POSTER PAPERS

MULTTIAGENTS






Network Meta-Reasoning for Information Assurance in Mobile Agent Systems

Donovan Artz Max Peysakhov William Regli
Department of Computer Science
Drexel University
Philadelphia, PA 19104-2875

1 I ntrOd u Ctl O n Compromised agents

This paper develops a practical means of measuring informa-
tion assurance for mobile agent systems operating on wire-
less, ad hoc networks based on meta-reasolilig et al.,
2000; Xuanet al, 2001 to improve the security of com- Compromised
munication. Figure 1 shows an agent system and its two host &, Unsafe royte R,
distinct layers of communication: host-to-host and agent-to-  Neworklayer /
¢

connectivity (hm.h/)
Safe route R;

N
Agent layer
connectivity

agent. Given the plethora of new techniques for identifying ™ .,
network intruders, we study thr@mpromised hogiroblem:

determining the appropriate response to an identified intruder.
In the context of a mobile, multi-agent system operating on an

ad hoc networfForman & Zahorjan, 1994it is not merely Figure 1. Nodes are either physical hosts or agents; edges

a simple matter of removing the compromised hosts and it§ o herwork host or agent-to-agent connections. The shaded
agents. While keeping the compromised host can result

: : . "Mode is aompromised hosthe bold arrow is @afe network
information disclosureremoval of the host can degrade or route the dashed arrow is@ompromised network route
even sever the network. We develop a state description for an
agent system and introduce a measurafifrmation assur-
ancefor the system in terms of the integrity of the messages  n : A — H. Inversely, the functiom~—! maps a host to
delivered to the agents in a given network state. Agents have the set of agents located on that host.

th_ree responses to a compromised h@_morethe COMPIO-  1he state of a mobile agent network is defined as a tuple:
mised hostreroutearound the compromised host using net- \; — (Ta, Te, R, )

work route redundanciesor removethe compromised host, ArLHy T T

by having the agents instruct their hosts to eliminate it froms 1 Eyajuation of an Agent System Network

the network. These responses are shown in Figure 2.

Hosts H

A}
A}

Network Layer

We model the information assurance level in an agent net-
. . work by analyzing how agents communicate. Observe that
2 Technical Formulation agents must send messages to other agents in order to collab-
orate in any decision procedure. In a decision procedure, typ-
ically certain agents arauthoritiesthat collate voting mes-
sages from all other agents involved in the decision. In the
context of Ty, any host housing an agent involved in at least
e Agent topologyT,, is a graph of the connections be- one decision procedure authority issink in the network
tween agents in the agent layéfy = (A, L) where  topology graph into which messages flow. For a simple deci-
Ly C Ax A sion, there may be only one sink; in the most complex case,
e Host topology T, is a graph of the direct connections all hosts are sinks. This paper will assume the most complex
between hosts in the network layelf’y = (H,Ly) case, in which all hosts are housing decision authority agents.
whereLy C H x H. For any decision procedure, messages sent to the decision
e Host routing R, is a set of sequences of hosts which authority can be classified insmccessful messagasdfailed
describes the network routes used between hosts in theessagesA successful message delivered without using
network layer:R = {R; ; : h;,h; € H} whereR, ; is  the compromised host. failed messageither: (1) origi-
the current physical network route from hdstto host  nates or ends at the compromised host; (2) is routed through
h;. If no route exists fronk; to h;, thenR; ; = 0. the compromised host; or (3) cannot be routed because no
e Agent locationn, is a function mapping an agent to the network route exists.
host on which it is physically located in a given state: For a givenN, a change iff’y can could cause a change

A state description for anobile agent networks defined in
terms of sets of hostdd) and agents4). Given H and A,
we can define:
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Agent |h>u\\
Network layer

(b)

Figure 2: Responses to compromised hostsigf@re (b) reroute (c) remove

in routing. If a route changes, the time taken to transmit a o ‘JZ'IJ# w(Ry,:)
message over that route may also change. A change in meré)-Utes used by hodt; as: £; = [H[(IH|-1) Note, ast;

sage delivery time can negatively impact a decision procellcreases, the routing efficiency to hdstdecreases. When
dure. Moreover, a compromised host contains agents th&f€ routing efficiency is minimized (i.e., no connections ex-
may violate their expected behavior in a decision procedurdSt) for ahosth;, ¢; = 1.0. As the routing efficiency increases
Both factors must be considered when evaluating a state (i-., shorter routes are used) for hast ¢; approaches.0.
We define two values that can be used to evalldteith Hence, the meatime ratingfor the entire mobile agent net-
respect to each factor: work in stateN is: 7 = l‘% ti
1. A message integrity ratingwhich relates successful
messages received to failed messages.
2. Atime rating which is an estimate of optimality for the
current network routes.

Assurance for Whole Mobile Agent Network. A linear
combination ofmessage integrity ratingndtime ratingde-
fines a utility function assessing a mobile agent network in
stateN in terms of both assurance and routing efficiency:

Measuring Message Assurance. If each agent is in com- aim — (1—a)f+1
munication with all of the other agents;;, = (|A4] — V(N) = (1)
In~1(hi)|)In~1(hi)| is the total number of messages that the 2

agents on host, expect to receive from agents on other hostsy is a coefficient between 0 and 1 that determines the balance
per unit of time given stat&/. Based on the current routé&s between assurance and network performancex ¥ 1.0,

one can calculate the number of successful messages receively message integrity is consideredpif= 0.0, only time

on hosth;, succh;). Themessage integrity ratinfpr hosth; efficiency is considered. Note thet: N — [0.0, 1.0], where

is computed asm; = 9% Note, asm; increases, the V() = 1.0 is the best possible result.

integrity of messages seﬁt to hdstalso increases. When
all messages sent fg are successfulp; = 1.0. When all 2'2_ Opergtors on an Agent Sy_stem Network )
messages sent fo fail, m; = 0.0. The mearmessage in- Using Equation 1, agents can decide how to operate on their

tegrity ratingover the entire mobile agent network in stafe  network. Naturally, thegnore operator does nothing. The
S, reroute operator generates a new set of network routes, us-

‘;Hﬂ ing only safe routes wherever possible. Rf is the set of
safest possible routeghe resulting mobile agent network

. . . . N’ = (T4, Ty, R',n) is generated using the reroute oper-
Measuring Network Routing Eff|C|en_cy. .The trade off is tor onN (Figure 2(b)). Given the routing algorithmand
between message integrity and the timeliness of message (%

X : . . ute weight functionw, the following algorithm can be used
livery. Network routing algorithms find sets of routes that to compu?eN" g4

minimize some value for all routes in a network. In general, ) '

routing algorithms use a weight function on each route andtlgorithm 1 reroute(N, hc)

is:m =

find the shortest, single source, paths to all vertice®sin R' — p(H — {h}, Ly, w)
In this context, the functiom represents the network rout- R =R'U{Ri;: Rij ERAR,; € R"\R] ; =0}
ing algorithm which returns a set of shortest path routes for return({Ta, T, R', 1))

the set of hosts, given their current physical network topol- The removeoperator results in the complete removal of

ogy: R = p(H, Ly, w), wherew is the edge weight func- o' mnromised host from participation in the agent sys-
tion. There are several schemes that can be used to wei 's underlying network. The new mobile agent network

routes in wireless, ad hoc networl®oyer & Toh, 1999, all N = (T',, T}, R" 1), is the result of applying the removal

of which can be approximated or bounded using #atre- o 5i0- 6V and is generated by the following algorithm:
turns a value proportional to the time required to transmit a

message through the network. The units of time returned bflgorithm 2. remove(N, h.)

w are used for relative comparison of network routes, which A —{a:a€ ANn(a) # h.}

we normalizew to simplify computationsw : R — [1, |H]], L'y — {(a,b): (a,b) € La Na,be A’}
wherew(R; ;) = |H| signifies that the route from hoat to T, — (A", L))

h; is non-existent and weight of the longest possible route is H — H —{h.}

|H|— 1. Now we can define ime rating t;, for the network Ly — {(hi, hj) : (hi,hj) € Ly ANhi,h; € H'}
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T}, — (H', L) operator | m | ¢t |V(N)|Ci/n]| U/n

Y ignore | 0.286| 0250 | 0509 | 05 | 0.0
retu;i((T’ Ly 1), N reroute | 0.714 | 0.321| 0598 | 0.25 | 0.25
At remove | 0.833 | 0524 | 0577 | 0.0 | 0.42857

In order to select the operator resulting in the highest val- . . B
ued agent system, consider the vald&égv), V(N’), and Table 1 The terms an_d result 8f(N) usinga = 0.5, t_h_e
V(N"). The highest of these values represents the best aProbability of compromised messages, and the probability

tion for the agent system. of unreceived messagéfgy for the result of each operator.

3 Application: A Compromised Auction compromised host, but not by the required message delivery

The disclosure of bids to a compromised host can affect thme: C; = {h; : h; € H Nhe € Rj i AR ;[ <7}
intended, timely, outcome of an auction. A Vickrey auction The disclosure of bids to a compromised host during this
is a sealed bid auction where the second highest bid is pai@ecision procedure is illustrated in Figure 3. Assume for tim-
by the highest biddeVickrey, 1961. All bidders maximize ing that7 = 3. In this example, the probabilityC' |/n is
their payoff if they employ a truthful bidding strategy. Agents epresentative of the effect of compromised messages, and
often use Vickrey auctions to acquire resources. Each ageft€ Probability|Us |/n is representative of the effect of time.
submits its bid to an auctioneer hdst(the sink)—but unless As either probability increases, the value of the underlying
the physical host of a bidding agent is directly connected tdnobile agent system should decrease. o

h1, the message containing the bid must pass through other Table 1 demonstrates holi(.V) can be used to minimize
hosts in the agent system. All agents operating under normalne effect of a compromised host in a Vickrey auction. As the
conditions have neither the intent nor the capability of reading’robability of compromised messages increasesyissage

bids that are routed through their physical hosts. Integrity rating decreases. As the probability of unreceived
messages increases, the time rating also increases. The oper-

{b,b,b,b_b. b} ator yielding the highest value in this examplegsoute

4777276735

4 Conclusions

This paper developed a utility-based model for agents to bal-
{b,b,b, b, bbb} - - . -
AN ance information assurance and network routing efficiency.
) We have discovered that there exists a natural tradeoff be-
tween information assurance and network routing efficiency
for ad hoc mobile agent networks. Further, by empowering
agents to decide for themselves how they communicate at the
network level, one can increase the overall level of message
integrity in an agent system. Our approach involves a novel
exploitation of properties of ad hoc networks, enabling mo-
bile agents to automatically adapt to changes that affect the
security of their communication and migration. The capabil-
ity to dynamically reason about the state of their network will
provides new possibilities for secure computing.

