model and instead of communicating
a data-vector directly, the sender first communicates a hid-
den configuration of the model. This costs some bits, but it
also gives the receiver a good idea of what data to expect.
Given these expectations, the data-vector can be communi-
cated more cheaply®. So it appears that the expected cost of
communicating a data-vector is:

C(x) = = Qyalz) [logp(ya) +logp(zlya)]  (8)

[e3%

1Shannon showed that, using an efficient block coding scheme,
the cost of communicating a discrete value to a receiver is asymp-
totically equal to the negative log probability of that value under
a probability distribution that has already been agreed upon by the
sender and the receiver.
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Figure 3: A simple logistic belief net containing two inde-
pendent, rare causes that become highly anti-correlated when
we observe the house jumping. The bias of —10 on the earth-
guake node means that, in the absence of any observation, this
node is e'° times more likely to be off than on. If the earth-
quake node is on and the truck node is off, the jump node has
a total input of 0 which means that it has an even chance of
being on. This is a much better explanation of the observa-
tion that the house jumped than the odds of ¢ =2 which apply
if neither of the hidden causes is active. But it is wasteful to
turn on both hidden causes to explain the observation because
the odds on them both happening are e =10 x ¢=10 = =20,

where y,, is a configuration of the hidden units, Q(y.|z) is
the probability that the sender will choose to use ¥, in order
to communicate data-vector z, log p(y.,) is the cost of com-
municating y,, to a receiver who already has the model and
log p(x|ye ) is the cost of communicating x to a receiver who
has both the model and the hidden configuration y,. Rich
soon discovered that it was better to minimize a different
function and we eventually understood why.

Suppose there are two different hidden configurations that
give the same communication cost for a data-vector. The
sender can flip a coin to decide which one to use. After receiv-
ing the data-vector, the receiver can figure out what choices
were available to the sender and he can therefore figure out
the value of the random bit produced by the coin. So if there
are two equally good hidden configurations, the sender can
communicate one additional bit from a random bit stream by
his choice of configuration. In general, the number of extra
bits is equal to the entropy of the sender’s distribution across
hidden configurations. All of these extra bits can be used to
communicate some other bit string, so we need to subtract
them from the communication cost of the data-vector:

Clz) = =) QWalz)logp(ya) +logp(x|ya)]

- (— > Q(yalz)log Q(yalw)> ©)

If the sender picks hidden configurations from their true
posterior distribution, the communication cost is minimized
and is equal to the negative log probability of the data-vector
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under the model. But if it is hard to sample from the true pos-
terior, the sender can use any other distribution he chooses.
The communication cost goes up, but it is still perfectly well-
defined. The sender could, for example, insist on using a fac-
torial distribution in which the states of the hidden units are
chosen independently. The communication cost will then be
an upper bound on the negative log probability of the data un-
der the model and by minimizing the communication cost we
will either push down the negative log probability of the data
or we will make the bound tighter. The looseness of the bound
is just the Kullback-Liebler divergence between the distribu-
tion used by the sender and the true posterior, P(y.|x).

“logp(e) = (@) — 3 Quala) log % (10)

The use of an approximate posterior distribution to bound
log p(z) [Neal and Hinton, 1998] is now a standard way to
learn belief nets in which inference is intractable [Jordan et
al., 1999].

4.1 The wake-sleep algorithm

A simple way to make use of variational learning in a multi-
layer logistic belief net is to use a set of “recognition” con-
nections that compute a factorial approximation to the pos-
terior distribution in one layer when given the binary states
of the units in the layer below [Hinton et al., 1995]. These
recognition connections will not, in general, have the same
values as the corresponding generative connections. Given a
set of recognition weights, it is easy to update the generative
weights to follow the gradient of the description cost in Eq. 9.
We use a data-vector to set the states of the visible units and
then we use the recognition connections to compute a prob-
ability for each unit in the first hidden layer. Then we use
these probabilities to pick independent binary states for all
the units in that layer. This is repeated for each hidden layer
in turn until we have a sample from the approximate poste-
rior. Given this sample the learning rule for the generative,
top-down weights is given by Eq. 7. This is the “wake” phase
of the wake-sleep algorithm.

