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Abstract A is afinite set of actiong? is a Markovian transition model,
] o ) whereP(s, a, s') is the probability of making a transition to
We present an approximate policy iteration algo-  states’ when taking actiom in states; R is a reward (or cost)

rithm that uses rollouts to estimate the value of each  fynction, such thaR(s, ) is the expected reward for taking
action u_n_der agiven DQ“CV in a subset of states and  actiona in states: v € [0,1) is the discount factor for future
a classifier to generalize and learn the improved  rewards; andD is the initial state distribution from which

policy over the entire state space. Using a multi-  gtates are drawn when the process is initialized.

class support vector machine as the classifier, we In reinforcement learning, it is assumed that the learner can
obtained successful results on the inverted pendu-  gpserve the state of the process and the immediate reward at
lum and the bicycle balancing and riding domains. every step, howeveP and R are completely unknown. In

this paper, we also make the assumption that our learning al-

: gorithm has access to a generative model of the process which
1 Introduction is a black box that takes a statand an actiom as inputs and
Reinforcement learning provides an intuitively appealingoutputs a next staté drawn fromP and a reward. Note that
framework for addressing a wide variety of planning and con+his is not the same as having the modelahd R) itself.
trol problems. There has been significant success in tackling A policy = for an MDP is a mappingr : S — A from
large-scale problems through the use of value function and/states to actions, whergs) is the action the agent takes at
policy approximation. The success of these methods, howstates. The valuel(s) of a states under a policyr is the
ever, is contingent upon extensive and careful feature engexpected, total, discounted reward when the process begins
neering, a common problem in most machine learning methin states and all decisions at all steps are made according to

ods. policy :

Modern classification methods have mitigated the feature oo
engineering problems through the use of kernel methods, but Vi(s) = E Z'YtR(StﬂT(St)) ‘ so = s]
very little has been done to exploit these recent advances for e

the purposes of reinforcement learning. Of course, we are n ‘o ; }
the first to note the potential benefits of modern classifica(-;lthe goal of the decision maker is to compute or learn an op

tion methods to reinforcement learning. For example, Yeion timal policy 7* that maximizes the e>_<pected total discounted
. . : S ; g reward from the initial state distribution:

al.[2003 use inductive learning techniques, including boost-

ing, to generalize across similar problems. Dietterich and " = argmaxn(m, D) = Eswp [Vr(s)]

Wang[2001] also use a kernel-based approximation method, . . .

to generalize across similar problems. The novelty in our a quIaSI Eg?gmﬂ%tt:gr g\lﬁry MDP, there exists at least one opti-

proach is the application of modern learning methaitkin policy.

a single, noisy problem at the inner loop of a policy iteration . . .

algorithm? By using rollouts, we avoid the sometimes prob- 3 (Approximate) Policy Iteration

lematic step of value function approximation. Thus, our tech-Policy iteration(PI) is a method of discovering such a policy

nique aims to address the critiques of value function methodgy iterating through a sequence of monotonically improving

raised by the proponents of direct policy search, while avoidpolicies. Improvementat each iteratidis typically achieved

ing the confines of a parameterized policy space. by computing or learning the state-action value functipy
of the current policyr;, defined as

2 Definitions and Assumptions Qr,(s,a) = R(s,a) +~ Z P(s,a,s )y, (s) |

A Markov decision proces@MDP) is defined as a 6-tuple s'eS

(S, A, P,R,~, D) where:S is the state space of the process;and then the improved policy as

Fern, Yoon, and Givan are also pursuing a similar approach. Ti1(s) = arg glgff Qr(s,a) .
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In practice, policy iteration terminates in a surprisingly small i—0

number of steps, however, it relies on exact representation of o < arbitrary policy (default: random)
value functions and policies.
Approximate methods are frequently used when the state repeat
space of the underlying MDP is extremely large and exact foreachs € S,
(solution or learning) methods fail. A general framework of Qva_ (s,a) «— ROLLOUT(s,a,7;),V a € A

using approximation within policy iteration is known ap-

proximate policy iteration(API). In its most general form, mis1(s) = arg I(?gf\{ @ri(s,0)

APl assumes approximate representations of value functions iyl — LEARN({(S, 71'7;+1(s)) 1S € S,,})
(®) and policiest). As a result, APl cannot guarantee mono- i=i+1
tonic improvement and convergence to the optimal policy. A until termination

performance bound on the outcome of API can be constructed
in terms of L, bounds on the approximation errdiBert-
sekas and Tsitsiklis, 1996In practice, API often finds very Figure 1:API with rollouts and classification.

good policies in a few iterations, since it normally makes big

steps in the space of possible policies. This is in contrast to

policy gradient methods which, despite acceleration methodéng a full policy iteration algorithm, and terminating with the

are often forced to take very small steps. optimal policy. However, for large-scale problems, choosing
S, and dealing with imperfect classifiers poses challenges.
4 Practical APl without Value Functions We consider a number of alternative choices for the dis-

éribution p- A uniform distribution over the state space is

value functions places continuous function approximationa good choice for a low-dimensional state space, but it will

methods at their inner loop. These methods typically mini-€SUlt in poor coverage in high-dimensional spaces. A bet-
mize L error, which is a poor match with the., bounds ter choice would be a distribution that favors certain impor-

for API. This problem isnot just theoretical. Efforts to im- tant parts of the state space over others. In classification, it
g_mdely assumed that the classifier is trained on examples

The dependence of typical API algorithms on approximat

prove performance, such as adding new features, can som i d f th distribution it will be tested
times lead to surprisingly worse performance, making featurg 3t 8r€ drawn irom thé same distribution it wilf be tested on.
herefore, representative states for learning paticyi in it-

engineering a somewhat tedious and counterintuitive task. o )
An important observation, also noted by Fern, Yoon andEration: should be drawn from the-discounted future state
Givan [200d, is that a Monte-Carlo technique, calleall- distribution[Jaakkolaet al., 1999 of the yet unknown policy
! ' m+1. Eventhough this policy is yet unknown, it is possible to

outs can be used within API to avoid the problematic losel imate this distributidnStarting i tat
value function approximation step entirely. Rollouts estimate® 0S€'Y approximate this distrioutionstarting in some state

Q.. (s, a) from a generative model by executing actiemn S0 drawn fromD, a trajectory under;, can be simulated
states and following policyr, thereafter, while recording the by using rollouts repeatedly in each visited state to determine

total discounted reward obtained during the entire trajector hl?t ac?o_ns Oﬁ;ﬁ;h S'{;Peest{/‘;’gﬁgg’g;ﬁ"‘gﬂ?ﬁ?;ﬁgoﬂgg’i’an
This simulation is repeated several times and the results art?ale \yie(wed ’;)S samples from the desire%l distributjion
averaged over a large number of trajectories to obtain an accB— P ’

; 3 : The main contribution of this paper is a particular em-
rbz;tﬁ_::;rﬂgtg;g gﬁggrf[ggg%s}gg 'Oﬁﬁ::g?:ﬁg:gﬁ;f;tugf g bodiment of the algorithm desc_rippedpin the pr%yious_section.
backgammon player. For our purposes, we can choose a reE(—)r rollouts, we used basic statistical hypothesis testing (two-
resentative set of staté (with distributionp over the state >2MPle-test) to determine statistically significant differences
space) and perform enough rollouts to determine which addetween the rollout estimates Qf, for different actions. If

tion maximizes(., (s, a) for the current policy. Rather than actiona is determined to be a clear winner for statehen
" CEmi %y B e we treat as a positive training example for stateand
fitting a function approximator to the values obtained by the (s, ) b 9 b af

rollouts, we instead train a classifier 6f, where each state all (s, a’), a’ 7 a as negative examples fer Even if there
: ' X S A is no clear winner action in some statenegative examples
is labelled with the maximizing action for the state. The al- 9 P

thm i ized in Ei 1 can be still extracted for the clearly bad actions:jrallow-
gorithm IS summarized in Figure . -~ . ing the classifier to choose freely any of the remaining (good)
_LEARNIs asupervised learning algorithm that trains a clas- +iong as the winner. The only case where no examples are
sifier given a set of labeled training data. The terminatio

condition is left somewhat open ended. It can be when th enerated is when al act|on.s sgem to be egually good.
performance of the current policy does not exceed that of the 1 1€ MOst significant contribution of effortis the use of sup-
previous one, when two subsequent policies are similar (th@0't Vector machines (SVMs) fordarN. In our implemen-
notion of similarity will depend upon the learner used), or ttion we used the SVMTorch packafgeollobert and Ben-

when a cycle of policies is detected (also learner dependent§i©; 2001 as the multi-class classifier. With the kernel trick,
If we assume a fortuitous choice §f and a sufficiently pow- VMs are able to implicitly and automatically consider clas-

erful leamner that can correctly generalize fréipto the en-  Sifiers with very complex feature spaces.
tire state space, the algorithm at each iteration learns the im-
proved policy over the previous one, effectively implement-  2Special thanks to Alan Fern for sharing this observation.
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Figure 2:Positive(-), negative) examples; support vectorg( Figure 3:Successful trajectories of the bicycle.