Figure 3: Bid propagation to hoat in a Vickrey auction: (a)
h4 andhz bid (b) he andhg bid (c) hs andhs bid (d) hg bids

First, a compromised hosk,. can read all bids that are
sent directly to or routed by means/af and potentially cor-
rupt the auction. In this case, instead of maximizing absolut
payoff, the bidding agents ol. maximize their payoftel- (heferences
ativeto other bidding agents. In this type of “antisocial bid- [Brandt & Weiss, 200lL F. Brandt & G. Weiss. Antisocial
ding” [Brandt & Weiss, 200}l assuming there are bidding agents and Vickrey auctiongVkshp on ATALV 2333, pp
agents in the agent systeh, most successful if it knows all 335-347, 2001.
bids by, bo, ..., b, placed byall of the other bidding agents. [Dix etal, 2004 J. Dix, V. S. Subrahmanian, & G. Pick.
The worst case is when all physical hosts use routes that con- Meta-Agent Programsl. Logic Prog, 46(1):1-60, 2000.
tain k.. In general this is not the case. Hence, if there ardForman & Zahorjan, 1994G. H. Forman & J. Zahorjan.
n’ hosts that use routes containihg the probability that the The challenges of mobile computing.[EEE Comp,
highest (or any) bid is disclosed tq is equal ton' /n. 27(4):38-47, Apr 1994.

Secondly, time is an issue: auctioneers are not willing tdRoyer & Toh, 1999 E. M. Royer & C. K. Toh. A review of
wait indefinitely for all bidders to respond. In any given de- ~ current routing protocols for ad hoc mobile wireless net-
cision problem there is some threshaotd such that, if a bid- works. IEEE Pers. Comm6(2):46-55, Apr 1999.
der is more tharr hops from the auctioneer, its bid will not [Vickrey, 1961 W. Vickrey. Counter speculation, auctions,
reach the auctioneer in time. L& be the set of all hosts and competitive sealed tendeds Fin., 16(1):8-37, 1961.
that communicate with ho#t, via a route longer thanhops: ~ [Xuanetal, 2001 P. Xuan, V. Lesser, & S. Zilberstein.
Ui = {h; : h; € HAN|R;;| > 7} U; may contain hosts Communication decisions in multi-agent cooperation:
that use a route containing the compromised host. To adjust model and experiment®AAS pp 616-623, 2001.
for this overlap, compute the sé€} of hosts affected by the
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University of Toronto
Toronto, ON, M5S 3H5, Canada
cebly@cs.toronto.edu

Abstract

Resource allocation is a key problem in autonomic
computing. In this paper we use a data center sce-
nario to motivate the need for decentralization and
cooperative negotiation, and describe a promising
approach that employs preference elicitation.

1 Resource Allocation in an Autonomic
Computing System

An autonomic computing system is designed to drastically re-
duce the role of human administrators by automating most of
the managerial decision making [Kephart and Chess, 2003].
Automated resource allocation is necessary for an autonomic
computing system to optimize its performance. In the large,
distributed autonomic computing systems we would expect
in big businesses, resource allocation will occur at multiple
scales. Local allocation decisions will be made within indi-
vidual elements (servers, databases, storage units, etc.) and
small clusters of elements. Local clusters will contend for
pools of resources in the larger domain, or across adminis-
trative domains. Although we can generally assume that ele-
ments in an autonomic computing system of a single corpo-
ration will be cooperative, sharing the common goal of op-
timizing total business value, the complexity of local infor-
mation will often preclude centralized allocation across the
entire system. Cooperative negotiation, using preference elic-
itation techniques, can be an effective approach to decentral-
ization.

To motivate the problem, consider the problem of resource
allocation within a data center. The data center provides
information technology resources to multiple organizations,
each in a separate domain governed by a workload manager
(WLM). Each WLM decides how to allocate resources in its
domain to maintain quality of service (QoS) for each of a set
of n classes of transactions.

The QoS specification for a transaction class ¢ includes
terms describing monetary payments or penalties as a func-
tion of the measured attributes of the service provided to that
class by the data center. For simplicity, we shall consider here
just a single attribute, the response time t¢ for class c. We de-
note the revenue function for class ¢ (including all rewards
and penalties) by re(tc).
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In a real system, a WLM can adjust various parameters f
for multiple resources. Here, we assume a single resource,

with quantity L. Given fixed L, f, and class demand vector

d, and assuming that the resources have no incremental costs,
the expected total revenue is then:

R(F,L.d) = Z/ f(to) Prite | T, L, d) M
c Jle

A WLM’s internal resource optimization problem is to find a
feasible f that maximizes Eq. (2).

To handle fluctuations in client demand, a single provi-
sioner at the data center periodically reallocates resources
among the WLMs. Denoting an individual WLM by i, the
resource allocation problem for the provisioner is to compute:

argmax Z Ui(Li) where )

Li 5
Ui(Li) = maxRi(f,Li,d) ®)
f

The provisioner can compute (2) centrally if it has a good
model of the internal operation of each WLM and can ob-
tain all relevant state information. In a real system however,
the model and data necessary to compute Pr(tc) may be com-
plex and large. Moreover, in a system with transient, hetero-
geneous components (e.g., differently configured WLMs or
different components altogether), the internal models of the
components may simply not be available to the provisioner.
In these cases, it is necessary to decentralize the resource al-
location problem. That is, WLMs would perform local com-
putations and send summary information to the provisioner.

A natural division of labor is to have each WLM send its
entire U; curve, so that the provisioner can compute Eq. (2).
Figure 1 shows an example of curves from two WLMs, each
with two transaction classes.® The provisioner wishes to find
the peaks of the aggregate curve, also shown.

2 Cooperative Negotiation

To compute its full U; curve, a WLM must solve Eq. (3) for
each feasible L;. If each r¢ is in a computationally manage-
able form (e.g., piecewise linear or quadratic) and we have a

I\We computed the utility curves assuming a simple M/M/1 queue
model for each tc. L is the total service rate available, and the f¢

component of f indicates the fraction of L given to class c.
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Figure 1: Maximum system utility as a function of alloca-
tion, with total resources L = 20. Curve “WLM A” indicates
maximum utility to A as a function of La. Curve “WLM B”
indicates maximum utility to B as a function of Lg. Curve
“Total” indicates total utility as a function of La provided to
A (with L — La provided to B).

simple model for t; (e.g., M/M/1 queue), then computing each
Ui(Li) point may be tractable. However, in typical real sys-
tems the dependency of the service attributes upon resources
and demand is likely to be sufficiently complex as to require a
combination of optimization and simulation to compute each
Ui(L;) point. Moreover, WLMs will often have substitutable
and complementary preferences over different quantities of
multiple goods, giving rise to large, expensive-to-compute,
multidimensional U; curves. Such complexities would make
it infeasible for a WLM to send its entire U; to the provisioner.

Instead, we propose to model the resource allocation prob-
lem as cooperative negotiation. In the context of auto-
nomic computing, cooperative negotiation is not simply non-
cooperative negotiation with the simplifying assumption that
agents are non-strategic. Rather, the objective is to achieve
the right balance between global optimization and negoti-
ation time. We are developing preference elicitation tech-
niques [Boutilier, 2002] to address this problem. We can view
the negotiation for resources between the WLMs and the pro-
visioner as involving computation or “elicitation” of relevant
parts of the U; curves.

Partial elicitation may be feasible in the case of negotiation
among WLMs for different resource levels. It will often be
possible to identify the region of L-space in which the opti-
mal allocation lies without complete knowledge of these util-
ity functions. The provisioner could be given a small number
of samples of the utility functions U;(L;) for WLMs i. Mak-
ing simple monotonicity assumptions, the provisioner could
determine the region of allocation space in which the opti-
mal allocation lies.? For instance, having samples of the two
(lower) U; curves in Figure 1 at points Lj = {10, 15,20} for
i = A, B, is sufficient to determine that the optimal allocation
lies somewhere in the region La € [10,15].

We are currently developing incremental utility elicitation

2Monotonicity of U; seems natural, corresponding to a “free dis-
posal” assumption.
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procedures in which the provisioner gradually narrows down
the region in which the optimal allocation lies until a decision
which is guaranteed to be e-optimal is found. A rough sketch
of one such procedure is presented here. Assume that each
WLM has provided evaluations of its utility function U; at a
set of m sample points 1! < 17 < ...T"; we assume that " is
the maximum value of L; and bounds U; under any allocation.
With this small set of samples, the provisioner is assured that
Ui (tX) <Ui(L) <U;i (T forany TF < L < T2, Armed with
this information, it is reasonably straightforward to determine
the maximum regret of any allocation L. Furthermore, we can
also determine the allocation that has minimax regret given
this incomplete knowledge of the utility function:

L =argminmaxmax ¥ [ui(L{) — ui(Li)]
Coar 4

Here T; ranges over the set of utility functions U; consistent
with the bounds above. Minimax regret is a reasonable er-
ror criterion, and the minimax-optimal allocation L* can be
determined using a tractable series of linear programs.