The “correct” way to learn the recognition weights is to
follow the derivative of the cost in Eq. 9. The recognition
weights only affect the @ terms; they do not affect the p terms.
However, the derivatives w.r.t the @) terms are messy because
(@ comes outside the log. So we make a further approxima-
tion. In the “sleep” phase, we perform an ancestral pass to
generate a sample from the generative model. Starting at the
top layer, we pick binary states for the units from their inde-
pendent priors. Then we pick states for the units in each lower
layer using the probabilities computed by applying the gener-
ative weights to the states in the layer above. Once we have
completed an ancestral pass, we have both a visible vector
and its true hidden causes. So we can adjust the recognition
weights to be better at recovering the hidden causes from the
states of the units in the layer below:

Awij = esi(sj - §]) (11)

where §; is the probability that j would be turned on by the
current states of all its descendants.
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The wake-sleep algorithm works quite well, but the sleep
phase is not exactly following the gradient of the variational
bound. As a result, it does the wrong thing when a data-
vector can be generated by two quite different hidden configu-
rations: Instead of picking one of these hidden configurations
and sticking with it, it averages the configurations to produce
a vague factorial distribution that gives significant probability
to many poor configurations.

5 Complementary priors

The phenomenon of explaining away makes inference diffi-
cult in directed networks. It is comforting that we can still
improve the parameters even when inference is done incor-
rectly, but it would be much better to find a way of eliminat-
ing explaining away altogether, even in models whose hidden
variables have highly correlated effects on the visible vari-
ables. Most people who use directed graphical models regard
this as impossible.

In a logistic belief net with one hidden layer, the prior dis-
tribution over the hidden variables is factorial because their
binary states are chosen independently when the model is
used to generate data. The non-independence in the posterior
distribution is created by the likelihood term coming from the
data. Perhaps we could eliminate explaining away in the first
hidden layer by using extra hidden layers to create a “com-
plementary” prior that has exactly the opposite correlations
to those in the likelihood term. Then, when the likelihood
term is multiplied by the prior, we will get a posterior that
is exactly factorial. This seems pretty implausible, but figure
4 shows a simple example of a logistic belief net with repli-
cated weights in which the priors are complementary at every
hidden layer. This net has some interesting properties.

5.1 Aninfinite directed model with tied weights

We can generate data from the infinite directed net by start-
ing with a random configuration at an infinitely deep hidden
layer and then performing an ancestral pass all the way down
to the visible variables. Clearly, the distribution that we will
get over the visible variables is exactly the same as the distri-
bution produced by the Markov chain in figure 2 so the infi-
nite directed net with tied weights is equivalent to a restricted
Boltzmann machine.?

We can sample from the true posterior distribution over all
of the hidden layers of the infinite directed net by starting with
a data vector on the visible units and then using the transposed
weight matrices to infer the factorial distributions over each
hidden layer in turn. At each hidden layer we sample from the
factorial posterior before computing the factorial posterior for
the layer above. This is exactly the same process as starting a
restricted Boltzmann machine at the data and letting it settle
to equilibrium. It is also exactly the same as the inference
procedure used in the wake-sleep algorithm, but in this net
it gives unbiased samples because the complementary prior
at each layer ensures that the posterior distribution really is
factorial.

2\\e can interpret any undirected model that uses Gibbs sampling
as an infinite directed model with tied weights.
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Since we can easily sample from the true posterior, it is
easy to learn the weights in the infinite directed net. Let
us start by computing the derivative for a generative weight,
w9, from a unit j in layer Hy to unit i in layer V5 (see figure
4). In a logistic belief net, the maximum likelihood learning
rule for a single data-vector, z, is:

dlogp(z)

5eg00 =<s)(s) — 8))> (12)
iJ

o_
where < - > denotes an average over the sampled states
and 8? is the probability that unit < would be turned on if
the visible vector was stochastically reconstructed from the
sampled hidden states. Computing the posterior distribution
over the second hidden layer, V;, from the sampled binary
states in the first hidden layer, Hy, is exactly the same process
as reconstructing the data, so s; is a sample from 3% and the
learning rule becomes:

0log p(x)

8w%0

Since the weights are replicated, the full derivative for a gen-

erative weight is obtained by summing the derivatives of the
generative weights between all pairs of layers:

0 1

:<5?(5¢ —5;)> (13)

dlog p(x)
8wij

= <s)(s)—si)>

+ <s;(s) —sj)>
+ <sjl(sl1 — s2)>
+...