5 Experimental Results (1000, 0) (right side). The input to the SVM was simply the

. . six-dimensional state description and the valu&ofvas 1.
In theinverted pendulurproblem the goalis to balance a pen- peformance was sensitive to the SVM parameters. We are
dulum by applying forces to the left (LF), or to the right (RF), ¢rrently doing further experimentation with larger numbers

or no force (NF) at all. All actions are noisy. The state Spacgyt ro||out states and different kernel parameters.
is continuous and consists of the vertical angle and the angu-

lar velocity of the pendulum. Transitions are governed by the' S résearch was supported in part by NSF grant 0209088.
nonlinear dynamics of the system and the time step($

seconds. The reward is1 when the angle exceedsg2 in  eferences

absolute value (end of the episode) @natherwise. The dis- [Bertsekas and Tsitsiklis, 19p@. Bertsekas and J. Tsitsiklis.
count factor i€).95. Using abouf00 states fronp to perform Neuro-Dynamic Programmingithena Scientific, Belmont, Mas-
rollouts, the algorithm consistently learns balancing policies Sachusetts, 1996.

in one or two iterations, starting from the random policy. The[Collobert and Bengio, 2001Ronan Collobert and Samy Bengio.
choice ofp or the kernel (polynomial/Gaussian) did not affect SVMTorch: Support vector machines for large-scale regres-
the results significantly. Figure 2 shows the training data for Sion problems.Journal of Machine Learning Research (JMLR)
the LF action withp being the uniform distribution. The num- 1:143-160, 2001.

ber of support vectors was normally smaller than the numbeDietterich and Wang, 2001T. G. Dietterich and X. Wang. Batch
of rollout states. The consta@t, the trade-off between train-  Value funtion approximation via support vectors.Advances in
ing error and margin, was set to Neural Information Processing Systems 2@01. MIT Press.

In the bicycle balancing and riding probldiRandlgv and [Fernetal, 2003 A. Fern, S. Yoon, and R. Givan. Approxi-
Alstrgm, 1998 the goal is to learn to balance and ride a bi- mately policy iteration with a policy language bias: Learning
cycle to a target position located 1 km away from the starting control_ policies in relatlo_nal planning domains. Sﬂmb_mltted to
location. The state description is a six-dimensional vector The Nineteenth International Conference on Machine Learning

L . . (ICML-2003) July 2003.
(0,0, w,w,o,v), whered is the angle of the handlebar,is . ) )
the vertical angle of the bicycle, and is the angle of the [Jaakkoleetal, 1999 Tommi Jaakkola, Satinder P. Singh, and
bicycle to the goal. The actions are the torquepplied to Michael I. Jordan. Reinforcement learning algorithm for partially

. . observable Markov decision problems. In G. Tesauro, D. Touret-
the handleba{_27 0, +2} and the displacement of the rider zky, and T. Leen, editorAdvances in Neural Information Pro-

v {=0.02,0,40.02}. Actions are restricted so that either  cessing Systems Cambridge, Massachusetts, 1995. MIT Press.

7 = 0 orv = 0 giving a total of 5 actions. The noise is [ .
. L ; Ngetal, 1999 Andrew Y. Ng, Daishi Harada, and Stuart Russell.
a uniformly distributed term irj—0.02, +0.02] added to the Policy invariance under reward transformations: theory and ap-

displacement. The dynamics of the bicycle are based on the pjication to reward shaping. IRroc. 16th International Conf.
model of Randlgv and Alstrgf199d and the time stepis set  on Machine Learningpages 278-287. Morgan Kaufmann, San
to 0.02 seconds. As is typical with this problem, we used a Francisco, CA, 1999.

shaping rewar@Ng et al,, 1999. The reward; given at each [Randlgv and Alstram, 1998J. Randlgv and P. Alstram. Learn-

time step wasy = (d;—, — ~vd;), whered is the distance ing to drive a bicycle using reinforcement learning and shaping.
of the back wheel of the bicycle to the goal position at time  |n The Fifteenth International Conference on Machine Learning
and- is the discount factor which is set §095. 1998. Morgan Kaufmann.

Using a polynomial kernel of degreile we were able t0  [Tesauro and Galperin, 1997G. Tesauro and G. R. Galperin. On-
solve the problem with uniform sampling of aba@oo roll- line policy improvement using monte-carlo search Alvances
out states. Sampling from the-discounted distribution of in Neural Information Processing Systems (NIPS)®97.

the target policy, the problem is solved with as fewl@80  [yoonet al, 2003 S. W. Yoon, A. Fern, and B. Givan. Inductive
rollout states, as shown in Figure 3 which shows ten sam- pojicy selection for first-order MDPs. Rroceedings of the Eigh-

ple trajectories of the bicycle in the two-dimensional plane teenth Conference on Uncertainty in Artificial Intelligen@902.
from the initial position(0, 0) (left side) to the goal position Morgan Kaufmann.
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Abstract

In many real-world tasks of image classification,
limited amounts of labeled data are available to
train automatic classifiers. Consequently, extensive
human expert involvement is required for verifica-
tion. A novel solution is presented that makes use
of active learning combined with an ensemble of
classifiers for each class. The result is a significant
reduction in required expert involvement for uncer-
tain image region classification.

1 Introduction

Multimedia contents are rapidly becoming a major target for
data mining research. This work is concerned with image
mining, discovering patterns and knowledge from images for
the purpose of classifying images. The specific problem
we address is image region classification. Egeria Densa is
an exotic submerged aquatic weed causing navigation and
reservoir-pumping problems in the Sacramento-San Joaquin
Delta of Northern California. As a part of a control program
to manage Egeria, classification of regions in aerial images
is required. This problem can be abstracted to one of clas-
sifying massive data without class labels. Relying on hu-
man experts for class labeling is not only time-consuming
and costly, but also unreliable if the experts are overburdened
with numerous minute and routine tasks. Massive manual
classification becomes impractical when images are complex
with many different objects (e.g., water, land, Egeria) under
varying picture-taking conditions (e.g., deep water, sun glint).
The main objective of the project is to relieve experts from go-
ing through all the images and pointing out locations where
Egeria exists in the image. We aim to automate the process
via active learning to limit expert involvement to decisions
about which the automatic classifier is uncertain.

The contributions of this work are a novel concept of class-
specific ensembles, and learning class-specific ensembles. We
notice that different types of classifiers are better suited to de-
tecting different objects such as Egeria, land, water. Since it
is impractical to train one classifier for each object (as experts
need to provide training instances for all objects), we propose
anovel approach to class-specific ensembles. We also discuss
how to combine individual classifiers to learn class-specific
ensembles. We show that this approach significantly reduces
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the number of uncertain image regions and is better than a
single ensemble for the task of object detection.

2 Class-Specific Ensembles

We may tend to use as many classifiers in an ensemble as
possible because (1) each classification algorithm may have
a different view of the training image and capture varied as-
pects of the image, as different classification algorithms have
different biases and assumptions; and (2) no single classifier
can cover all aspects. In other words, some algorithms may
succeed in capturing some latent information about the do-
main, while others may fail. However, problems can result
from using too many classification algorithms: e.g., (1) us-
ing more classification algorithms can result in longer overall
training time, especially so if some of the algorithms are time-
consuming to train; and (2) some algorithms may be prone to
overfitting. If these algorithms are included in the ensemble,
there may be a high risk of allowing the ensemble to over-
fit some training image(s). The above analysis suggests the
necessity of searching for a relevant set of classifiers to form
ensembles. Exhaustive search for the best combination is im-
practical because the search space is exponential in the total
number of classification algorithms for consideration. Thus
we need an efficient methodology to find the optimal combi-
nation of classifiers for the class-specific ensembles.

We adopt three performance criteria for this work: Preci-
sion, Recall, and number of uncertain regions (UC). The first
two standard measures are defined in terms of the instances
that are relevant and the instances that are classified (or re-
trieved). The third one is the number of instances (regions
in an image) the class-specific ensembles cannot be certain
about their class predictions. High precision or high recall
alone is not a good performance measure as each describes
only one aspect of classification. Together they provide a
good measure: for example, the product of precision and
recall (PR). If both values are 1, their product is 1, which
means all and only positive instances are classified as posi-
tive. Hence, PR is a measure for both generality and accuracy.
F measure can be used for the same purpose.

3 Learning Class-Specific Ensembles

In order to learn class-specific ensembles, we need a data set
that links classifiers to the label of each image region. This
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input:
output:

Tr,lp,, E : Set of n classification algorithms
El:yesa El:no

01 Train E with T'r to obtain n classifiers, cl; to cl,,;

02 Obtain class labels, I1.,. to 1%, for T'r using cl; to cl,;

03 Form a data set, D « {I% 2., ... I% lr. };

04 Learn association rules, Assoc from D;

05 Assocy < Filter (Assoc / consequent is I, = yes);

06 Assocq < Filter (Assoc / consequent is lr,. = no);

07 My—yes + Max (Associ, supp * conf);

08 Mmy—no — Max (Assocy, supp * conf);

09 Assoc; < Filter (Associ /supp * conf > 0.9 % mMy—yes);
10 Assocy < Filter (Assocy/supp * conf > 0.9 x mj—pno);
11 Assocy < Sort (Assocy, length(precedent));

12 Assocy < Sort (Assocy, length(precedent));

13 Ej—yes <+ Precedent(First(Assocy));

14 E,—,, < Precedent(First(Assocyp));

Figure 1: Algorithm for selecting optimal classifiers

new data set can be obtained by applying all the classifica-
tion algorithms to the training image so that each classifier
is a feature (i.e., a column) and its value is the prediction of
the classifier. For each image region (one instance in the new
data set), there are predictions of all the classfiers and also
the class label ‘Egeria’ or ‘non-Egeria’ given by experts. We
are concerned only with those rules that have the class label
Egeria or not as the consequent. We will restrict our search to
such rules and obtain rules with the maximum number of fea-
tures (classifiers) in the precedent without a significant loss
in support or confidence. The best rule for each class label
indicates the best combination of classifiers for the ensemble.

Among many learning algorithms for classification, clus-
tering, and association rules, we observe that association rule
algorithms [Agrawal and Srikant, 1994] can search the at-
tribute space to find the best combination of attributes associ-
ated with a class. Our algorithm is presented in Figure 1. It
takes as input the entire set of classification algorithms E and
training data 7. with class labels [7,., and produces as output
two ensembles for class label yes and class label no.

The next task is to use the dual ensembles (E;—,.s and
FE;—,,) to determine certain and uncertain instances. We need
to decide the maximum number of classifiers in an ensemble
that should agree on a prediction to reach a decision of “cer-
tain” or “uncertain” for each ensemble. An ensemble with all
classifiers being required to agree on a prediction would lead
to high precision, but low recall; an ensemble with few classi-
fiers being required to agree would lead to high recall and low
precision. We need to find a balanced number of classifiers
with which the ensemble gives the best estimated precision
and recall. The training image is used again for this task.