Incremental elicitation arises when the minimax-optimal
allocation has a max-regret level that is too high, say, greater
than €. In this case, the provisioner does not have enough
information about the U; curves to determine an allocation
whose worst-case error is less than €; this necessitates addi-
tional samples of the U; curves. We have developed intelli-
gent query strategies that efficiently determine points L; for
which knowledge of U;(L;) will “quickly” reduce minimax
regret. Once sufficiently many points have been evaluated,
minimax regret will reach an acceptable level and an allo-
cation whose error is bounded by € can be offered. We do
recognize that the procedure becomes more complicated with
multidimensional U; curves.

This procedure obviates the need for WLMs to compute
their entire utility curves. The complex optimization required
to determine U; (L) need only be applied by WLM i at a small
collection of points; and these points are determined by the
provisioner based on information about the utility functions
of other WLMs. In this sense, such incremental elicitation
techniques can truly be viewed as a form of collective nego-
tiation between WLMs and the provisioner.

We are exploring error criteria other than minimax regret
in our general model. Optimization w.r.t. specific utility con-
straints, and determining queries that reduce error, would
both require tailoring to the specific criterion adopted; but
the same incremental framework still applies. For instance,
if distributional information over the U; curves is available,
Bayesian decision criteria could be used (e.g., an allocation
that maximizes expected utility w.r.t. Pr(@)).
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1 Introduction 2.2 The Formalization

Traditionally, planning involves a single agent for which a We first begin by formalizing some planning related concepts.
planner needs to find a sequence of actions that can transforfie definitions parallel closely with Cimatti and colleagues’
some initial state into some state where a given goal statesingle-agent formalizatioh200d. We extend their defini-
ment is satisfied. But in general, “planning” can be viewedtions of planning domains, problems, and solutions to encom-
as being concerned with a general action selection problenpass multiple agents. We then follow this formal framework
The planning framework has been extended from the classiwith a definition of multiagent planning equilibrium. Notice
cal deterministic plan generation problem along many othethat the definitions and concepts presented are not bound to
dimensions, in particular nondeterministic actions. With theany particular planning algorithm or language.
introduction of nondeterministic actions, the presence of an We start by defining a multiagent planning domain.
environment and other agents can become a consideration. fefinition 1 (Multiagent Planning Domain)
fact, actions may have nondeterministic effects not only bea  muitiagent planning domain D is a tuple
cause of the uncertainty of their own execution, but also duep s n, A,_, ., R)where
to the uncertainty of the actions of other agents. The pos- =~~~ " " L
sible presence of other agents as executors is the challenge® 7 IS the finite set of propositions,
of “multiagent planning.” The interest in this area has been o S C 27 is the set of valid states,
steadily increasing and many issues remain open. e nisthe number of agents,
Despite the existence of planning languages with explicit . g .
models of uncontrallable ageritdensen and Veloso, 2000 ® < IS agent’s finite set of actions, and
we believe that there has not been a formal discussion of the ¢ R C S x A x S is a nondeterministic transition relation
space of multiagent plans eplutions In this work, we do whereA = A, x...x A, and must satisfy the following
not focus on the problem of plan generation for multiagent ~ condition. If(s,a,s’) € R and(s,b,s”) € R then,Vi
planning. Instead, we focus on the interesting question of  there exists” € S,

analyzing and comparing solutions for multiagent planning. (5,4a1, -+ Qi1 biy Qi1 - - ), 8") € R

Our motivation comes from making an analogy with game PN e T e TR

theory and the notion of equilibriDwen, 1995. l.e., each agent’s set of actions that can be executed from
Inspired by game theory and extending previous formal  a state are independent.

definitions of single-agent plannii@imatti et al, 200d, in In addition, let AcT;(s) C A; be the set of applicable or

this paper, we introduce a formal definitioneduilibriafor  executable actions in state Formally,
multiagent planning.
ACTi(S) = {CL,' e A; | E|<S, <'~',6Li,'~'>,'> S R}

2 Planning Equilibria The additional condition in the planning domain definition

In this section, we formalize the concept of a multiagent planon R requires that each agent be capable of selecting actions
ning equilibrium. In order to help make these concepts cleatndependently. Formally this amounts to the following. For
we will first describe an example, which is small enough toall statess and executable actions for the agemts Act;(s)

easily enumerate all of the states. there exists some transitigs, (a;—1...n) , s) thatis inR.
) In the doorway domainP contains two propositiong-
2.1 A Simple Example — The Narrow Doorway in-roomandB-in-room The set of stateS corresponds to all

Consider a two agent robot domain where both agents are ifour possible subsets &, since all combinations of proposi-

a hallway and want to move into the same room through dions are valid in this domaim is two and A4 z is the set of
single doorway. The agents have an operator to go througactions{G, W}. The transition relatiorR is defined by the

the door (G) that only succeeds if the other agent is not alseules described above. The complete enumeration of states
trying to go through the door. They also have the choice ofand transitions is shown in Figure 1. The figure also num-
waiting (W). Each agent’s goal is simply to be in the room. bers the states so they can be referred to in an abbreviated
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— A-in-room A-in-room e if s € Z,thens € @, and

WWw VW e if s € Q and there exists a state-action pdk, a) € 7
G.G and transition(s, a, s') € R, thens’ € Q and (s, s) €
- B-in-room T.

A states € @ is a terminal state of{ if and only if there is
nos’ € @ suchthat(s,s’) € T.

Intuitively, @ is the set of states that the system could reach
during execution of the plan, andT is the set of transitions
that the system could cross during execution. For our door-
way domain the execution structure induced by our example

w,w joint state-action table is,

. p— = {0,1,3},
Figure 1: Doorway domairi.....: and.___ represent A's and @ { }
B's goal statesg 4, andG s, respectively. T = {{0,1),(0,0),(1,3),(1,1),(3,3)}.
We can now formalize an execution path.

form. Note that this domain satisfies the independent actio®efinition 5 (Execution Path)
condition onR. LetK = (Q, T) be the execution structure induced by a state-
action tabler fromZ. An execution path ak fromsg € Z is

o _ : . _apossibly infinite sequeneg, s1, s2, . . . Of states inQ) such
Let.D = (P, S’."’ Ai=t..n, R> be a multiagent p!anmng do that, for all statess; in the sequence:
main. A multiagent planning probler® for D is a tuple ) ) ] )
(D,T,Gi—1..n), whereZ C S is the set of possible initial e eithers; is the last state of the sequence, in which case
states andj; C S is the set of goal states for agent s; is aterminal state of(, or

In the doorway example, the goal states for agent A are ® (si,sip1) €T.
{1,3} and for agent B ar¢2,3}. The initial state set is the A states’ is reachable from a stateif and only if there is an
singular sef0}. With this definition of domain and problem, execution path wite, = s ands; = s'.

we can now formalize a notion of a plan. For our doorway domain and example joint state-action ta-
Definition 3 (State-Action Table) ble one execution path from the initial state is,

A state-action table; for agent; in domainD is a set of pairs 0.0.0.0.1.1

{(s,a;)|s € S,a; € ACT;(s)}. A joint state-action tabler e

constructed from state-action tables for each agent _, is ~ We are now in a position to define what it means for our plan

Definition 2 (Multiagent Planning Problem)

the set of pairs to solve a planning problem. We actually define multiple con-
cepts increasing in strength. These concepts formalize some
{(s,(a1,...,an)) s € S, (s,a;) € m} of the intuitive discussion from the previous section about
A (joint) state-action table is complete if and only if for any whether a plan has one or more of the following properties:
s € S there exists some pafk, -) in the state-action table. o the possibility of reaching the goal,
For the doorway domain, a state-action table (or plan) for e aguarantee of reaching the goal, and
each agent might be, e a guarantee of reaching the goal in a finite number of
ma = {{0.6),(LW),(2.G),(2,W) (3, W)}, steps.
5 = {(0,G),(0,W),(1,G), (2, W), (3, W)} These concepts and their formalization are inspired and

_ . _highly related to Cimatti and colleagues’ single-agent solu-
These are alsoompletestate-action tables since they specify tion concept§Cimatti et al,, 2004.
at least one action for each state. We can combine these t

bles into a completint state-action table. In general, a joint Llet D be a multiagent planning domain an® =

state-action table together with a multiagent planning domair{D 7,Gi1.) be a multiagent planning problem. Letbe

determines the entire execution of the system. In order to de; completejoint state-action table foD. Let K — (Q, T) be

fine what it means for a plan to be a_soluuon oa p_lannmgthe execution structure induced hyfromZ. The following is
problem we need to formalize the notion of reachability and

paths of execution. We will do this by first defining the exe- an ordered list of solution concepts increasing in strength.

cution structure of the mu|tiagent system. 1. = is a weak solution for ager’it if and Only if for any
state inZ some state ig; is reachable.

Befinition 6 (Multiagent Planning Solutions)

Definition 4 (Induced Execution Structure) . . . . :
Let  be a joint state-action table of a multiagent planning 2+ 7 iS @ strong cyclic solution for agentf and only if from

domainD = (P,S,n, A;, R). The execution structure in- any state ini) some state i; is reachable.

duced byr from the set of initial stateg C S is a tuple 3. mis a strong solution for ageritif and only ifall execu-
K ={(Q,T)withQ C SandT C S x S inductively defined tion paths, including infinite length paths, from a state
as follows: in () contain a state irg;.
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4. 7 is a perfect solution for agentif and only if forall ex-
ecution paths, s1, so . . . from a state inQ) there exists
somen > 0 such thatvi > n, s; € G;.

A state-action table’s strengt8TRENGTH(D, P, i, ) is the
largest number whose condition above applies for agetft
no conditions apply theBTRENGTH(D, P, i, w) = 0.

For our doorway domain, the joint state-action table is
strong cyclic solution for both agents but not strong (i.e., it
has a strength of 2 for both agents). This means that there
a path to the goal from any reachable state. But there are al
paths that do not include either agents’ goal states, and so
is not a strong solution for either agent.