All of the vertically aligned terms cancel leaving the Boltz-
mann machine learning rule of Eq. 5. The same weights are
also used for inference and one might expect this to contribute
extra derivatives. Fortunately, all of these derivatives are zero.
The inference is exact so, to first order, small changes in the
inferred posteriors make no change in the log probability of
the data. The only reason the recognition weights ever change
is because they are tied to the generative weights.

6 A greedy learning algorithm for
transfor ming representations

An efficient way to learn a complicated model is to combine
a set of simpler models that are learned sequentially. To force
each model in the sequence to learn something different from
the previous models, the data is modified in some way af-
ter each model has been learned. In boosting [Freund, 1995],
each model in the sequence is trained on re-weighted data that
emphasizes the cases that the preceding models got wrong. In
one version of principal components analysis, the variance in
a modeled direction is removed thus forcing the next modeled
direction to lie in the orthogonal subspace. In projection pur-
suit [Friedman and Stuetzle, 1981], the data is transformed
by nonlinearly distorting one direction in the data-space to
remove all non-Gaussianity in that direction. The idea behind
our greedy algorithm is to allow each model in the sequence
to receive a different representation of the data. The model
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Figure 4: An infinite logistic belief net with tied weights.

performs a non-linear transformation on its input vectors and
produces as output the vectors that will be used as input for
the next model in the sequence.

Figure 5 shows a multilayer generative model in which the
top two layers interact via undirected connections and all of
the other connections are directed. There are no intra-layer
connections and, to simplify the analysis, all layers have the
same number of units. It is possible to learn sensible (though
not optimal) values for the parameters W, by assuming that
the parameters between higher layers will be used to construct
a complimentary prior for Wy. This is equivalent to assuming
that all of the weight matrices are constrained to be equal. The
task of learning W, under this assumption reduces to the task
of learning an RBM and although this is still difficult, good
approximate solutions can be found rapidly by minimizing
contrastive divergence (Hinton, 2002). Once W, has been
learned, the data can be mapped through W to create higher-
level “data” at the first hidden layer.

If the RBM is a perfect model of the original data, the
higher-level “data” will already be modeled perfectly by the
higher-level weight matrices. Generally, however, the RBM
will not be able to model the original data perfectly and we
can make the generative model better using the following
greedy algorithm:

1. Learn Wy assuming all the weight matrices are tied.

2. Freeze Wy and commit ourselves to using W to infer
factorial approximate posterior distributions over the
states of the variables in the first hidden layer.

3. Keeping all the higher weight matrices tied to each
other, but untied from Wy, learn an RBM model of the
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Figure 5: A hybrid network. The top two layers have undi-
rected connections and form an associative memory. The lay-
ers below have directed, top-down, generative connections
that can be used to map a state of the associative memory
to an image. There are also directed, bottom-up, recognition
connections that are used to infer a factorial representation in
one layer from the binary activities in the layer below. In the
greedy initial learning the recognition connections are tied to
the generative connections.

higher-level “data” that is produced by using W to
transform the original data.

If this greedy algorithm changes the higher-level weight
matrices, it is guaranteed to improve the generative model.
The log probability of a single data-vector, z, under the mul-
tilayer generative model is bounded by

> Qyalr) (log p(ya) + log p(z|ya))

«

— Y Q(yalz) log Q(yalx)

where y,, is a binary configuration of the units in the first hid-
den layer, p(y. ) is the prior probability of y,, under the model
defined by the weights above Hy and Q(-|x) is any probabil-
ity distribution over y. The bound becomes an equality if and
only if Q(-|x) is the true posterior distribution.

When all of the weight matrices are tied together, the fac-
torial distribution over H, produced by applying W to a
data-vector is the true posterior distribution, so at step 2 of
the greedy algorithm log p(x) is equal to the bound. Step 2
freezes both Q(+|x) and p(x|y,) and with these terms fixed,
the derivative of the bound is the same as the derivative of

> Qyalz) log p(ya) (14)

So maximizing the bound w.r.t. the weights in the higher lay-
ers is exactly equivalent to maximizing the log probability of

logp(z) =
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a dataset in which y,, occurs with probability Q(y.|x). If
the bound becomes tighter, it is possible for log p(x) to fall
even though the lower bound on it increases, but log p(z) can
never fall below its value at step 2 of the greedy algorithm
because the bound is tight at this point and the bound always
increases.