The dual ensembles Fj;—,.; and E;—,, work together to
decide if an instance’s prediction is certain or not following
the rule of majority. In predicting an instance, if both Ej_ .
and Ej—,, are certain with their predictions, follow the one
with more agreeing classifiers; if one is certain and the other
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is uncertain, follow the certain one; if both are uncertain, the
instance is uncertain.

4 Experiments and Evaluations

With the principal goal of reducing the burden on experts, we
use only one image for training and apply the learned results
to another 16 testing images of different areas for detection.
Among the classification algorithms available in the machine-
learning package WEKA [Witten and Frank, 20001, we select
all that can be applied to the image domain to ensure a variety
of classification algorithms. We apply the algorithm in Fig-
ure 1 with the complete set of classification algorithms as in-
put. The class-specific ensembles found by association rules
are: Class = yes < Decision Trees C4.5, Alternating De-
cision Trees, Decision Trees (PART), PRISM, Hyper Pipes,
Kernel Density, Logistic, Decision Tables; and Class = no
« 1d3, Alternating Decision Trees, Decision Trees (PART),
PRISM, Kernel Density, Instance Based1, Decision Tables.

We design 3 experiments and provide the summarized re-
sults here (the details will be provided upon request).

Experiment 1. We compare the use of dual ensembles
(Bi=yes and Ej—,,) with that of single ensembles (either
Ej—yes or Ej—p,). The average UCincrease (increase in un-
certain regions) is almost 53% and the average PRgain is -
1.04%. It is observed that in general, dual ensembles are not
only more accurate, but also separate certain and uncertain
instances better than single ensembles.

Experiment 2. We compare the learned dual ensembles to
10 randomly selected dual ensembles. Each classifier is ran-
domly chosen and learns from the training image. Although
the average PRgain is only decreased by 2.01%, the UCin-
crease increases significantly by 846.6%. Hence, it is nec-
essary to search for relevant dual ensembles, as random dual
ensembles work poorly in reducing UC.

Experiment 3. We compare the learned dual ensembles to
results obtained by the classification rules of domain experts.
The experts’ rules outperform the learned dual ensembles in
terms of PRgain by 14.6%, but the number of uncertain in-
stances (UC) increases by 408.4% The high PRgain and high
UC for the expert classification rules is due to the fact that an
expert can only directly work on the former (designing highly
general and accurate rules), but not on the latter (finding low
UC rules). Our system is particularly designed to compensate
in this shortcoming.

5 Conclusion

We present a novel approach to active learning with ensem-
bles of classifiers. One ensemble is trained for each class.
Extensive experiments were conducted in the real-world do-
main of detecting seaweed in aerial images.
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1 Introduction

Automated collaborative filtering (ACF) methods leverage
the ratings-based profiles of users that are similar to some
target user in order to proactively select relevant items, or
predictively rate specific items, for the target user. Many of
the advantages of ACF methods are derived from its content-
free approach to recommendation; it is not necessary to rely
on content-based descriptions of the recommendable items,
only their ratings distribution across the population of raters.
Furthermore, ACF methods have an element of serendipity
associated with them, as users can find items for which they
would never have explicitly searched but nonetheless find in-
teresting. The raters, items and ratings form an sparse ma-
trix, R and the classical ACF prediction task is to predict
the rating that user ¢ will give to item ¢ given that Ry ; is
currently empty. For example, Resnick’s well-known algo-
rithm [Resnick et al., 1994] predicts R, ; based on ¢’s average
rating, ¢, and R, ;, the rating each rater r gives to 4, relative
to r’s average rating, 7, and weighted by C .., the correlation
between the shared ratings of ¢ and .

Zvr;ét((RT,’i - F) * Ct,r)

2vrt |Gl

It is well known that the success of ACF depends broadly
speaking, on the quality of the user profiles and on the cov-
erage of the ratings space that they provide [Smyth et al.,
2002; Rafter and Smyth, 2001a; Rafter et al., 2000a; 2000b;
Herlocker et al., 1999; Breese et al., 1998; Konstan et al.,
1997]. At the same time efficiency depends on the number
of users that are taken into account during rating and the size
of their individual profiles. For example, Resnick’s algorithm
is O(r.i) where r is the number of raters and i the average
number of items that they have rated.

In this paper we are interested in looking for ways to im-
prove the efficiency of ACF without compromising the qual-
ity of recommendations. Our basic proposal is to find ways
of reducing the number of items that need to be considered
during recommendation. For example, Resnick’s algorithm
above compares each rater profile to the target user by com-
puting the correlation between all item ratings that these pro-
files share, which can often be a large number of ratings.
By selecting a subset of shared ratings we can significantly
improve the efficiency of this fundamental prediction step.

Rtﬂ' =t+

1)
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However, naive item selection strategies are likely to result
in significant reductions in recommendation accuracy and so
more intelligent strategies, based on an understanding of the
relative value of different items, are proposed.

2 Item Selection Strategies

Let us assume that for reasons of efficiency it is necessary to
select a subset of & shared items for consideration during ACF
prediction using Resnick’s algorithm. Which subset should
be chosen? One could select the & items at random. Alter-
natively one to look to identify those items that are likely to
contribute more information to the prediction task.

2.1 Inverse Popularity

One approach to selecting useful items during ACF predic-
tion is to look at how popular an item is among the rater
population. The motivation here lies in the belief that rela-
tively poorly distributed items among the population should
be better predictors of a users preferences [Rafter and Smyth,
2001b]; if a user has looked at an unusual item this should
tell us more about her preferences than an item that everyone
is familiar with. For example in a movie recommender, most
people will have seen movies like “The Lord of the Rings”
or “Fight Club”and therefore most profiles will contain these
movies, but all this really tells us is that these are popular
movies. However if a user profile contains more unusual
movies such as “Run Lola Run” or “Buffalo 66”, that most
other profiles don’t contain, then we can tell more about that
user’s individual taste for movies. Accordingly, our inverse
popularity strategy weights the items in a profile according to
the number of users in the population that have that item in
their profile and selects those & items, shared between rater
and target user, that have the highest inverse popularity score
(Equation 2).

InvPop(i) =1 — |rjel : T;z(() # {}| @

2.2 Deviation of Ratings

The deviation of ratings strategy is based on the principle that
the more users tend to disagree about an item the more infor-
mative that item is about any given user’s particular prefer-
ences. For example, in a movie recommender most users will
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give a movie like "The Shawshank Redemption” a high rat-
ing and so there is little to be gained by comparing users along
this dimension. However, by the same token, there may tend
to be a lot of disagreement about ”Vanilla Sky”, and knowing
whether a user likes or dislikes this movie is likely to tell us a
lot about this user.

One way to take account of the above idea is to weight
items according to the standard deviation of their ratings
across the user population. Items that have a high standard
deviation in their ratings (r;) (a lot of disagreement) get a
high weight, and items with a lot of agreement (low standard
deviation) get a low weight (Equation 3). Once again, using
this strategy, we can prioritise the selection of the k shared
items.

ZVrieR(Ti —-7)?

DevRating(i) = StdDev(i) = R—1

3)

3 Experimental Evaluation

An experimental evaluation has been carried out to evaluate
how our inverse popularity and deviation of ratings selection
strategies impact prediction quality. To do this we have im-
plemented a version of Resnick’s ACF algorithm and modi-
fied it to select different sized subsets of shared items as the
basis for prediction. Four different item selection strategies
are reported:

e All selects all shared items as per the standard Resnick
approach.

e Random selects a random subset of &£ shared items.

e Popularity selects a subset of k£ shared items according
to the inverse popularity metric.

o Deviation selects a subset of k£ shared items according to
the deviation of ratings metric.

In turn we evaluated the above methods using a subset of
the largest 2050 profiles (2000 as the user population, and 50
as the target users) from the EachMovie dataset, [McJones,
1997]. From each target user profile we selected 10 items at
random (500 in total) for which to predict scores measuring
the quality of the prediction as the average prediction error
by computing the difference between the predicted rating and
the actual rating in the standard way. In addition, we vary the
value of £ from 5 to 100 to investigate the impact of different
profile subset sizes.

The results are presented in Figure 1 as graphs of average
prediction error versus k for each of the 4 selection strategies
(All, Random, Popularity, Deviation). The results for All are
obviously a straight line as this strategy in unaffected by & by
design. The error for this strategy serves as an optimal bench-
mark against which to judge the other 3 techniques. In each
case we find that the Popularity and Deviation techniques sig-
nificantly outperform the naive Random selection approach.
For example, at & = 25 the Random method presents with a
prediction error of about 0.207 compared to errors of 0.185
and 0.186 for the Popularity and Deviation methods, and a
minimum error of 0.183 for the All benchmark. A similar
pattern is found for k£ < 50.
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Figure 1: Average prediction error v.s. k

It is interesting to note that for £ = 100 the prediction
accuracy of the various techniques is seen to converge, indi-
cating that there is little difference in the selection benefits
for item subsets of this size. However, the average overlap of
the population is 116.75 meaning that at the £ = 100 mark
almost all overlapping items are being considered by any of
the four strategies and therefore it is appropriate that the ac-
curacy converges. In point of fact it is appropriate that item
selection strategies work well at low values of & for two rea-
sons. First, it maximises the potential efficiency advantages.
Secondly, most profiles tend to have relatively small numbers
of ratings and so the shared ratings between two profiles is
likely to be small; in EachMovie more than 90% of profiles
have less than 100 ratings.