These solutions define what it means for one agent to b
successful given a joint state-action table. The goal of plan
ning from one agent’s perspective is to find a plan that has th

highest strength given the plans of the other agents. But th

solution for both agents, but given this state-action table for
the other agent no strong or perfect plan exists for either
agent. So this is also an equilibrium although obviously in-

ferior to the other equilibria where both agents have higher
strength plans. In game theory, such a joint strategy is called
Pareto dominated.

Collision variation. Consider a variation on this domain
where collisions (when both agents choose G) result in the
bots becoming damaged and unable to move. In this case,
e first two state-action tables above remain equilibria, but
e third inferior table no longer is an equilibrium. This joint
plan is now only a weak solution for both agents since there is
a possibility of never achieving the goal. Each agent can also
change to a different plan where it waits for the other agent to
et through the door thus achieving a strong cyclic plan and a

igher strength.

a

other agents’ selection of a plan is equally contingent uporPoor closing variation. Finally, consider that one agent en-
the first agent’s plan. This recursive dependency leads to odgering the room sometimes causes the door to close behind

main contribution of the paper: planning equilibria.

Definition 7 (Multiagent Planning Equilibria)

Let D be a multiagent planning domain an®
(D,Z,G;=1..n) be a multiagent planning problem. Letbe
a completdoint state-action table foD. Let K = (Q, T be
the execution structure induced byfromZ. = is an equilib-
rium solution toP if and only if for all agents and for any
complete joint state-action tabte such thatr’;, = 7,

STRENGTH(D, P,i,m) > STRENGTH(D, P, i, 7).

it. Once the door is closed it cannot be opened and the door-
way cannot be used. In this case, the same two joint plans
are again an equilibrium but now they have different strengths
for the different agents. The first joint state-action table is a
strong plan for agent A, but only a weak plan for agent B,
though it can do no better. The second is just a symmetry of
this.

3 Conclusion
We presented a formalization of multiagent planning and in-

l.e., each agent’s state-action table attains the strongest soluroduced the concept of a multiagent planning equilibrium.
tion concept possible given the state-action tables of the othefhis is the first known solution concept that explicitly ac-

agents.

Note that our example joint state-action table for the door
way domain isnotan equilibrium. Both agents A and B cur-
rently have strength 2, but B can achieve a strength of 4 b
choosing a different state-action table. Specifically, B shoul

select the wait (W) action from the initial state and the go (G)

action in state 1.

To make the concept of planning equilibria clearer, we il-
lustrate it in the doorway domain. We gave above an exampl
joint state-action table that is not a multiagent planning equi
libria for this domain. An equilibria is the following state-
action tables:

{<07 G> ? <1’ W> ? <27 G> ) <37 W>}7
{0, W), (1,G),(2,W), (3,W)}.

TA
B

counts for the goals of all the agents. This work provides

a unifying framework for considering planning in multiagent

domains with identical, competing, or overlapping goals. It

also opens up many exciting questions related to practical al-
orithms for finding equilibria, the existence of equilibria,
nd the coordination of equilibria selection.
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One of the key challenges autonomous bidding agents
face is to determine how to bid on complementary
and substitutable goods—i.e., goods with combinato-
rial valuations—in simultaneous, or parallel, auctions
(SAs). Complementary goods are goods with super-
additive valuations: v(AB) + v(AB) < v(AB). Sub-
stitutable goods are goods with subadditive valuations:
v(AB) + v(AB) > v(AB). The simple bidding strat-
egy “for each good z in auction z, bid its (independent)
valuation” is inapplicable in this framework.

Rather than attempt to reason about the independent
valuations of goods, bidding agents that operate in this
setting can reason about marginal valuations, or the val-
uation of a good z relative to a set of goods X. If an
agent holds the goods in X, it can ask questions such as:
“what is the marginal benefit of buying z?” or, “what is
the marginal cost of selling £?” To do so, the agent must
reason about the set of goods X U{z} or X\ {z}, relative
to the set X—the valuations of which are well-defined.

In reasoning about sets of goods bidding agents may
pose and solve questions such as the following [Green-
wald and Boyan, 2001]:

1. “Given only the set of goods I already hold, what is
the maximum valuation I can attain, by arranging my
individual goods into sets of goods?”

2. “Given the set of goods I already hold, and given market
prices and supply, on what set of additional goods should
I place bids so as to maximize my utility: ¢.e., valuation
less purchase costs?”

3. “Given the set of goods I already hold, and given market
prices, supply, and demand, on what set of goods should
I place bids or asks so as to maximize my utility: i.e.,
valuation plus proceeds less costs?”

The third, and most general, of these problems, which
we call completion, provides a foundation for bidding
strategies in simultaneous single- and double-sided auc-
tions. The second problem, which we term acquisition,
provides a foundation for bidding strategies in single-
sided auctions. The first problem, allocation, is a special
case of the others in which all goods cost either 0 or
00, and all goods are worth either 0 or —oo. These so-
called bid determination problems are formally defined
in [Greenwald and Boyan, 2001], where it is argued that
completion can be reduced to acquisition.
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1 Bidding Principles

This paper advocates the following bidding principle for
agents participating in simultaneous auctions for comple-
mentary and substitutable goods: “coherent” marginal
utility bidding: ¢.e., bidding marginal utilities on a co-
herent subset of goods. To validate this principle, we
compare two combinatorial bidding strategies inspired
by ATTAC [Stone et al., 2002] and RoXYBOT [Green-
wald and Boyan, 2001], two agents in the Trading Agent
Competition (TAC) (see [Wellman et al., 2002]):

1. one strategy computes the marginal utility of each
good independently, much like ATTAC

2. one strategy computes coherent marginal utilities—
it solves the acquisition problem before bidding
marginal utilities—much like RoxyBoT

It is established that approach 2 outperforms approach
1 in certain environments. In a longer version of this pa-
per, we experiment with stochastic versions of these algo-
rithms, and establish that approach 2 also outperforms
approach 1 in uncertain environments. The insights
gained from this study about the design of autonomous
bidding agents are applicable beyond the scope of TAC:
e.g., eBay is home to numerous SAs for complementary
and substitutable goods.

2 Bidding Under Certainty

In constructing bidding policies—mappings from goods
to prices—for multi-unit SAs, such as those that charac-
terize TAC, we propose the following natural breakdown
of an agent’s bidding decisions:

1. how many copies of each good do I want?
2. for the goods I want, how much am I willing to pay?

One straightforward approach to answering these
questions, which was employed by ATTAC [Stone et al.,
2002}, is for the agent to skip question 1, and simply com-
pute how much it is willing to pay for each copy of each
good. An alternative approach, employed by RoxyBor,
is to explicitly answer question 1 before question 2; in
this way, the agent is certain to bid on a “coherent” set
of goods: i.e., a set of goods which together comprise an
optimal solution to the acquisition problem.
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In this short paper, we compare these two approaches
under two assumptions: (i) prices are exogenously de-
termined: i.e., we ignore the impact of agent behav-
iors on prices; and (ii) prices are known with certainty.
These assumptions are clearly applicable when prices are
posted. In an auction setting, we interpret these assump-
tions as follows: the payment rule is “pay the known
price;” the winner determination rule is “win by bidding
equal to or more than the price.” It is as if an agent is
capable of perfectly predicting all other agents’ bids, as
well as the impact of its own bids on clearing prices.

We begin by investigating ATTAC’s approach. One
formula for determining willingness to pay is to com-
pute marginal utilities (MUs). This direct MU approach
to answering the aforementioned bidding questions ex-
plicitly answers only question 2, but implicitly answers
question 1: a willingness to pay 0 suggests that an agent
wants 0 additional copies of that good.

As alluded to earlier, computing MUs depends on solv-
ing the acquisition problem. Let us introduce some no-
tation, and formally define acquisition and MU. Let X
denote a set of goods; let v(X) denote the (combinato-
rial) valuation of X; let p(x) denote the price of z € X
and p(X) = > .y p(z); finally, let u(X) = v(X) —p(X)
denote the utility of X.

Definition 2.1 Given a set of goods X, a combinato-
rial valuation function v : 2%X — R*, and an exogenous
pricing mechanism p : X — Rt an optimal solution to
the acquisition problem is a subset A* C X s.t.

A” € argmaxv(Y) —p(Y) (1)
Definition 2.2 Given a set of goods X, the marginal

utility of good z is defined as follows: u(z|X) = u(X*)—
u(Y™), where

X" earg o v(Y) —p(Y'\ {z}) (2)
and
Y* €arg max | v(Y) —p(Y) 3)

In words, the marginal utility of good z, relative to
the set X, is simply the difference between the utility of
X, assuming z costs 0, u(X |p(z) = 0), and the utility of
X, assuming z costs oo, u(X|p(z) = 00).

As is evident from the definition of MU, computing
marginal utilities requires two calls to a combinatorial
optimization solver. If an agent explicitly answers ques-
tion 1 before question 2, it might determine that it is not
necessary to compute marginal utilities for all copies of
all goods (although in the worst case it solves one addi-
tional optimization problem). RoxYBOT explicitly an-
swers question 1, before question 2, and usually achieves
computational savings over direct MU calculation. But
the real motivation behind RoxyBoT’s approach is that
reasoning about individual goods, rather than coher-
ent sets of goods, when valuations are combinatorial,
is suboptimal. In the following example, ROXYBOT’s
approach is optimal, but the direct MU approach is not.
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Example 2.3 Given goods z,y,z, with combinatorial
valuations as follows: v(zyz) = v(zy) = v(yz) = 500
and v(z) = v(y) = v(z) = v(zz) = 0. Each good in
isolation is of no value, but together with y, either x or
z is worth 500. Assume all goods are priced equivalently
at 100. The optimal sets of goods in this example are xy
and yz, each of which yields utility of 300.