The greedy algorithm can clearly be applied recursively,
so if we use the full maximum likelihood Boltzmann machine
learning algorithm to learn each set of tied weights and then
we untie the bottom layer of the set from the weights above,
we can learn the weights one layer at a time with a guar-
antee® that we will never decrease the log probability of the
data under the full generative model. In practice, we replace
maximum likelihood Boltzmann machine learning algorithm
by contrastive divergence learning because it works well and
is much faster. The use of contrastive divergence voids the
guarantee, but it is still reassuring to know that extra layers
are guaranteed to improve imperfect models if we learn each
layer with sufficient patience.

To guarantee that the generative model is improved by
greedily learning more layers, it is convenient to consider
models in which all layers are the same size so that the higher-
level weights can be initialized to the values learned before
they are untied from the weights in the layer below. The same
greedy algorithm, however, can be applied even when the lay-
ers are different sizes.

7 Back-Fitting with the up-down algorithm

Learning the weight matrices one layer at a time is efficient
but far from optimal. Once the weights in higher layers
have been learned, neither the weights nor the simple infer-
ence procedure are optimal for the lower layers. The sub-
optimality produced by greedy learning is relatively innocu-
ous for supervised methods like boosting. Labels are often
scarce and each label may only provide a few bits of con-
straint on the parameters, so over-fitting is typically more of
a problem than under-fitting. Going back and refitting the
earlier models may, therefore, cause more harm than good.
Unsupervised methods, however, can use very large unla-
beled datasets and each case may be very high-dimensional
thus providing many bits of constraint on a generative model.
Under-fitting is then a serious problem which can be alle-
viated by a subsequent stage of back-fitting in which the
weights that were learned first are revised to fit in better with
the weights that were learned later.

After greedily learning good initial values for the weights
in every layer, we untie the “recognition” weights that are
used for inference from the “generative” weights that de-
fine the model, but retain the restriction that the posterior in
each layer must be approximated by a factorial distribution in
which the variables within a layer are conditionally indepen-
dent given the values of the variables in the layer below. A
variant of the wake-sleep algorithm described in section 4.1
can then be used to allow the higher-level weights to influ-
ence the lower level ones. In the “up-pass”, the recognition
weights are used in a bottom-up pass that stochastically picks

3The guarantee is on the expected change in the log probability.
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a state for every hidden variable. The generative weights on
the directed connections are then adjusted using the maxi-
mum likelihood learning rule in Eq. 7. Because weights are
no longer tied to the weights above them, §; must be com-
puted using the states of the variables in the layer above 7 and
the generative weights from these variables to i. The weights
on the undirected connections at the top level are learned as
before by fitting the top-level RBM to the posterior distribu-
tion of the penultimate layer.

The “down-pass” starts with a state of the top-level asso-
ciative memory and uses the top-down generative connections
to stochastically activate each lower layer in turn. During
the down-pass, the top-level undirected connections and the
generative directed connections are not changed. Only the
bottom-up recognition weights are modified. This is equiva-
lent to the sleep phase of the wake-sleep algorithm if the as-
sociative memory is allowed to settle to its equilibrium distri-
bution before initiating the down-pass. But if the associative
memory is initialized by an up-pass and then only allowed to
run for a few iterations of alternating Gibbs sampling before
initiating the down-pass, this is a “contrastive” form of the
wake-sleep algorithm which eliminates the need to sample
from the equilibrium distribution of the associative memory.
The contrastive form also fixes several other problems of the
sleep phase. It ensures that the recognition weights are being
learned for representations that resemble those used for real
data and it also helps to eliminate the problem of mode aver-
aging. If, given a particular data vector, the current recogni-
tion weights always pick a particular mode at the level above
and ignore other very different modes that are equally good at
generating the data, the learning in the down-pass will not try
to alter those recognition weights to recover any of the other
modes as it would if the sleep phase used a pure ancestral
pass.

By using a top-level associative memory we also elimi-
nate a problem in the wake phase: Independent top-level units
seem to be required to allow an ancestral pass, but they mean
that the variational approximation is very poor for the top
layer of weights.