4 Conclusions and Future Work

We have described two item selection strategies for ACF (De-
viation and Popularity) that reduce the set of items used when
making predictions. We have discussed how these strategies
improve the efficiency of ACF and our evaluation has shown
that these improvements incur little compromise in the qual-
ity of prediction, when compared with the standard Resnick
algorithm. The results also show that our strategies outper-
form the naive Random strategy and therefore are selecting
a more intelligent subset of items. Efficiency in ACF is a
well documented problem and we believe that item selection
strategies such as those proposed in this paper are one of the
keys to solving efficiency problems. In the future we look to
investigating other similar item selection strategies (such as
combining the Popularity and Deviation methods), based on
a further understanding of the relative values of items.

The development of item selection strategies such as those
we have described forms part of a larger research goal con-
cerning the value of items in ACF. In any ACF prediction or
recommendation task we can imagine three distinct beneficia-
ries. The first and most obvious beneficiary is the target user,
the person for whom the prediction is being made. The sec-
ond is the party making the recommendation - for example,
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an online store whose desire it is to make recommendations
to the target user and encourage them to purchase something.
Finally the ACF system itself is also a potential beneficiary in
the sense that with each prediction or recommendation made
the system learns a new piece of information about the user.
In such a situation where three distinct parties can potentially
benefit from the outcome of the recommendation, there are
clear trade-offs. For example, the online store may prefer to
recommend expensive items over cheaper alternatives to cus-
tomers and even weight items for recommendation not only
according to their relevancy to the customer but also accord-
ing to their price. Conversely, the user is unlikely to opt for
such a recommendation strategy. The trade-off we are most
interested in investigating is that of optimising recommenda-
tions for short-term benefit against optimising them for long-
term benefit. The straightforward recommendation strategy is
to select the item with the highest relevancy for the target user
(i.e. the one she is most likely to like) for recommendation.
This optimises recommendations on a short-term basis - the
best option is selected for the current recommendation. How-
ever, if we were to weight recommendations not only based
on the probability of the user liking them, but also based on
the amount of knowledge the system is likely to gain with
each recommendation we could potentially make better rec-
ommendations in the future.

Our research so far has shown that different items have dif-
ferent levels of knowledge gain. Relatively unpopular items,
or those that tend to have a high deviation of ratings tell us
more about the user and her preferences than an item that ev-
eryone has seen and liked. In the future we plan to look at
the potential benefit of weighting items not only according to
their relevance to the user, but also according to their associ-
ated knowledge gain, and investigating how such a strategy
affects the quality of future predictions.
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Abstract

The aim of this paper is to provide a sound frame-
work for addressing a difficult problem: the auto-
matic construction of an autonomous agent’s mod-
ular architecture. We briefly present two appar-
ently uncorrelated frameworks: Autonomous plan-
ning through Markov Decision Processes and Ker-
nel Clustering. Our fundamental idea is that the
former addresses autonomy whereas the latter al-
lows to tackle self-organizing issues. Relying
on both frameworks, we show that modular self-
organization can be formalized as a clustering prob-
lem in the space of MDPs. We derive a modular
self-organizing algorithm in which an autonomous
agent learns to efficiently spread n planning prob-
lems over m initially blank modules with m < n.

Introduction

This paper addresses the problem of building a long-living
autonomous agent; by long-living, we mean that this agent
has a large number of relatively complex and varying tasks
to perform. Biology suggests some ideas about the way an-
imals deal with a variety of tasks: brains are made of spe-
cialized and complementary areas/modules; skills are spread
over modules. On the one hand, distributing functions and
representations has immediate advantages: parallel process-
ing implies reaction speed-up; a relative independence be-
tween modules gives more robustness. Both properties might
clearly increase the agent’s efficiency. On the other hand, the
fact of distributing a system raises a fundamental issue: how
does the organization process of the modules happen during
the life-time ?

There has been much research about the design of modu-
lar intelligent architectures (e.g. [Theocharous et al., 2000]
[Hauskrecht ef al., 1998] [Kaelbling, 1993]). It is neverthe-
less very often the (human) designer who decides the way
modules are connected to each other and how they behave
with respect to the others. Few works study the construc-
tion of these modules. To our knowledge, there are no ef-
fective works about modular self-organisation except for re-
active tasks (stimulus-response associations) (e.g. [Jacobs et
al., 1991] [Digney, 1996]).
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This paper proposes an algorithm by which the organiza-
tion of an agent in functional modules is automatically com-
puted. The most significant aspect of our work is that the
number m of modules is fewer than the number n of tasks to
be performed. Therefore, the approach we propose involves
a high-level clustering process, in which the n tasks need to
be “properly” spread over the m modules.

Section 1 introduces what we consider as the theoretical
foundation for modelling a mono-task autonomous agent:
Markov Decision Processes. Section 2 presents the Kernel
Clustering approach: we consider this approach as a theoret-
ical basis for addressing self-organization. Finally, Section 3
combines both domains in order to propose a modular self-
organizing algorithm.

1 Modelling A Mono-Task Autonomous Agent

Markov Decision processes [Puterman, 1994] provide the
theoretical foundations of challenging problems such as plan-
ning under uncertainty and reinforcement learning [Sutton
and Barto, 1998]. They stand for a fundamental model for se-
quential decision making and they have been applied to many
real worls problems [Sutton, 1997]. This section describes
this formalism and presents a general scheme for approach-
ing difficult problems (that is problems in large domains).

A Markov Decision Process (MDP) is a controlled stochas-
tic process satisfying the Markov property with rewards (nu-
merical values) assigned to state-control pairs. Formally, an
MDP is a four-tuple (S, A, T, R) where S is the state space,
A s the action space, T is the transition function and R is the
reward function. T is the state-transition probability distribu-
tion conditioned by the control :

T(s,a,8') < Pr(sip1 = 8')si = 8,0, = a) ey

R(s,a) € R is the instantaneous reward for taking action
a € Ain state S.

The usual MDP problem consists in finding an optimal pol-
icy, that is a mapping 7 : S — A from states to actions, that
maximises the following performance criterion, also called
value function of policy 7:

VT(s) =E Z'yt.R(st,ﬂ'(st)ﬂsO =5 2)

t=0
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It is shown that there exists a unique optimal value function
V*; once V'* is computed, an optimal policy can immediately
be derived (e.g. see [Puterman, 1994]).

In brief, solving an MDP problem amounts to computing
the optimal value function. Well-known algorithms for doing
so are Value Iteration and Policy Iteration (see [Puterman,
1994]). Their temporal complexity dramatically grows with
the number of states [Littman et al., 1995], so they can only
be applied in small domains.

In large domains, it is impossible to solve an MDP ex-
actly, so one usually adresses a complexity/quality compro-
mis through an approximation scheme. Ideally, an approxi-
mation scheme for MDPs should consist of a set of tractable
algorithms for

e computing an approximate optimal value function
e cvaluating (an upper bound of) the approximation error

e improving the quality of approximation (by reducing the
approximation error) while constraining the complexity.

The first two points are the fundamental theoretical bases for
sound approximation. The third one is often interpreted as
a learning process and corresponds to what most Machine
Learning researchers study. For convenience, we respectively
call these three procedures Approximate(), Error() and
Learn(). Then, the practical use of an approximate scheme
can be sketched by algorithm 1. One successively applies the

Algorithm 1 A general approximation scheme for a large

state MDP

Input: alarge state space MDP M and an initial approxima-
tion M. .

Output: a good approximate value function V'*.

while Error(/\//l\, M) goes on diminishing do
M « Learn(M, M)

end while e

V* « Approzimate(M)

Learn() procedure in order to minimize the approximation
error; when this is done, one can compute a good approxi-
mate optimal value function.

2 Kernel Clustering

Before addressing the problem of modular self-organization,
we need to present the Kernel Clustering paradigm. In [Di-
day, 1973], the author introduces the Kernel Clustering ap-
proach as an abstract generalization of vector quantization.
Indeed, the author argues that, in general, a clustering prob-
lem is based on three elements:

e (x;);cr: aset of data points taken from a data space X

e {L,..,L,,}: aset of kernels taken from a kernel space
L

e d: X xL — RT: A distance measure between any data
point and any kernel. The smaller the distance d(zx, L),
the more L is representative of the point z.
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Given a set of kernels {Ly, .., L, }, a data point z is naturally
associated to its most representative kernel L(x), i.e. the one
that is the closest according to distance d:

L(z) = argmingcqp, g, d(z, L) 3)

Conversely, a set of kernels {L, .., L, } naturally induces a
partition of the data set (z;);cs into m classes {C1, .., Cp, },
each class corresponding to a kernel:

Vied,..,m),C; = {(xi)icr; L(z;) = L;} “4)

Given a data space, a data set, a kernel space and a distance
d(), the goal of the Kernel Clustering problem is to find the
set of kernels {L7,.., L } that minimizes the distortion D
for the data set (;);c 1, which is defined as follows:

D= d, L)) =Y > dxL;) O

i€l j=1lzeC};

A general procedure for suboptimally solving this problem
is known as the Dynamic Cluster algorithm [Diday, 1973],
which we present in an online version in algorithm 2. It is

Algorithm 2 The on-line dynamic cluster algorithm

Input: A data set (z;);er
Output: A set of kernels {L1,..,L,,} that optimizes the
clustering (i.e. that minimizes the distortion)
Initialization:
Let {Ly,.., Ly, } be any set of kernels
Iterations:
while the distortion goes on diminishing do
Randomly pick a data point  from the data set
Find the kernel the most representative kernel of z:

L+ L(z)= argminL,e{Lh“’Lm}d(a:,L')

Update L so that d(z, L) diminishes
end while

a very intuitive process: for each piece of data x, one finds
its most representative kernel L, and one updates L so that
it gets even more representative of . Little by little, one
might expect that such a procedure will minimize the global
distortion and eventually give a good clustering.

3 Modular Self-Organization

This final section shows how the Kernel Clustering paradigm
can be used to formalize a modular self-organization prob-
lem in the MDP framework, the algorithmic solution of which
will be given by the on-line Dynamic Cluster procedure (al-
gorithm 2).