Now let us compute marginal utilities: p(z|zyz) =
u(zyz|p(z) = 0) — u(zyz|p(x) = c0) = 400 — 300 = 100;
m(ylzyz) = u(zyzlp(y) = 0) — u(zyz|p(y) = oo) = 400 —
0 = 400; and ju(2|2y2) = u(wyzip(z) = 0) —u(zyz|p(z) =
oo0) = 400 — 300 = 100. Thus, a MU bidder bids on all
three goods, and wins all three goods, obtaining utility
v(zyz) — (p(x) + p(y) + p(2)) = 200.

A bidder that first determines the set of goods it
wants bids on either z and y, or y and z, but not both.
Computing marginal utilities for (say) = and y yields:
u(zley) = u(zy|p(z) = 0)—u(wy|p(x) = o) = 400-0 =
400 and pu(y|zy) = u(zy|p(y) = 0) — u(zylp(y) = ) =
400 — 0 = 400. This bidder earns the optimal utility
v(zy) — (p(z) + p(y)) = 300. O

The main observations reported in this paper are the
following: (i) for all goods z in an optimal acquisition,
the price of x does not exceed the marginal utility of
z; (ii) for all goods = not in an optimal acquisition, the
marginal utility of z does not exceed the price of z. It
follows that bidding marginal utilities on precisely those
goods in an optimal acquisition is an optimal bidding
policy, if prices are exogenous (e.g., an agent’s individual
bidding behavior does not impact prices), and prices are
known with certainty.

Proposition 2.4 If A* C X is an optimal solution to
the acquisition problem, then p(xz|A*) > p(z), Vz € A*,
and p(z|A*) < p(z), Vo ¢ A*.

RoxYBoOT’s strategy answers questions 1 and 2 in
turn, and bids marginal utilities on all the goods it wants.
This strategy is optimal, under our assumptions, by the
previous observation. In particular, ROXYBOT wins all
the goods it wants by bidding marginal utilities. Of
course, bidding p(z), or oo, Vz € A*, are also optimal
policies in this setting. But bidding the marginal utility
of good z is a reasonable heuristic, since it is in fact an
optimal bidding policy if the prices of all goods other
than z are exogenous and certain.
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Abstract

NOA is an agent architecture that supports the
development of agents motivated by norms. ob-
ligations, permissions and prohibitions. Obliga-
tions motivate a normative agent to act: a motive
to achieve a state of affairs or to perform some
action. Prohibitions restrict an agent’s behaviour,
whereas permissions allow an agent to pursue
certain activities. To test the architecture, NoA
agents are applied to automated business transac-
tion scenarios where the correct execution of
contracts is paramount to create a situation of
trust.

1 Introduction

The NoOA normative agent architecture is designed to
support the development of agent societies where agents
are motivated by norms. obligations, permissions and
prohibitions. The development of the NoA agent archi-
tecture is driven by the particular needs of automated
business transactions within electronic commerce envi-
ronments. However, NoOA is designed as an architecture
that is generaly applicable for agent system develop-
ment. The specific concern of the NoA architecture is to
provide means for the development of norm-motivated
practical reasoning agents. This architecture is deter-
mined by two main elements. The NoA language for the
specification of plans and norms and the NoA interpreter,
which is capable of interpreting and executing plan and
norm specifications formulated in the NoA language. The
NoOA architecture and the NoA specification language for
norms and plansisinfluenced by systems such as Agents-
peak(L) [Rao, 1996]. There are three principa
distinctions, however, between these systems and NoA:

* Multiple effects. In common with planning do-
main specification languages such as PDDL
[PDDL], but in contrast to languages such as
JAM [Huber, 1999], the NoA plan specification
language allows all the effects of a plan to be
declared. Any of these effects can be the reason
for the agent to select a plan. This provides
greater flexibility in the specification of agent
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capabilities, and enables a NOA agent to reason
about the side-effects of executing a plan.

* Motivated by norms. NoA agents are motivated
by norms rather than desires and intentions.
These norms capture states of affairs or actions
the agent is obliged or permitted to achieve or
perform, or prohibited from achieving or per-
forming.

« Distinction between states and actions. The
norms governing the behaviour of a NoA agent
refer to either actions that are obligatory, permit-
ted, forbidden, or states of affairsthat are obliga-
tory, permitted or forbidden [Norman and Reed,
2001].

2 The NoA Language

The main elements that influence the behaviour of a NoA
agent are (a) a set of beliefs, (b) a set of pre-specified
plans and (c) a set of norms. These concepts are reflected
in the NoA specification language. The general form of a
NoA plan carries information about when it would be
allowed to select it for execution (preconditions), what
kind of states of affairs it can achieve (effects) and the
actual behaviour specification as the body of the plan.

plan stack ( X, Y)
preconditions ( ontable ( X ),clear ( Y) )
effects (on ( X, Y ),not ontable ( X)),
not clear (Y) )
{

achieve clear ( X) ;
primtive doMove ( X, Y ) ;
}

Figure 1. A NoA Plan

Figure 1 shows an example plan, usually applicable in a
blocks world scenario for stacking blocks. NoA plans are
chosen for achieving a state of affairs according to their
effects (see the effects list in figure 1). For the perform-
ance of an action, plans are chosen according to their
signature (name and parameter list). The plan body in this
exampl e shows language constructs to establish a subgoal
(achi eve cl ear (X)) and to perform primitive actions.
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obligation ( Bl ockMver,
achi eve ontable( a ),
on ( a, b)),
clear ( b ) and ontable( a)

Figure 2. A NOA norm specification

Figure 2 shows a norm specification: an obligation for
agent BlockMover to achieve the placement of a block a
on the table (again in an imagined blocks world). Each
normative statements carries information under what cir-
cumstances such a norm is “active” and therefore rele-
vant to an agent. Normative statements include activation
and expiration conditions that determine when a norm is
active and when it expires.

3 The NoA Interpreter

The behaviour of a NOA agent is determined by norms
and plans. Norms are relevant to an agent only if they are
“active”. Norms become active when the agent’s beliefs
reflect their specified conditions of activation. Activated
norms influence the behaviour of an agent in two ways,
(@) by motivating the generation of a goal that must be
achieved or an action that has to be performed, these are
externally motivated activities, and (b) by being used in a
special “norm filtering” step within the execution cycle
of the NoA architecture by restricting the options of the
agent in fulfilling its responsibilities.

Plans are instantiated when their preconditions hold.
From this set of plan instances, a set of plan options has
to be selected. This selection takes place according to one
of their effects, whereas all other effects represent side-
effects of this plan, which occur during its execution. All
the effects of a plan must be taken into account when it is
considered for execution, e.g. a plan selected for satisfac-
tion of one obligation may have a side-effect that is con-
trasting other norms.

while state / action requested
if achievement of state is requested
then plan_options = choose plan_instances (state)
else plan_options=retrieve_plan (action)
endif
filtered_plans = norm _filter (plan_options)
if filtered_plans not empty then
plan = deliberate (filtered_plans)
execute (plan)
endif
endwhile

Figure 3. Execution cycle of the NoA interpreter

The execution cycle of the NoA interpreter is shown in
figure 3. It is assumed that a change in the agent’s beliefs
activates / de-activates (@) obligations that motivate the
achievement of a state of affairs or the performance of an
action, (b) prohibitions and permissions relevant for the
norm filtering step, and (c) instantiates plans. In case that
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a state of affairs must be achieved, a set of plan instances
is chosen according to one of the effects they would pro-
duce if they would be executed (see figure 3). From the
set of currently instantiated plans (because their precon-
ditions hold) the set of plan options is chosen. In case
that the direct performance of an action is required, one
specific plan instance is chosen. Active norms such as
prohibitions and permissions are applied to this set of
plans to filter out those that would produce effects that
are forbidden or are directly acts that are forbidden. One
of the plans must be chosen for execution. The execution
of aplan can have various outcomes: performing a primi-
tive action affecting the world, updating beliefs or estab-
lishing a subgoal or subsidiary actions.

5 Conclusion

In this paper, the NoA normative agent architecture has
been presented as a framework that supports the devel-
opment of agent societies where agents are motivated by
norms. This architecture introduces norms as externa
motivators for an agent to achieve states of affairs or per-
form actions. It provides agents with capabilities of deci-
sion-making driven by such norms expressing the obliga-
tions, permissions and prohibitions of an agent. The NoA
normative agent architecture is based on three key con-
cepts: (@) a clear distinction between an agent taking re-
sponsibility for the achievement of a state of affairs and
the agent taking responsibility for the performance of an
action, (b) agents understand normative statements within
contracts and how to correctly execute them and (c) goal
/ action generation and plan selection is based on norms.
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A heuristic model for concurrent bi-lateral negotiations
in incomplete information settings
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Abstract Since we are interested in situations in time-constraired d
mains (such as e-commerce and grid computing), we concen-
Bi-lateral negotiations represent an important class  trate on the concurrent case and develop a coordinated bid-
of encounter in agent-based systems. To this end,  ding model in which the various negotiation threaastually
this paper develops and evaluates a heuristic model  influenceone another. By mutually influence, we mean that

that enables an agent to participate in multiple, con-  the progress and agreement in one negotiation thread is used

current bi-lateral encounters in competitive situa- to alter the behavior of the agent in another thread for the

tions in which there is information uncertainty and same service. For example, having obtained a good deal in

deadlines. one thread, the agent may adopt a tougher stance in its other
threads, to see if it can get an even better deal than the one it
already hag