8 Performanceon the MNIST database

8.1 Training the network

The MNIST database of handwritten digits contains 60,000
training images and 10,000 test images. Results for many
different pattern recognition techniques are already published
for this database so it is ideal for evaluating new pattern
recognition methods. The network* shown in figure 6 was
trained on 44,000 of the training images that were divided
into 440 balanced mini-batches each containing 10 examples
of each digit class. The weights were updated after each mini-
batch.

In the initial phase of training, the greedy algorithm de-
scribed in section 6 was used to train each layer of weights

“Preliminary experiments with 16 x 16 images of handwritten
digits from the USPS database showed that a good way to model
the joint distribution of digit images and their labels was to use an
architecture of this type, but for 16 x 16 images, only 3/5 as many
units were used in each hidden layer.
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Figure 6: The network used to model the joint distribution of
digit images and digit labels.

separately, starting at the bottom. Each layer was trained for
30 sweeps through the training set (called “epochs”). Dur-
ing training, the units in the “visible” layer of each RBM had
real-valued activities between 0 and 1. These were the nor-
malized pixel intensities when learning the the bottom layer
of weights. For training higher layers of weights, the real-
valued activities of the visible units in the RBM were the ac-
tivation probabilities of the hidden units in the lower-level
RBM. The hidden layer of each RBM used stochastic binary
values when that RBM was being trained. The greedy train-
ing took a few hours in Matlab on a 3GHz Xeon processor
and when it was done, the error-rate on the test set was 2.49%
(see below for details of how the network is tested).

When training the top layer of weights (the ones in the
associative memory) the labels were provided as part of the
input. The labels were represented by turning on one unitin a
“softmax” group of 10 units. When the activities in this group
were reconstructed from the activities in the layer above, ex-
actly one unit was allowed to be active and the probability of
picking unit 7 was given by:

ool
P o) )

where x; is the total input received by unit 7. Curiously,
the learning rules are unaffected by the competition between
units in a softmax group, so the synapses do not need to know
which unit is competing with which other unit. The competi-
tion affects the probability of a unit turning on, but it is only
this probability that affects the learning.

After the greedy layer-by-layer training, the network was
trained, with a different learning rate and weight-decay, for
300 epochs using the up-down algorithm described in section
7. The learning rate, momentum, and weight-decay® were

5No attempt was made to use different learning rates or weight-
decays for different layers and the learning rate and momentum were
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Figure 7: All 49 cases in which the network guessed right but
had a second guess whose probability was within 0.3 of the
probability of the best guess. The true classes are arranged in
standard scan order.

chosen by training the network several times and observing
its performance on a separate validation set of 10,000 im-
ages that were taken from the remainder of the full training
set. For the first 100 epochs of the up-down algorithm, the
up-pass was followed by three full iterations of alternating
Gibbs sampling in the associative memory before perform-
ing the down-pass. For the second 100 epochs, six iterations
were performed, and for the last 100 epochs, ten iterations
were performed. Each time the number of iterations of Gibbs
sampling was raised, the error on the validation set decreased
noticeably.

The network that performed best on the validation set was
then tested and had an error rate of 1.39%. This network was
then trained on all 60,000 training images® until its error-rate
on the full training set was as low as its final error-rate had
been on the initial training set of 44,000 images. This took
a further 59 epochs making the total learning time about a
week. The final network had an error-rate of 1.25%. The
errors made by the network are shown in figure 8. The 49
cases that the network gets correct but for which the second
best probability is within 0.3 of the best probability are shown
in figure 7.

The error-rate of 1.25% compares very favorably with the
error-rates achieved by discriminative, feed-forward neural
networks that have one or two hidden layers and are trained
by back-propagation. When the detailed connectivity of these
networks is not hand-crafted for this particular task, the best
reported error-rate for stochastic on-line learning with a sep-
arate squared error on each of the 10 output units is 2.95%.
These error-rates can be reduced to 1.51% by using small

always set quite conservatively to avoid oscillations. It is highly
likely that the learning speed could be considerably improved by a
more careful choice of learning parameters, though it is possible that
this would lead to worse solutions.

5The training set has unequal numbers of each class, so images
were assigned randomly to each of the 600 mini-batches.
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Figure 8: The 125 test cases that the network got wrong. Each

case is labeled by the network’s guess. The true classes are
arranged in standard scan order.