If one carefully compares the general learning scheme we
have described in order to address a large state space MDP
(algorithm 1) and the on-line Dynamic Cluster procedure (al-
gorithm 2), one can see that the former is a specific case of
the latter. More precisely, algorithm 1 solves a simple Kernel
Clustering problem where

o the data space is the space of all possible MDPs and the
data set is a unique task corresponding to an MDP M
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o the kernel space is the space of all possible approxima-
tions and there is one and only one kernel: M

e the distance d is the Error() function.

It is then straightforward to extend this simple clustering
problem to a more general one (with n tasks/data points and
m approximate models/kernels). Given a set of m approxi-

mate models {M\l, . M\m} an MDP M is naturally associ-

ated to the approximate model M (M) that makes the small-
est error:

M(M) = argmin Error(M',M)  (6)

M\’E{M\lnwﬂ/t\m}
As before, a set of approximate models { M, .., M, } nat-
urally induces a partition of any set of n MDPs (M;)1<i<n
into m classes {C1, .., Cy, }, each class corresponding to an
approximate model:

vje(l,.,m),C; = {(Mi)lgign;ﬂ(/\/li) = /\//\l]} (N

The transpositon of the on-line Dynamic Cluster Algorithm
into the MDP framework (algorithm 3) therefore allows to
find a set of m approximate models that globally minimize
the approximation error for n MDPs:

ZError(/\//T(/\/li),Mi) = Z Z Error(M\(M),M)
i=1 j=1 MeC;
(3)

In other words, it optimizes the tuning of m modules in

Algorithm 3 Modular Self-Organization
Input: A set of MDPs (M;);er

Output: A set of approximate models (M, .., M,,) that
globally minimizes the approximation error
Initialization:

Let (M, .., M) be any set of approximate models
Iterations:
while the global approximation error goes on diminishing
do

Randomly pick a task M from the set of MDPs

Find the best module for solving M:

.y . —~
M argmmja,e{/al’“’ﬁm}Error(M , M)
M « Learn(M, M)

end while

order to efficiently solve n tasks, or, as we might say, it self-
organizes the m modules in order to improve the resolution
of the n tasks.

Conclusion

In this paper, we have described a general scheme for ad-
dressing large state space Markov Decision Processes. We
have then showed how such an approach could be extended
to an interesting problem: modular self-organization. Indeed,
we have formalized modular self-organization as a clustering
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problem in the space of MDPs. A natural algorithmic solu-
tion to this clustering problem (algorithm 3) uses an on-line
version of the Dynamic Cluster algorithm (algorithm 2). Due
to lack of space, we could not show any experimental evalu-
ation; interested readers will find some in [Scherrer, 2003b]
and [Scherrer, 2003al.
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Abstract

Ensemble learning schemes such as AdaBoost and
Bagging enhance the performance of a single clas-
sifier by combining predictions from multiple clas-
sifiers of the same type. The predictions from an
ensemble of diverse classifiers can be combined
in related ways, e.g. by voting or simply by se-
lecting the best classifier via cross-validation — a
technique widely used in machine learning. How-
ever, since no ensemble scheme is always the best
choice, a deeper insight into the structure of mean-
ingful approaches to combine predictions is needed
to achieve further progress. In this paper we offer
an operational reformulation of common ensemble
learning schemes — Voting, Selection by Crossvali-
dation (X-Val), Grading and Bagging — as a Stacking
scheme with appropriate parameter settings. Thus,
from a theoretical point of view all these schemes
can be reduced to Stacking with an appropriate
combination method. This result is an important
step towards a general theoretical framework for
the field of ensemble learning.

1 Introduction

We apologize that space restrictions are forcing us to be terse.
For a more detailed version, see [Seewald, 2003]. We will
first explain how Stacking works in order to lay the founda-
tions for our functional definitions of meta classifiers later on.
Fig. 1 shows Stacking on a hypothetical dataset.

During training, all base classifiers are evaluated via cross-
validation on the original dataset. Each classifier’s output is a
class probability distribution for every example, see Fig. 1(b)
The concatenated class probability distributions of all base
classifiers, followed by the class value, forms the meta-level
training set for Stacking’s meta classifier, see Fig. 1(c) After
training the meta classifier, the base classifiers are retrained
on the complete training data.

For testing, the base classifiers are queried for their class
probability distributions. These form a meta-example for the
meta classifier which outputs the final class prediction.

2 Definitions

An arbitrary training dataset with n examples and & classes,
and a single test instance, is given. N arbitrary base classifiers
have been cross-validated on this dataset, and afterwards re-
trained on the whole dataset. All base classifiers output class
probability distributions, i.e. estimated probabilities for each
class instead of deciding on a single class.

Then, p,;,. refers to the probability given by classifier ¢ for
class j on example number & during CV. P, is the class prob-
ability distribution of classifier ¢ on instance k. P, refers to
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Attrs Cl. a b c
AttrVecey a 0.90 0.05 0.05
AttrVeco b 0.15 0.70 0.15
AttrVecsg c 0.20 0.20 0.60
AttrVecn a 0.80 0.10 0.10

(a) original training set (b) sample class prob.dist.

Classifiery Classifierpn
a b c a b c Cl.
P1,a1 Py b1 P11 PN a1 PN, b1 PN c1 a
P1,a2 Py pa P1,c2 PN a2 PN b2 PN, c2 b
P1.a3 Py b3 Py c3 PN a3 Pn b3 PN,c3 c
Pi,an Pl,bn Pi,cn PN .an PN.bn PN.cn a

(c) training set for Stacking’s meta classifier

Figure 1: Illustration of Stacking on a dataset with three classes
(a, b and c), n examples and NV base classifiers. P; ;i refers to the
probability given by classifier s for class j on example number %.

the class prob.dist. for classifier ¢+ on the unknown test in-
stance. A fixed arbitrary order on the class values and N base
classifiers is assumed. Classy, is the true class for instance k.
AttrVecy, is the attribute vector of instance k. n is the num-
ber of instances. All indices are zero-based, e.g. the instance
id k satisfies the equation0 < k <n —1.

s ={ g foZl @
arg max (A;) =min{i | 4; = max (AN} 2)

As we mentioned, we assume that all ensemble learning
schemes return class probability distributions. If predictions
are needed, the position of the maximum class probability in
the vector — i.e. the predicted class — is easily obtained via
formula (2) Trivially, Stacking with predictions can also be
simulated by this variant; simply by transforming the class
distributions meta-dataset to predictions via (2) prior to ap-
plying the meta classifier.

We can now characterize every ensemble learning scheme
by what features it extracts from the meta-dataset during
training and how these features define the mapping from
meta-dataset to final class probability distribution.

2.1 Voting

Voting, a straight-forward extension of voting for distribution
classifiers, is the simplest case. During training, no features
are extracted from the meta-dataset. In fact Voting does not
even need the internal crossvalidation. During testing, Voting
determines the final class probability distribution as follows.

pred = Z = )
o N

1443



Thus, it can be easily seen that the meta-classifier defined by
just computing the mean probability distribution of the base
classifiers — as above — simulates Voting with probability dis-
tributions. Voting with predictions can be mapped similarily.
In this case, we use P’; instead of P; in formula (3) 7’; is the
vector of p;; for all j, where

r _ J 1 ifj=argmax; (F;
P = { 0 otherwise ’

22 X-va

For X-Val, which chooses the best base classifier on each fold
by an internal ten-fold CV, we first determine the accuracy
per classifier, which can be computed directly from the meta-
level dataset, see (6) Then, we derive as feature the id of the
classifier with the maximum accuracy. Thus, the value of
bestC' corresponds to our learned model.

;), for given ¢ 4)

bestC = arg max (Acc;) (5)
Acc; = 26 argmax( P;;1), Classy) (6)

During testing, X-Vallg 5|1mply returns bestC'"s prediction.
pred = Ppegic @)

2.3 Grading

For Grading [Seewald and Fiirnkranz, 2001], the case is dif-
ficult. While we cannot simulate the original Grading, we
will simulate a competitive variant equivalent to accuracy-
weighted voting. More details see [Seewald, 2003].

During training, the accuracies of base classifiers are ex-
tracted using formula (6) The accuracies of all our base clas-
sifiers correspond to our learned model. During testing,
we build the combined class probability distribution similar
to Voting using predictions but with an additional weight —
namely the accuracy we extracted earlier.

pred = 3" [ee o] ®)
CCi T
E 1 Ace; i1 N
where 77; is again the vector of p, forall j.

2.4 Bagging

Bagging [Breiman, 1996] is another common ensemble tech-
nique. Here, the same type of classifier is repeatedly trained
on new datasets, which have been generated from the orig-
inal dataset via random sampling with replacement. After-
wards, the component classifiers are combined via simple un-
weighted voting.

Thus, we use same meta-classifier as for Voting with pre-
dictions. The number of base classifiers is equal to the iter-
ation parameter of bagging — each base classifier for Stack-
ing corresponds to one instantiation of the base learner for
bagging. In order to simulate the random sampling from the
training set, the base learner’s training sets have to be modi-
fied before training, via formula (9)

nTS={[AttrVeci;,Classi;]|i;=rand(0,n—1),for ¥V 0<j<n—1} (9)

During training, Formula (9) is used to create — for each base
classifier separately — a training set of the same size as the
original training set via random sampling from the original
training set, exactly as in Bagging. These training sets are
then used to train the base classifiers. This approach can also
be seen as a probabilistic wrapper around each base classifier.
No features are extracted from the meta-level dataset during
training, as for Voting.

During testing, each base classifier gives a prediction.
These predictions are then voted to yield the final prediction,
exactly as for Voting with predictions, i.e. (3) modified via
(4) — for more details refer to subsection 2.1. Concluding, we
have shown the equivalence of Bagging and Stacking.
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3 Discussion & Conclusion

By definition StackingC [Seewald, 2002], can also be mapped
onto Stacking via a special meta classifier. In fact, the avail-
able implementation is a specialized subclass of a common
meta classifier, MLR. Another recent variant, sMM5 [Dzeroski
and Zenko, 2002] is also implemented via a special meta
classifier and thus amenable to the same kind of mapping.
However, AdaBoost [Freund and Schapire, 1996] cannot be
simulated by Stacking because of its sequential nature.