1 Introduction

Automated negotiation is a key form of interaction in agent-2 T heconcurrent negotiation model

based systems. Such negotiations exist in many differenfne agent that wishes to purchase the service is called the
forms including one-to-one, one-to-many and many-to-manyhyyerand the agents that offer the service are calledséile
Generally speaking, however, the latter two cases are dealts Service agreements (contracts) are assumed to be multi-
with using some form of auction protocol (be it single-sided §imensional (covering issues suchgaiee, quality, quantity;

or double-_sided, respectively), V\_Ihi.|e the former are oftenetc_)_ The buyer has a deadling,, by when it must con-
tackled using some form of heuristic method. Here we fo-c|,de its negotiations for the service. Similarly, eachesel

cus on the one-to-one case, in which one agent wants to PUfsas its own negotiation deadlie . All the agents have

max*

chase a servicdrom another. Moreover, we consider com- theijr own preferences about the service and this informatio

petitive situations in which the agents hax@a priori knowl-  i5 private (as are the strategies the individual agentsvill
edge about the preferences of their opponelitsuch cases, The agents follow an alternating sequential protocol, ifcivh
the agents exchange proposals, representing acceptéble Sqne jjlocutions areoffer (a proposal made by one agent to the
tions, until el;her an agreement is reached or the negmtiati other),counter-offer(a counter proposal from an agent in re-
terminates with a failure. _ 'sponse to a proposal it received)cept(accept a proposed
To date, one of the inherent drawbacks of bi-lateral negotioffer), finalize (secure a deal with the chosen selleig¢line
ation models is that the agent has to a priori identify a ®ingl (reject the previously accepted offer) amithdraw(terminate
partner to interact with. However, this is inefficient in am-u the negotiation thread)_ The difference betweeamptand
certain setting where there are multiple providers of thre se finalizeis necessary in this work to deal with the problem of
vice that each have different characteristics. Inthis dasee  concurrent encounters. If the buyer accepts an offer from a
are two alternatives: (1) negotiate sequentially with a#l t = sejler then this is viewed as binding on the seller (for a spec
providers or (2) negotiate concurrently with them. The for-jfied period of time that is assumed to be longer thap,).
mer has the disadvantage that it may result in lengthy n@goti However, it is not binding on the buyer. Thus, the buyer may
tion encounters, but has the advantage that itis compalytiv accept several offers from multiple sellers in any one riegot
easy to use the outcome of one negotiation to dictate behavigtion episode. However, when it has completed all the nego-
in subsequent ones. The latter case has the advantage of tajgtions, the buyer wilfinalizeone of the accepted deals with
ing less time, but the disadvantage that coordinating behawyne of the sellers andeclinethe others (thus freeing them
iors among the various negotiation threads is more difficult
B 2This model differs from a one-to-many auction in that it allows
*Department of Electronics and Computer Science, University ofdirect interaction between the agent requiring the service and the

Southampton, UK. Emaitdn01r, nr} @ecs.soton.ac.uk providers offering it. This ability to exchange unmediated counter-
A service is here viewed an abstract representation of the capaffers enables the participants to indicate their preferences and con-
bility of an agent. straints directly to one another.
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from their commitment to the proposal). This two phase pro-dinator decides the negotiation strategy for each threlad in
cess is necessary so that the buyer can use accepted dealsialy and whether this should change over time to reflect any
a base line for the subsequent concurrent negotiations. agreements that have been made to date.

To ground our model, at this time we consider the set of
strategiesS to be composed of the class of time dependent

declin . . . A
e il strategies advocated [faratin, 2001 for bi-lateral negotia-
. tions in uncertain environments with time constraints. Séhe
; e W strategies fall into three categories, nametpnceder(S..),
8

linear (S;) andtough(S;) whereS = S. U S; U S;. All of
the strategies start with the same initial value that is gene
t’fﬁ@ ated in relation to the deadline and the reservation valbe. T
concederstrategy quickly lowers its value until it reaches its

reservation value. Thitnear strategy drops to its reservation
value in a steady fashion. Finally, thmughstrategy keeps its
value until the deadline approaches, then it rapidly drops t
its reservation value.

In his empirical analysis of the behavior of negotiating

In more detail, the model for the buyer agent consists ofigents that adopted these strategies, Faratin showed that i
two main components: eoordinatorand a number ofiego- it is possible to approximate the type of the opponent then
tiation threads(see figure 1). The negotiation threads dealthe agent can alter its strategy to be more effective. Given
directly with the various sellers (one per seller) and are rethis observation, the coordinator attempts such a claasific
sponsible for deciding what counter-offers to send to thention. Specifically, at timet: 2 < t < ¢4, Called the
and what proposals to accept. For maximum flexibility, weanalysis time the coordinator tries to determine if a given
assume that the buyer agent may adopt different strategieeller is aconcederor anon-concederlIn particular, assume
in each of its threads. We adopt separate semi-independe@tj is the value of the offer that seller agentmade at time
threads for reasons of modularity and coherence. The altej-: 0 < j < ¢. Then selleri is considered @oncederif
native of having every single negotiation move centrally co L S ;
ordinated and ?ntercgpting all thge bids received from aZI th k€ 2,1]: 0410k » - o Wherea IS the thr.es.hold value
sellers, is viewed as a computational bottleneck for theim S€t on concessionary behavior. There is a similar character
constrained environments we are targeting. ization of_n_on_-conceders and_ |_f the agent falls into neither

Each negotiation thread inherits the preferences from th€at€dory, itis judged not classified.
main buyer agent, including the acceptable ranges of values Let the set ofconcederand non-concedeagents be rep-
for each negotiation issue, the deadline of the negotiaieh  eésented byA® and A", respectively. Now, given the set
the current reservation value (the lowest utility valuerobé  Of strategiesS = {S;, 5}, 5} and the set of agentd =
fer that the agent considers acceptable). The coordinator d{A, A"}, the coordinator changes the strategy for each ne-
cides the negotiation strategies for each thread. Aftdreae  gofiation thread based on the type of the agent it is negotiat
gotiation round, the threads report back their status tathe NG With, in order to try and obtain better outcomes. Agents
ordinator. If a thread reaches a deal with a particularsélle Pelonging to the setl® are willing to concede in order to
terminates its negotiation. Based on the coordinationrsehe €nd up with agreements. Therefore, if the agent negotiates
it is using (see section 2.1 for more details), the coordinat toughly with some of them (keeping its offer consistent), it
will then notify all other negotiation threads of the newees May obtain a deal that has higher value than if it continues
vation value and it may change the negotiation strategy of€gdotiating in its present manner. However, if the agent ne-
some of them. The detailed working of the two componentgotiates in this way with all the agents, it may not obtain any

Thread n
conceder

Buyer Agent

Figure 1: System architecture

are described below. deals at all. Therefore, for reasons of balance, the agdint wi
negotiate in a tough manner with a subset of the agents in
21 Thecoordinator A¢, specifically with a percentag@’f%) of them. For the re-

mainder of the agents iA¢, the strategy remains unchanged.

The coordinator is responsible for coordinating all theazeg Similarly, if the agent believes a particular agent is in ke

tiation threads and choosing an appropriate negotiatiait- st A™ then in order to make sure it obtains a deal with some of
egy for each thread.

! . . them, it makes some of its own strategy more conciliatory.
As a first step, the coordinator acts like a blackboard forSpecificaIIy for the agents belonging to the s, a fixed
shared information about the ongoing encounters. Itresei e rcentagef9%) of them will have their behavior made con-
the current status from the various negotiation threads ('”ciliatory, while the remainder have their strategies uncfea.

cluding the proposal’s values), keeps a list of agreement§yre js no change to agents whose behavior cannot be clas-
reached and notifies the threads about any changes in thelfeq.

reservation values. Second, and more importantly, the-coor
EEr— . . _ 2.2 Thenegotiation threads
3This model is obviously biased in favor of the buyer and future 9

work will look at relaxing this constraint so that sellers can alsoAn individual negotiation thread is responsible for deglin
renege on deals. with an individual seller agent on behalf of the buyer. Each
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such thread inherits its preferences from the buyer ageht arResult 2 The number of proposals that are made in the con-
has its negotiation strategy specified by the coordinator. current model is less than the number made in the sequential

model.
Initialize Report backto |- Result 3 To realize the benefits of concurrent negotiations,
r the coordinator the buyer agent’s deadline must not be too short.

v Result 4 The final agreements reached by the concurrent
Make offer SRS model have, on average, higher or equal utility for the buyer
. Gotnotified == 214 propose reply than those of the sequential model (assuming the deadline is

l X not too short).
— Result 5 Changing the strategy in response to the agent’s as-
Process the ange the . . . .
notification [ ] . reservation Terminate  |— sessment of the ongoing negotiation is equal or better than
value/strategy .
‘ 7y not doing so.

. . o Result 6 To improve the performance of the concurrent
Figure 2: A single negotiation thread model, the analysis time should be moderately early (to have
time to have some effect) but not too early (so it is reasgnabl

In each thread (see figure 2), there are three main subcor@ecurate).
ponents; namelgommunication(represented by the dotted Result 7 When dealing with sellers inl°, the tougher the
lines), process(represented by the bold lines) asttategy  buyer negotiates the better the overall outcome it obtains.
The communicationsubcomponent is responsible for com-
municating with the coordinator. Before eachround, itésec 4 Conclusions and future work
for incoming messages from the coordinator and if there are L .
any, it passes them to tfpeocesssubcomponent. After each | NiS paper has developed a heuristic model for managing
round, it reports the status of the thread (including predos Concurrent negotiations in time-constrained settingsrevhe
proposals and the deal’s value if an agreement is reache@g€nts have no prior knowledge of their opponents or their
back to the coordinator. ThEocessubcomponent processes tYPes. Through empirical evaluation, we showed how the
messages from theommunicatiorsubcomponent. This can model leads to better deals, more quickly than its sequentia
either be changing the reservation value or changing tae str counterpart. We also highlighted the importance of the time
egy. Thestrategysubcomponent is responsible for making when the opponents’ negotiation strategies are classifidd a
offers/counter-offers, as well as deciding whether or oot t O the response to this assessment in terms of the degree of
accept the offer made by the seller agent. It uses the resei@ughness adopted. . .
vation value as the basis for deciding whether to accept the 1here are, however, a number of areas that still require fur-
seller's offer; in this case any offer with a value greaterth ther work_. First, thg means by which negotiation opponents
this is accepted, otherwise a counter-proposal is madegsnl are classified as being conceder or non-conceder needs to be

the deadline has passed in which case a decline is sent).  '€fined so that this monitoring can be made on an ongoing
basis (rather than as a one-off decision). Second, we need