]

initial weights, “softmax” output units, a cross-entropy error
function, and either very gentle learning (John Platt, personal
communication) or a regularizer that penalizes the squared
weights by an amount that is carefully chosen using a valida-
tion set. For comparison, nearest neighbor has a reported er-
ror rate (google MNIST) of 3.1% if all 60,000 training cases
are used (which is extremely slow) and 4.4% if 20,000 are
used. This can be reduced to 2.8% and 4.0% by using an L3
norm.

The only standard machine learning algorithm that outper-
forms the generative model is support vector machines which
give error rates of 1.1% or 1.0%. But it is hard to see how
support vector machines can make use of the domain-specific
tricks, like weight-sharing and sub-sampling, which LeCun
et.al. use to improve the performance of discriminative neu-
ral networks from 1.5% to 0.95%. There is no obvious reason
why weight-sharing and sub-sampling cannot be used to re-
duce the error-rate of the generative model. Further improve-
ments can always be achieved by averaging the opinions of
multiple networks or by enhancing the training set with dis-
torted data, but these techniques are available to all methods,
though data enhancement can seriously slow-down methods
that do not scale sub-linearly with the size of the training set.
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Figure 9: Each row shows 10 samples from the generative
model with a particular label clamped on. The top-level asso-
ciative memory is run for 1000 iterations of alternating Gibbs
sampling between samples.

8.2 Testing the network

One way to test the network is use a stochastic up-pass from
the image to fix the binary states of the 500 units in the lower
layer of the associative memory. With these states fixed, the
label units are given initial real-valued activities of 0.1 and a
few iterations of alternating Gibbs sampling are then used to
activate the correct label unit. This method of testing gives
error rates that are almost 1% higher than the rates reported
above.

A better method is to first fix the binary states of the 500
units in the lower layer of the associative memory and to then
turn on each of the label units in turn and compute the ex-
act free energy of the resulting 510 component binary vector.
Almost all the computation required is independent of which
label unit is turned on [Teh and Hinton, 2001] and this method
computes the exact conditional equilibrium distribution over
labels instead of approximating it by Gibbs sampling which
is what the previous method is doing. This method gives er-
ror rates that are about 0.5% higher than the ones quoted be-
cause of the stochastic decisions made in the up-pass. We
can remove this noise in two ways. The simplest is to make
the up-pass deterministic by using probabilities of activation
in place of stochastic binary states. The second is to repeat
the stochastic up-pass twenty times and average either the la-
bel probabilities or the label log probabilities over the twenty
repetitions before picking the best one. The two types of av-
erage give almost identical results and these results are also
very similar to using a deterministic up-pass, which was the
method used for the reported results.

9 Lookingintothemind of a neural network

To generate samples from the model, we perform alternating
Gibbs sampling in the top-level associative memory until the
Markov chain converges to the equilibrium distribution. Then
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Figure 10: Each row shows 10 samples from the generative
model with a particular label clamped on. The top-level as-
sociative memory is initialized by an up-pass from a random
binary image in which each pixel is on with a probability of
0.5. The first column shows the results of a down-pass from
this initial high-level state. Subsequent columns are produced
by 20 iterations of alternating Gibbs sampling in the associa-
tive memory.

we use a sample from this distribution as input to the layers
below and generate an image by a single down-pass through
the generative connections. If we clamp the label units to a
particular class during the Gibbs sampling we can see im-
ages from the model’s class-conditional distributions. Figure
9 shows a sequence of images for each class that were gener-
ated by allowing 1000 iterations of Gibbs sampling between
samples.

We can also initialize the state of the top two layers by
providing a random binary image as input. Figure 10 shows
how the class-conditional state of the associative memory
then evolves when it is allowed to run freely, but with the
label clamped. This internal state is “observed” by perform-
ing a down-pass every 20 iterations to see what the associa-
tive memory has in mind. This use of the word “mind” is
not metaphorical. A mental state is the state of a hypotheti-
cal world in which a high-level internal representation would
constitute veridical perception. That hypothetical world is
what the figure shows.

10 Conclusion

The network in figure 6 has about as many parameters as
0.002 cubic millimeters of mouse cortex. Several hundred
networks of this complexity would fit within a single voxel of
a high resolution fMRI scan. Learning algorithms are getting
better, but they still have a long way to go.
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