While the given formal definitions of meta classifiers are
mainly intended to enable further theoretical work, a direct
implementation is also feasible. The cost penalty for the sim-
ulation is small, since training the meta classifiers usually
contributes little to the total runtime.

Concluding, we have shown that Stacking is equivalent to
common ensemble learning schemes, namely Selection by
Crossvalidation (X-Val), Voting of either class probability dis-
tributions or predictions, a competitive variant of Grading,
and Bagging. Recent variants such as StackingC [Seewald,
2002] and sMM5 [Dzeroski and Zenko, 2002] are also equiv-
alent. Thus we conclude that our approach offers a unique
viewpoint on Stacking which is an important step towards a
theoretical framework for ensemble learning.
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Abstract

We present a new algorithm, GM-Sarsa(0), for find-
ing approximate solutions to multiple-goal rein-
forcement learning problems that are modeled as
composite Markov decision processes. According
to our formulation different sub-goals are modeled
as MDPs that are coupled by the requirement that
they share actions. Existing reinforcement learning
algorithms address similar problem formulations
by first finding optimal policies for the component
MDPs, and then merging these into a policy for the
composite task. The problem with such methods is
that policies that are optimized separately may or
may not perform well when they are merged into a
composite solution. Instead of searching for opti-
mal policies for the component MDPs in isolation,
our approach finds good policies in the context of
the composite task.

keywords: reinforcement learning

1 Introduction

Traditional reinforcement learning algorithms can success-
fully solve small, single-goal tasks. The main challenge in
the area of reinforcement learning is scaling up to larger and
more complex problems. The scaling problem takes a num-
ber of forms. We may have a problem that has a very large
state space, a problem that is best described as a set of hi-
erarchically organized goals and subgoals, or a problem that
requires the learning agent to address several tasks at once. It
is the last form of scaling that this paper is concerned with.

The naive approach to learning to solve composite tasks is
to create a state space that includes all of the information that
is relevant to each sub-task. The agent would then learn in
this joint space, receiving reward when any of the sub-goals
are accomplished. The problem with this approach is that it
suffers from the curse of dimensionality; as additional state
dimensions are added for each new sub-task, the size of the
joint state space grows exponentially.

A more promising approach to this sort of multiple-goal
problem is to use the well known Q-learning algorithm to
train one learning module to handle each of the sub-goals.
The internal Q-values of the different learning modules can
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then be used to fairly distribute control among the mod-
ules. This approach has been independently explored in
[Humphrys, 1996] and [Karlsson, 1997]. It is attractive in
its simplicity, and it has shown good empirical performance
in a number of domains.

In this paper we will highlight a previously unrecognized
problem with existing modular Q-learning algorithms. Exist-
ing algorithms learn component policies that may be highly
sub-optimal in the context of the composite task, because they
do not take into account the fact that the component mod-
ules are forced to share control. We will show how to fix
this problem by replacing the Q-learning with the closely re-
lated Sarsa(0) learning rule. The resulting algorithm shows
improved performance on a large sample problem.

2 Theproblem formalized

The underlying formalism for many reinforcement learning
algorithms is the Markov decision process. An MDP, denoted
M is described by a 4-tuple (S, A, T, R), where S is the state
space, A is the action space, and T'(s,a, s’) is the transition
function that indicates the probability of arriving in state s’
when action « is taken in state s. The reward function R(s, a)
denotes the expected one-step payoff for taking action a in
state s. The goal of reinforcement learning algorithms is to
discover an optimal policy 7*(s) that maps states to actions
so as to maximize discounted long term reward.

Here we consider the problem of discovering a joint pol-
icy for a set of N MDP’s {M;}&. Throughout we will use
subscripts to distinguish the MDPs. These MDP’s each have
a distinct state space, but they share a common action space,
and are required to execute the same action on each time step.
This model is intended to map to the case of a single agent
that is simultaneously faced with a set of different goals.

The N component MDPs implicitly define a larger com-
posite MDP. Formally, the goal is to find the optimal policy
for this composite MDP. The optimal composite policy is de-
fined as the policy that maximizes summed discounted reward
across the component MDPs.

The state space of the composite MDP is the cross prod-
uct of the state spaces of the component MDPs: S = S x
So X ... x Sn. The composite reward function is defined as:
R(s,a) = vazl R;(si,a). Inthe case where the component
MDPs are independent, the composite transition function can
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be written as: T'(s,a,s’) = [, Ti(si, a,s,). In the case
where the component MDPs are not independent, the exact
composite transition function will depend on on the particu-
lar dependencies between the models.

In theory, there is no reason that the composite MDP could
not be solved directly using the traditional Q-learning algo-
rithm. However, this is generally not practical because the
size of the composite state space may grow exponentially
with the number of component MDPs.

3 Modular Q-Learning

Humphrys and Karlsson [Humphrys, 1996; Karlsson, 1997]
independently developed similar approaches to the problem
of multiple-goal reinforcement learning. The idea is that a
separate learning module is created for each component MDP.
The agent takes actions in the environment, and each module
1 is trained with the standard Q-learning update rule:

Qi(si,a) — (1—a)Qi(ss, a)+a(ri+vy max Qi(s,a")) (1)

Where r; is the immediate reward, « is the learning rate
parameter, and ~ is a discount factor applied to future re-
wards. In single goal reinforcement learning problems, these
Q-values are used only to rank order the actions in a given
state. The key observation here is that the Q-values can also
be used in multiple-goal problems to indicate the degree of
preference that modules have for different actions. There are
several possible ways these values can be used to select a
compromise action to execute. The different approaches will
be referred to as action selection mechanisms.

Karlsson’s suggestion, which he calls “greatest mass”, is to
generate an overall Q-value as a simple sum of the Q-values
of the individual modules: Q(s,a) = i, Qi(s;,a). The
action with the maximum summed value is then chosen to
execute. We will refer to this approach as GM-Q for greatest
mass Q-learning.

Humphrys considers the greatest mass approach, but raises
the objection that the action with the highest sum may not
be particularly good for any of the modules, with the result
that no module is able to reach its goal. He explores several
winner-take-all alternatives that constrain the chosen action
to be optimal for at least one module. For a given state s
each of the V modules promotes its own action with a value
Wi(s;). The module with the largest W value is then allowed
to execute its preferred action.

The simplest method for generating the 177-values, which
we will refer to as Top-Q, is to set W;(s;) = max, Q;(s;, a),
thus giving control to the module with the highest Q-value
in the current state. This method suffers from the draw-
back that the module with the highest Q-value may have no
preference over what action is chosen, while another module
stands to lose a great deal if its action is not selected. The
method sometimes exhibits reasonable performance, but this
is strongly dependent on the structure of the reward functions.

A better alternative, referred to as negotiated W-learning,
is to grant control to the module that stands to lose the most
long term reward if it is not selected. This module can be
discovered by examining the Q-values for the current state.
Refer to [Humphrys, 1996] for a detailed description of the
algorithm.
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Figure 1: Results of one training run for GM-Sarsa(0) and
three Q-learning based algorithms on a food gathering task.
Training is divided into trials lasting 100 time steps. Data
points are generated by suspending training every 10000 tri-
als and computing the mean performance for 1000 trials with-
out exploration. Each algorithm uses an e-greedy exploration
policy with e linearly reduced from .4 to 0 during the first half
of trials. All algorithms use a fixed learning rate of .05, and a
discount factor of .9.

3.1 Theproblem with modular Q-learning

Q-learning has some attractive qualities as a basis for
multiple-goal reinforcement learning. Chief of these is the
fact that it is an off-policy learning method. This means that
Q-learning for a single MDP is guaranteed to converge to the
optimal solution regardless of what policy is followed during
training, as long as each state-action pair is visited infinitely
often in the limit. This fact makes it easy to prove conver-
gence results for the composite reinforcement learning algo-
rithms introduced above. In particular, it is easy to see that
each module is guaranteed to converge to the optimal policy
and value function for its own MDP. Since the action selec-
tion mechanisms generate a policy deterministically from the
component value functions, the composite policy is also guar-
anteed to converge, although there is no guarantee concerning
the quality of the composite solution.

Unfortunately, the off-policy character of Q-learning is
also a serious limitation. The difficulty is that the one-step
value updates for each module are computed under the as-
sumption that all future actions will be chosen optimally for
that MDP. This assumption is not valid under the action selec-
tion mechanisms described above; future actions will repre-
sent some compromise policy in which the different modules
share control. This means that the computed Q-values do not
converge to the actual expected return under the composite
policy. Instead, the max in equation (1) results in Q-values
with a positive bias.

4 Modular Sarsa(0)

A possible solution is to the problem of positive bias is to
replace Q-learning with an on-policy learning algorithm. In
particular we will explore the use of Sarsa(0) [Rummery and
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Niranjan, 1994; Singh and Sutton, 1996; Sutton, 1996]. The
update rule for Sarsa(0) is:

Qi(si,a) — (1 —a)Qi(si,a) + alr; +vQi(s},a")) (2)

This update rule is virtually identical to that for Q-learning
except that the max over Q-values on the right has been re-
placed with the Q-value of the state action pair that is actu-
ally observed on the next step. For the case of single MDPs
Sarsa(0) has been proved to converge to the optimal policy
as long as the exploration rate is asymptotically decayed to-
Ward]zero according to an appropriate schedule [Singh et al.,
2000].

The key observation for our purposes is that, since Sarsa(0)
is an on-policy method, it does not suffer from the problem
of positive bias. Since updates are based on the actions that
are actually taken, rather than on the best possible action, we
expect Sarsa(0) based modules to discover Q-values that are
closer to the true expected return under the composite policy.