3 Empirical evaluation to ajlow for the poss_ibility of sellers decommit.ting and rthe ,
) _ _ “having these commitment changes feedback into the buyer's
Having defined the model, the next step is to evaluate ithegotiation behavior. Third, we wish to extend the implemen
Given the aims of our work, we are interested in operationatation so that the coordinator and the negotiation threbss a
performance and so we decided to evaluate it empirically. Iembody fundamentally different models of bi-lateral négot
particular, we posed a number of hypotheses and evaluategion (e.g. based on constraint-satisfaction, game-yheor
them in different types of environment. ~any other method that is likely to be effective). In this gase
Our concurrent model is compared against a sequential n¢he key challenge is in designing the coordinator so thatrit ¢
gotiation model based dlfraratin, 2001 In this model, all  select, monitor and modify these strategies in line with the
the agents’ preferences, as well as the allocation of théestr  agent’s overarching negotiation objectives.
gies, are drawn from the same distributions as the conaurren
ones. The only difference witlFaratin, 200} is that if the  References

buyer agent reaches an agreement of vplirenegotiationi, _ ) ) o
tion value. Between Autonomous Computational Agents, PhD Thesis

We now turn to specific hypotheses. Due to the limitation Queen Mary College, London, England, 2001.
of space, we cannot show the corresponding graphs to supNguyen and Jennings, 2003. D. Nguyen and N. R. Jen-

port our claims (se€Nguyen and Jennings, 200®r more nings. Concurrent bi-lateral negotiation in agent systems
details), but, nevertheless we can summarize our main find- Proceedings of the 4th DEXA Workshop on e-Negotiations,
ings: Prague, Czech Repub)i2003.

Result 1 The time to complete the negotiation is less for the
concurrent model than for the sequential one .
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Imitation Learning of Team-play in Multiagent System
based on Hidden Markov M odeling

Itsuki Noda
CyberAssistResearciCenter AIST andPRESTO, JST, Japan
i . noda@i st.go.jp

Abstract

This paper addessesgents’intentionsasbuilding
blocksof imitation learningthat abstractocal sit-
uationsof the agent,and proposesa hierarchcal
hiddenMarkov model (HMM) to represehcoop
eratve behaviors of teamworks. The key of the
proposedmockl is introductionof gateprobabilities
thatrestricttransitionamorg agentsintentionsac-
cording to others’intentiors. Usingtheseprababil-
ities, theframawork cancontol transitionsflexibly
amongbasicbehaiorsin a cooperative behaior.

1 Introduction

Imitation learningis consideredo be a methodto acqure

compdex humanand agen behaiors and as a way to pro-

vide seeddor further learning[KI93; Sch99;MK98]. While

thosestudieshave focusedon imitating behaviors of single
agents,few works addressimitation for teamwork amorg

multiple agentsbecase the compleity of the world state
increasedrasticallyin multi-agent systems. On the other
hand stochastianodelslik e hiddenMarkov models(HMM)

have beenstudiedastoolsto model andto representmulti-

agent/lumaninteractimms[ORP00;1B99). It is, however, hard
to applythesestochastianodelsto imitate teamworks by ob-
senationbecaseof the compleity of themodel of multiple
agents.This studyfocusesupm intentions of agens asbuild-

ing blocksof anabstracstateof thelocal world for theagent
in order to overcome the problem. Using intention, | for-

malizeteamwork and proposea hierachical hiddenMarkov

modé for imitation learningof teamwork.

2 Teamwork and Imitation

2.1 Intention and Play

We supmsethatanintention is a short-tem ideato achieve
a certaincondtion from anotter cordition. For examge, in
soccer the intention ‘to guide a ball in a certaindirection
is anideato move to a certaindiredion with the ball. We
assumehat anintention is anindividual idea; therebre, an
agentdoesnot payattentionto others’efforts to achieve their
intention

A play is postulatedas a sequene of atomic actionsto
achiese a singleintention. Theplay is a basicbuilding block
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of overall behavior of agens. For example in soccera‘drib-
ble’ is a play to achieve the intention ‘guide a ball in a cer
tain directian’, which consistsof atomicactionslike ‘turn’,
‘dash’, ‘kick’, andsoon. A playfor theintentionis alsoanin-
dividual behaior without collabaationwith otheragentde-
causeanintentionis anindividual idea. As showvn below, an
intentionandthe correspndingplay areusedasa maintrig-
gerto synchraize team-pays amorg multiple agents. This
meanghattheintentionis treatedasa kind of partial cond-
tion of theworld.

2.2 Team-play

We suppaethatteam-play is a collection of playsperfamed
by multiple agentsto achieve a certainpurpose. As men-
tionedin the previous section,an intentionis an individual
idea.Thismearsthatmultiple ageniswhodonotchang their
intentiors cannot perfam ateam-play becausé¢hey have no
way to synchponizetheir plays. Instead we assumehatthey
cansynchonizetheir playsby changng their intentions ac-
cording to situationsof ervironmentsandintentiors of other
agentsFor examge, in soccerwhentwo players(passeand
recever) guide aball by dribble andpassplayeswill chang
their intentiors asfollows:

passer receiver
dribbling :
l suppating
seek-receier l
l free-run
pass !
: receve

In this examge, the passerand the recever initially have
intentiors ‘dribbling’ and ‘supporting’, respectiely. Then
the passerchangsthe intentionto ‘seek-reeiver’, followed
by thereceiver’s chang to ‘free-run’, the passess chargeto
‘pass’,andsoon. Playsyncthronizationis represetedascon-
ditionswhenagerns canchang theintention In theexamge,
thepassechangesits intentionfrom ‘seek+ecever to ‘pass’
whentheteammates intention is ‘free-run’.

2.3 Imitation Learning of Team-play

Theimitationlearningof ateampay is formalizedasfollows:
(1) Observation: to obsene behaiors of mentoragerts and
estimatewhatintentioneachagenthasat eachtime step.(2)
Extraction: to extractconditions prevailing wheneachagent
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changsintentiors. A condtion is representedisa corjunc-
tion of othes’ intentions. (3) Generation: to geneatea se-
guerceof intentionsaccordng to changsof ervironmentand
others’intentiors. In the secondstepof this processthein-
tention playsanimportant role: thatis, conditionsof charges
of intentins. As descriledin Section2.1, we consicer that
intention can representvorld conditiors. In additionto it,
we useonly intentions to constrict rulesfor agentgo change
theirintentions.

3 Hierarchical Hidden Markov Model for
Agents
3.1 Single Behavior Modél
We formalize belaviors of a basicplay m performedby a
singleagentasa Mooretype HMM asfollows:
HMMS,, = (Sm, Vi, Pm,Q,,., Rmn),

whereS,, = {smil|i € S} is asetof statesV,,, = {v}
is asetof a pair of sensowvalueandactioncommandswhich
areusedasoutputsfrom the state,P,,, = {pmi;li,7 € Sm},
Q,, = {gmi)|i € Sm,v € V. },and R, = {rpli €
S} areprobability matrixes of statetransition state-outpt
andinitial state respectiely.

3.2 Cooperative Behavior Model
As discussedn the previous section,we considerthatteam-

play consistsof a sequene of intentiors of multiple agents.

This meansthat cooperative behavior of a singleagentin a
teamof agentds consideed astransitionsamongseveralba-
sic plays(HMM?9). Therebre, we formalize cooperative be-
havior asthefollowing modfied Mealy-type HMM,

HMM¢ = (M,U,E.F,G, H),

where M = {HMMS?,,} is a setof basicplaysandU =
{u} is a setof outpu from the model (normally, sameas
M); E = {e,Jm € M} is asetof initial play probabilities,
F = {fninlm € M,i € S;,,n € M} is a setof exit-
ing probabilitiesfrom plays,andG = {gmnjlm € M,n €
M,j € S,} isasetof enterirg probabilitiesto plays. Also,
H = {hy,(u)m € M,n € M,u € U} is asetof gate
prohabilities betweerplays Formally, theseprobabilitiesare
deflnedas em = PER), foin = PHRY ), gy =

Pr(s\|R% ), andh,,, (u) = Pr(u VRS RY).

Usmgthesqarobd)lhnes anactualprobablllty from statei
in play m to statej in playn is calculatedas

Pr(s <t>| (1)) _ JmimPmij 5 m=n
Smi fmingmnj ym # n -

3.3 Joint-Behavior Model

Finally, we cougded multiple HMM¢s, eachof which repre-
sentsthe behavior of an agent. Coupling is representecby
gateprohabilities H. For examge, whenagen X andagentY
arecollaboratingwith eachother thegateprobaility £,y (1)
in HMM¢ for agentX indicatesthe probability thatagen Y
is performingplay u attime t whenagentX chargestheplay
from m ton during timet—t + 1. Usingthe gateprobability,
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the agentcalculatea likelihoad of the states,,; at a certain
timet 4 1 accordng to the following equation

(t+1) m=mn
Mg (0 mpn D

, wheret (1) js apartially obsened output valuein v attime
t+ 1.

nj

L(s(t+1>) _ { fmv,mpmzj(Im](

fmzngmn] mn(

4 Experiments

| apgied the framework to collabaative play of soccer The
demastrationby mentas is dribble andpassplay asshovn

in Fig. 1: A player startsto dribble from the centerof the
left half field and brings the ball to the right half. At the
sametime, anotter playerruns parallelalongthe upper (or

lower) sideof thefield suppating the dribbling playe. Then

the first playe slows to look-up the secondplayer; it then
passeghe ball to that player Simultaneaisly, the second
player startsto dashto the ball and dribbles after receving

theball. After the passithefirst playerexchargesroleswith

theteammateso thatit becanesa suppating playe for the
secondplayer

To imitate this demastration, | trained six HMMSs to
mode ‘dribble’, ‘slow-down andlook-up’, ‘pass’, free-run’,
‘chase-fall’, and'suppat’. Eachof HMM?®shas5 statesThe
outpu of theseHM MS3s consist=of local situations(therela-
tive positionandthe velocity to the ball) andagen’s actions
(‘turn’, ‘dash’, ‘small-kick’, 'longkick’, 'trap, and‘look’).
Notethatthereis no information abou others’situationsfor
outpu of HMMSs. As descriledin Section2.2, others’situ-
ationsaretakeninto account during the Extraction phasen
learning