Any of the action selection mechanisms from Section 3
could be recast to use Sarsa(0) rather than Q-learning to train
the modules. However, we focus on the method of greatest
mass. We refer to the resulting algorithm as GM-Sarsa(0).
Recall that the goal is to maximize the summed reward across
all of the component MDPs. Assuming that we have trust-
worthy utility estimates from each of the modules, it makes
sense to choose the action that has the highest summed util-
ity across all of the modules. By definition, this is the action
that will lead to the greatest summed long term reward. This
reasoning did not hold under Q-learning, because the utility
estimates were inaccurate under the composite policy.

Thus far we have no convergence proof for the GM-
Sarsa(0) algorithm. Refer to the associated technical report
[Sprague and Ballard, 2003] for a discussion of the possible
convergence characteristics.

5 Examples

Figure 1 demonstrates the performance of GM-Sarsa(0) on a
sample composite task (the task is adapted from [Singh and
Cohn, 1998]). The goal of the agent in this task is to gather
stationary food items while avoiding a predator ina 5 x 5 grid.
There are three food items present at all times.

The agent moves in any of the eight possible directions at
each time step. A random move is made with a probability
of .1. If the agent contacts any of the food items it receives a
reward of 1.0, and the item is randomly moved to a new posi-
tion. The agent receives a reward of .5 for every time step that
it avoids the predator. The predator moves deterministically
one position toward the agent on every other time step.

The positions of the food items as well as the positions
of the agent and predator result in 25° ~ 10 million distinct
states. This is too large for a monolithic tabular learning al-
gorithm to be practical. The task is a good candidate for a
modular reinforcement learning algorithm because it can be
decomposed into several small MDPs. One MDP describes
the agent’s interaction with the predator, and three MDPs
describe the interaction with the food items. Each of these
component MDPs has 252 = 625 states. Figure 1 shows the
performance of GM-Sarsa(0) as well as the three Q-learning
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based algorithms from Section 3 on this task. Of the four
algorithms, GM-Sarsa(0) exhibits the best performance.

6 Conclusion

We have presented a method for learning approximately opti-
mal policies for a certain class of composite Markov decision
processes. Empirical results demonstrate that our approach
performs better than a number of existing algorithms. Future
work will focus on proving convergence results for our algo-
rithm. A longer version of this paper, including a discussion
of related work is available as [Sprague and Ballard, 2003].
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Abstract

We present a description of three different algo-
rithms that use background knowledge to improve
text classifiers. One uses the background knowl-
edge as an index into the set of training exam-
ples. The second method uses background knowl-
edge to reexpress the training examples. The last
method treats pieces of background knowledge as
unlabeled examples, and actually classifies them.
The choice of background knowledge affects each
method’s performance and we discuss which type
of background knowledge is most useful for each
specific method.

1 Using Background Knowledge

Supervised learning algorithms rely on a corpus of labeled
training examples to produce accurate automatic text clas-
sifiers. An insufficient number of training examples often
results in learned models that are suboptimal when classi-
fying previously unseen examples. Numerous different ap-
proaches have been taken to compensate for the lack of train-
ing examples. These include the use of unlabeled exam-
ples [Bennet and Demiriz, 1998; Blum and Mitchell, 1998;
Nigam et al., 2000; Goldman and Zhou, 20001, the use of test
examples [Joachims, 1999], and choosing a small set of spe-
cific unlabeled examples to be manually classified [Lewis and
Gale, 1994].

Our approach does not assume the availability of either un-
labeled examples or test examples. As a result of the explo-
sion of the amount of data that is available, it is often the
case that text, databases and other sources of knowledge that
are related to the text classification task are readily available
from the World Wide Web. We incorporate such “background
knowledge” into different learners to improve classification
of unknown instances. The use of external readily available
textual resources allows learning systems to model the do-
main in a way that would be impossible by simply using a
small set of training instances. For example, if a text classi-
fication task is to determine the sub-discipline of physics that
a paper title should belong to, background knowledge such
as abstracts, physics newsgroups, and perhaps even book re-
views of physics books can be used by learners to create more
accurate classifiers.
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We present three methods of incorporating background
knowledge into the text classification task. Each of these
methods uses the corpus of background knowledge in a dif-
ferent way, yet empirically, on a wide variety of text clas-
sification tasks we can show that accuracy on test sets can
be improved when incorporating background knowledge into
these systems. We ran all three methods incorporating back-
ground knowledge on a range of problems from nine differ-
ent text classification tasks. Details on the data sets can be
found at (www.cs.csi.cuny.edu/~ zelikovi/datasets; each var-
ied on the size of each example, the size of each piece of
background knowledge, the number of examples and number
of items of background knowledge, and the relationship of
the background knowledge to the classification task.

2 Methods

In our first approach we use Naive Bayes and EM as in
[Nigam et al., 2000]. We can substitute more general back-
ground knowledge for unlabeled examples, and obtain im-
provements in accuracy on text classifiers that are created us-
ing both the training set and the set of background knowledge.
Naive Bayes classifiers make the assumption that examples
(both labeled and unlabeled) have been generated by a mix-
ture model that has a one-to-one correspondence with classes.
Even if this assumption is true for the labeled data and the test
data, by its very nature, background knowledge should not fit
this assumption at all. However, the interesting observation
that we make is that to gain leverage out of unlabeled exam-
ples, the unlabeled data that we have need not be specifically
and accurately unlabeled examples. As long as the vocabu-
lary and classification structure closely resembles the train-
ing/test data, background knowledge can improve classifica-
tion accuracy in textual data using the EM algorithm.

A second approach that we take is based upon a near-
est neighbor text classifier using WHIRL [Cohen, 1998;
Cohen and Hirsh, 1998]. Instead of simply comparing a test
example to the corpus of training examples, we use the items
of background knowledge as “bridges” to connect each new
example with labeled training examples. A labeled training
example is useful in classifying an unknown test instance if
there exists some set of unlabeled background knowledge that
is similar to both the test example and the training example.
We call this a “second-order” approach to classification [Ze-
likovitz and Hirsh, 2000; 20021, in that data are no longer di-
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rectly compared but rather, are compared one step removed,
through an intermediary.

Finally we use the background knowledge to redescribe
both the training and the test examples. To do this, we
add the background knowledge documents to the training
set, to create a large, sparse term-by-document (t X d) ma-
trix. We then use Latent Semantic Indexing (LSI) [Deer-
wester et al., 1990] to automatically redescribe textual data
in a new smaller semantic space using singular value de-
composition. The original space is decomposed into lin-
early independent dimensions or “factors”, and the terms and
documents of the training and test examples are then repre-
sented in this new vector space [Zelikovitz and Hirsh, 2001;
2002]. Documents with high similarity no longer simply
share words with each other, but instead are located near each
other in the new semantic space. Since this semantic space
was created by incorporating the background knowledge, the
model of the domain that it creates reflects both the training
set and the background knowledge.

3 Comparison of Approaches

Different types of background knowledge are most useful for
each of these three systems. The system based upon WHIRL
performs best on the problems where the form and size of
the background knowledge is substantially different than the
training and test data. For example, we classify names of
companies by area using Yahoo! pages as background knowl-
edge. These background pieces of data are not really classi-
fiable, in the sense that they do not necessarily belong to any
specific class. Since this WHIRL-based method does not at-
tempt to classify the background knowledge, but merely uses
it to index into the training corpus, it makes the best use of
this background knowledge.

For the data sets where the background knowledge fits very
closely to the training and test classification task, EM outper-
forms the other systems. For example, EM performed best
when classifying physics papers by subdiscipline using ab-
stracts as background knowledge. This is consistent with the
way EM makes use of background knowledge. Since EM
actually classifies the background knowledge, and uses the
background knowledge to decide on the parameters of its gen-
erative model, the closer the background knowledge is to the
training and test sets, the better EM will perform. Ideally,
for EM, we wish the background knowledge to be generated
from the same model as the training and test sets.

Reexpressing the data and background with LSI seems to
be most effective when there is very limited training data. On
the smallest data sets, it outperforms all the other methods
in many domains. When very few training examples exist,
this method can still build a space that correctly models the
domain by using the available background knowledge.

We are currently looking at methods to evaluate sets of
background knowledge to determine the amount of back-
ground knowledge as well as the measure of relevance that
it must have to the training set to be useful for each of these
learners.
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Abstract

Distance-based methods in pattern recognition and
machine learning have to rely on a similarity or
dissimilarity measure between patterns in the in-
put space. For many applications, Euclidean dis-
tance in the input space is not a good choice and
hence more complicated distance metrics have to
be used. In this paper, we propose a parametric
method for metric learning based on class label in-
formation. We first define a dissimilarity measure
that can be proved to be metric. It has the favorable
property that between-class dissimilarity is always
larger than within-class dissimilarity. We then per-
form parametric learning to find a regression map-
ping from the input space to a feature space, such
that the dissimilarity between patterns in the in-
put space is approximated by the Euclidean dis-
tance between points in the feature space. Para-
metric learning is performed using the iterative ma-
jorization algorithm. Experimental results on real-
world benchmark data sets show that this approach
is promising.

Introduction

of our method are summarized as follows. Using class la-
bel information, we define a similarity measure (and hence
also the corresponding dissimilarity measure) between pat-
terns in the input space. The dissimilarity measure implicitly
induces a metric space for embedding the original patterns.
To explicitly represent the mapping from the input space to
the feature space, we then approximate the mapping by a re-
gression model to embed the original patterns in an Euclidean
space. The regression parameters are estimated from data
with the objective that the dissimilarity between patterns in
the input space is approximated by the Euclidean distance be-
tween points in the feature space. Once the regression model
has been found, any new pattern can be mapped to its corre-
sponding location in the feature space. Distance-based meth-
ods, such ag-means clustering, nearest neighbor classifiers
and support vector machines, can then be applied in the fea-
ture space for clustering or classification applications.

The rest of this paper is organized as follows. A modified
metric incorporating class label information is proposed in
Section 2. Section 3 outlines our regression model for metric
learning and the corresponding optimization method. Exper-
imental results are presented in Section 4, and the last section
gives some concluding remarks.

2 Modified Metric with Label Information

The notion of Slmllarlty or dlSSImllarlty playS a fundamental Denote the input space @q and the set of alC” possib|e
role in pattern recognition and machine learning. A promis-cjass (target) labels by. A training setD C R? x 7 has
ing direction to pursue is to learn good (dis)similarity mea-y, patterns{(x;,¢1),. .., (xn,tn)}, wheret; = r if patterni

sures from data. Recently, learning distance metrics fronpelongs to class. Here, each pattern is assumed to belong to
data has aroused a great deal of interest from machine |ear6n|y one class. In generaL a number of S|m||ar|ty measures

ing researchers. One typically wants to embed patterns iBan be defined on these pattef@®wer and Legendre, 1986

a (possibly non-metric) input space into a feature space, ifn this paper, we utilize also the label information in defining
which the Euclidean distance between points accurately rehe similaritys;; between patterns; andx;:

flects the dissimilarity between the corresponding patterns.

Therefore the (linear or nonlinear) mapping from the input % + %exp — ;
space to the feature space corresponds to feature extraction. 11 l13i — ;|| 5
Alternatively, the feature space may be a low-dimensional g aexpl——F5 ) b 7t

space for data visualization. where|| - || denotes the Euclidean norm afid> 0 is a width

In .th's paper, we propose a parametric dlstance_ mem@arameter. The corresponding dissimiladty is then:
learning method in the supervised setting. The main idea
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As illustrated in Figure 1, this (dis)similarity measure en- (t;). Moreover, the distance metwdg;, like the associated;,
joys some nice properties for pattern discrimination. For ex-enjoys those nice properties useful for pattern discrimination.
ample, the (dis)similarity between any two patterns in the
same class is always larger (smaller) than that between ar§ Metric Learning with Regression Model
two patterns belonging to different classes. Moreover, theA
larger the Euclidean distance between the patterns is, th
smaller is the within-class similarity while the larger is the
between-class similarity.

S mentioned in Section 2, an approximate solution for
X1,...,X,} Can be obtained by using MDS. However, this
may be intractable for large data sets. Moreover, for new pat-
terns with unknown labels, the problem then is on how to
determines;; in the first place. FollowingKoontz and Fuku-
naga, 1972; Cox and Ferry, 1993; Webb, 19%%e attempt

to find a mapping fronk; in the original input spac®&? to

X; in the embedded Euclidean spate One possibility is to
first obtain a MDS configuration, and then construct a regres-
sion model fromx; to X; [Cox and Ferry, 1993 However,
this mapping is not determined as part of the MDS procedure
[Webb, 1995. In the following, we will follow the approach
L - of [Webb, 1995

Pl b Denote the mapping from the original input sp&fto the
embedded Euclidean spaRéby f = (f1,..., f;). Assume
that eachy; is a linear combination gf basis functions:
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(a) si; versus||x; — x;|? (b) 6 versus||x; — x;||?
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Figure 1: Similarity and dissimilarity in (1) and (2). whereW = [wj;],; contains the free parameters, and the

¢;(x)’s are basis functions that can be linear or nonlinear.
In recent years, finite metr(iic spaces and their embeddingShe regression mapping (3) can be written in matrix form as

have received much attentidindyk, 2001; Linial et al,

1999. Among embedding into normed spaces, embedding y(W) = f(x; W) = W(x),

into an Euchdean_ space is the_most popular. _ whereg(x) = [¢1(x), ..., ¢p(x)]’. Let X be the target con-
Given the dissimilarity matrb = [9i;],xn, We are in- figration, withd,;(X) = \/8;; whered,; is defined in (2).

terested in the question of whether and how the dissimilarityjsing the jterative majorization algorithm, we then minimize

matrix A can be embedded. In other words, for the origi-ihe squared error

nal points{x,...,x,}, we attempt to find a configuration

of points{x, ..., X, } in some Euclidean spa@ such that

the squared distances between these points will be equal to
the so-defined dissimilaritieh;.

(W) => 3 (di;(X) — ¢;;(W))? (4)

i=1j=1

The following theorem confirms thak can be embedded.

Theorem 1 Defined;; = +/0;;, withd;; asin (2). The matrix
D = [d;;] is metric. In other words];; satisfies the following
properties:

2. dy =0, Vi,
3. dij =dy;, Vi, j,

4. di, +djp > diy, Vi, 4,k
The proof of this theorem can be found [Ehanget al.,

w.r.t. W, whereg;; (W) = ||W'(¢(x;) — ¢(x;))||. More

details can be found ifzhanget al., 2003.

4 Experiments

In this Section, we perform experiments on six benchmark
data sets (Table 1) from the UCI repositdMurphy and Aha,
1994. The distance metric is learned using a small subset of
the labeled patterns, with= p = ¢, ¢(x) = x and the width

G in (1) set to the average distance of the labeled patterns to
the class means. The remaining patterns are then used for

2003. The subsequent task is then to find the embeddingesting.

i.e., points{xy, ..

.,X,} € R! such that the inter-point dis-

Table 2 shows the classification results by the nearest mean

tance is equal td;;. In general, obtaining an exact solution and nearest neighbor classifiers, with both the Euclidean and

for thesex;’s is difficult. Nevertheless, becaug2 is met-

learned metrics. As can be seen, the learned metric almost

ric, an approximate solution can be easily obtained by usinglways outperforms the original metric.

principal coordinate analysis or other multidimensional scal-

ing (MDS) methodgCox and Cox, 2000 We will return to
this problem in Section 3.

Next, we perform clustering experiments using the
means clustering algorithm, with the valuekodet to the true
number of clusters in each data set. The clustered patterns

Notice that the resultant Euclidean embedding will still in- are assigned labels and the clustering accuracy is measured
corporate information from both the input space representaby comparing these labels with the true labels (as in classi-
tion (x;) of the patterns and their corresponding class labelfication problems). As these cluster labels can be permuted
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Table 1: The six UCI data sets used in the experiments. Table 3: Clustering accuracies on the UCI data sets (Numbers
in bold indicate the better results).

data set total # of patterns # patterns for
class[ size metric learning | dataset | Euclidean metric| learned metric]
Pima Indians 1 500 80 diabetes 459/638 480638
diabetes (diabetes) 2 268 50 soybean 37/37 37/37
soybean 1 10 2 wine 85/118 117118
2 10 2 WBC 412/469 446469
3 10 2 ionosphere 168/251 221/251
4 17 4 iris 107/120 110120
wine 1 59 20
2 71 20
_ . 3 48 20 References
Wisconsin breast| 1 212 20 [Cox and Cox, 2000 T.F. Cox and M.A.A. Cox. Multidi-
cancer (WBC) 2 357 50 mensional ScalingChapman & Hall/CRC, second edition
ionosphere 1 126 50 2000 P ' ’
2 225 50 ’
ifis 1 50 10 [Cox and Ferry, 1993T.F. Cox and G. Ferry. Discriminant
2 50 10 analysis using non-metric multidimensional scalifRat-
3 50 10 tern Recognition26(1):145-153, 1993.

[Gower and Legendre, 19B&.C. Gower and P. Legendre.
Metric and Euclidean properties of dissimilarities coeffi-
without changing the clustering solution, results reported here cients.Journal of Classification3:5-48, 1986.
are based on the labeling with the highest clustering accuracpingyk, 2003 P. Indyk. Algorithmic applications of low-
As can be seen from Table 3, the learned metric outperforms  gjstortion geometric embeddings. Rroceedings of the
that with the original metric on all data sets. 42nd Annual IEEE Symposium on Foundations of Com-
puter Sciencgpages 10-33, 2001.

Table 2: Classification accuracies on the UCI data sets (NunKoontz and Fukunaga, 197 2V.L.G. Koontz and K. Fuku-
bers in bold indicate the better results). naga. A nonlinear feature extraction algorithm using dis-

tance information. IEEE Transactions on Computers
21(1):56-63, 1972.

data set nearest mean nearest neighbor o . )
Euclidean! Tearned [ Euclidean] Tearned| [Linial etal, 1999 N. Linial, E. London, and Y. Rabi-
metric metric metric metric novich. The geometry of graphs and some of its algorith-

diabetes T 463/638 | 475638 || 437638 | 425/638 mic applications Combinatorica 15(2):215—-245, 1995.

soybean 36/37 37137 35/37 37137 [Murphy and Aha, 1994 P.M. Murphy and D.W. Aha.
wine 86/118 | 1159118 77/118 | 117118 UCI repository of machine learning databases.
WBC 430/469 | 4517469 || 420/469 | 453469 http://www.ics.uci.edutmlearn/MLRepository.html,
ionosphere|| 159/251 | 2077251 || 212/251 | 225251 1994.
iris 108/120 | 110120 || 114120 | 114120 | [Schilkopf, 2003 B. Sctvlkopf and A.J. Smola.Learning
with Kernels MIT Press, 2002.

[Webb, 1995 A.R. Webb. Multidimensional scaling by it-
. erative majorization using radial basis functiorZattern
5 Concluding Remarks Recognition 28(5): 753759, 1995.

In this paper, we proposed a new parametric method for disZhanget al, 2003 Z. Zhang, J.T. Kwok and D.Y. Ye-

tance metric learning based on class label information. Ex- ung. Parametric distance metric with label information.

periments on UCI data sets show promising results. ftp://ftp.cs.ust.hk/pub/techreport/03/tr03-02.ps.gz, 2003.
The current work can be extended in several directions.

First, nonlinear basis functions can be used to improve the

approximation power of the regression mapping. Second, al-

though Theorem 1 states that the dissimilarity measure in-

duces a metric, it is not clear whether the matrix is also Eu-

clidean. If this is the case, a new kernel can then be defined

on the joint space of the input space and class label space

[Scholkopf, 2004. Third, in addition to using label infor-

mation, we will also incorporate manifold structure between

neighboring patterns into our metric learning process.
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