Two HMM s for agentX (thefirst playe) andY (thesec-
ondplayer)areconstrictedafterthetraining of the HMMSs.
Then, the learnerobsenes behaiors of the menta and ad-
justsprobabilitiesof theHM M°Fs,

Figure2 shaws resultof obsenation andestimation.This
figureshawvstherelative likelihoodof eachplay statefor each
agentat eachtimestepestimatedoy Observation phase.In
this figure thereare 12 rows of small squaresupper 6 rows
correspnd 6 playsof thefirst player(agen X), andtherest
6 areplaysfor the secondplayer(agentY). Eachrow corre-
spond to aplay D, K, P, F, C, andS, eachof which means
‘dribble (D)’ , ‘slow-down andlook-up (K)’, ‘pass(P)’, ‘free-
run (F)', ‘chase-fall (C)', and‘suppat (S)’, respectiely. In
eachrow, acolumm consistsof 5 smallsquaregachof which
correspndsastateof HM M for oneof the6 playsatacertain
timestep. The ratio of black areain the squareindicatesthe
relative lik elihood with which the stateof the HM MSis active
atthetimestep.Columnsarealignedalongwith time. So,a
horizontal line of squaresmeanschanges of likelihood of a
stateof HM M3, Fromthis figure, we canseethatthelearrer
estimateghat the agentX startsthe play with the intention
of ‘dribble’, followed by ‘slow-down’, ‘pass’and‘support’,
while the playerY starts‘suppat’ play, followd by ‘chase-
ball’ and‘dribble’ plays.

After thetrainingby the Observation, thelearnercangen-
eratebehaiors similar to the demorstrationby usingthe ac-
quired probailities of the HMM¢€as shavn in Fig. 3. This
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tor's Behaviors

figureis constructedn the sameway asFig. 2, but only one
squareis filled in atimestepbecausehelearnerdecicesone
of the possiblestatesaccoding to the likelihood shovn in

Eqg.1. In thisexamge, althoughthelearnersometimegene-

ateswrong statetransitionsfor exanple atransitionto states
to the ‘free-run’ play in agen Y during agentX is doing

'slow-down’, it recoversto the suitabletransitiors and con-

tinuesto imitate the demastrator This showvs robustness
of the mockl againstaccidents. Becausehe modelis cou-

pledlooselywith world andothel's statesy output probabil-

ities of HMM, it canpermitvariation and misunderstandiig

of world andothers’states.

5 Discussion

Thereare several works on cougding HMMs that canrepre-

sentcombirationalprobabilistic pheromenalik e multi-agent

collabaation[JGS97,GJ97;JGJS9% In theseworks, prob-

abilistic relation amongseveral HMMs (agents)are repte-

sentedas state-transitiorprobailities, suchthatthe amount

of memaoy compleity increasegxponentially. Thisis a se-
rious prodem for imitation learnirg becauseve assumehat
thenumbe of exampesfor imitation is small. In our mockl,

therelationamang agentss represeted by gateprobabilities

H, in which others’ statesare treatedas outpus insteadof

ascondtions of statetransition Usingthem,thelikelihoads

of state-transitionaresimplifiedasproductsof severalprob

abilities (Eq. 1). In addition, detailedstatesof otheragents
are abstractedy play (intertion). As a result, the numkbker

of paranetersis redu@d drastically sothatlearnirg requres

very smallnumberof exanplesasshavn in above exanples.
Although suchsimplificationmay decreaeflexibility of rep-

resentatioras a probabilistic model, experimentsshow that
theproposedmodelhasenoudn powerto representteam-ply

amory ageirts.

Intention in the modelbrings anothe aspecto comnuni-
cation amorg agents. We assumethat thereare no mutual
communicationin the proppsedmodel. However, we canin-
troduce communicationasa bypassof obsenation and esti-
mationof others intention(play). The proposedmodelwill
be ableto provide criteria for whenan agentshouldinform
their intentionto othersby compaing agents’actualinten-
tionsandestimatedntention of theagentitself by simulating
itsown HMM®,
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atedby LearnedHMM

Oneimportantissueis the designof the intention In the
proposedmockl, intentionsplay variousimportart roleslike
chanling of the actiors andconditions of world state.There-
fore, we mustdesignintentionscarefdly sothatteam-pays
canberepreseted flexibly.
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Abstract

This article describes preliminary work on a
research environment called Virtual Synergy to
represent a shared virtual map of an area for
multiple autonomous robots by modifying the
GameBots 3D multi-agent system. The use of
GameBots will allow multiple users to interact
with robots and agents at different levels of
adjustable or dynamic autonomy. By interacting
with the robots as another team member, the
users take on different roles to suit the situation:
supervisor, peer, mechanic, teleoperator, and
spectator.

1 Introduction

GameBots [Adobbati et al., 2001] is a modification of the
commercial 3D multi-player video game Unreal
Tournament. We are creating an adaptation of GameBots
for robotic collaboration and intelligent agent research
called Virtual Synergy. Our system allows the robots to
share two environments at once: the physical environment
and a virtual environment hosted on a GameBots server,
which can be accessed remotely via the Internet; we’ll deal
with that aspect in section 2. The server also allows a user
to be present in the virtual environment and interact with the
robot through various mechanisms, which will be discussed
in section 3. Section 4 discusses the use of software agents.
Finally, in section 5, we will address how the current system
can be expanded to include intelligent agents to facilitate
human-robot interaction.

2 Inhabiting Multiple Worlds

We are developing a robot team to participate in the AAAI
Urban Search and Rescue (USAR) competition. One of the
tasks for the robots is to explore a simulated disaster area
and map the environment, locating walls, fallen objects,
areas to avoid (for structural reasons), and victims.
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The Virtual Synergy system provides a means for agents
in the virtual world to create a three-dimensional map by
placing objects that are detected in the real world in their
corresponding locations in the virtual environment. Each
robot on the team will exist in both the physical world and
the virtual world of Virtual Synergy. The robot will receive
information from its sensors in the real environment and the
Virtual Synergy server. The server will act as a virtual
sensor, but providing map information instead of data.
Because multiple agents will process the information
gathered from multiple sensors, we must deal with the
issues of sensor fusion.

A similar system called Player/Stage has been developed
for simulating sensors and robots in a virtual two-
dimensional world [Gerkey et al., 2001]. Both Player/Stage
and GameBots are designed to allow heterogeneous systems
to communicate with the server over an IP network.
Player/Stage sends simulated sensor readings to the client
and the client sends actuator commands back to
Player/Stage. The Virtual Synergy system, however, takes a
higher-level approach; it provides mapping and path
information; it also has the advantage of a three-dimensional
view and the ability for humans to take on a persona in the
environment.

3 Human Interactions

The nature of disaster areas often prohibits humans from
being physically present; therefore, it is necessary to
monitor and direct the robots from a distance, occluded by
walls and debris. Research in teleoperation has focused on
multiple operators controlling one robot. Murphy et al.
suggest that teleoperation can lead to “cognitive fatigue” of
the operators during long periods of operation and that the
information received by the user often exceeds the user’s
capacity to process it [Murphy, 2000]. Our system attempts
to resolve these issues with an intuitive interface that
mimics physical interaction with the robots. Research
dealing with multiple users interacting with multiple robots
has shown the need for “adjustable autonomy,” in which a
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robot can be controlled to varying degrees by user
intervention [Kortenkamp et al., 2002]. Multiple levels of
adjustable autonomy will be possible with the Virtual
Synergy system.

A user in the environment of a Virtual Synergy server
has various modes of navigation; he/she can fly unimpeded
by gravity, walk through walls, or use a more realistic
physics model. The interface for navigation is intuitive; it
was chosen because it was designed for navigation of a
three-dimensional environment by multiple human players.

We are researching the use of user roles to facilitate user
interactions with robots. Current research [Scholtz, 2002]
defines three levels of interaction with a robot: supervisor,
peer, and mechanic interactions. The different roles define
the information displayed to the user and the set of possible
interactions available to the user. In addition to the three
roles described in [Scholtz, 2002], we add two other roles:
spectators can view the environment but not interact with
the robots and teleoperators take complete control of the
robot by temporarily inhabiting its representation in order to
direct it through areas of difficulty.

Perzanowski et al. have developed a system for
controlling teams of robots using voice and gesture
commands [Perzanowski et al., 2002]. Our robotic
interactions are currently not based on speech or gestures,
but on direct manipulation of the robot’s world model.
While navigating in the virtual environment, the user will
instruct the robots through various commands such as
“come here.” The commands are English-like only for
purposes of user interface (natural language and gesture
commands are a foreseen addition). The user can also
directly modify the environment by leaving a path to follow
or indicating “hot spots” which suggest areas to explore.
The system also provides the user the ability to manipulate
the environment in order to rectify any sensor anomalies.

4 Software Agents

Autonomous software agents will also inhabit the virtual
environment as teammates. Agents can facilitate
communication between the users and the robots, effectively
providing a more natural, more human interface to dealing
with information from the robots. Since all agents (robots,
software agents, and people) in the virtual environment are
collaborators on the same team, they can all take on the
different roles with each other; in addition to carrying out
user-specified tasks, the software agents could also
autonomously lead a group of robots with minimal human
supervision.

5 Conclusion and Future Work

The ultimate goal of our project is to facilitate human
interaction with a team of robots and agents. We are
researching ways to increase the efficiency of robot
collaborators; our aim is to decrease the number of humans
required to monitor and collaborate with a larger team of
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robots without overloading the users with information from
an increasingly complex team of autonomous agents.

The two problems we are immediately facing are sensor
fusion and localization. Localization is important for
creating an accurate map of the environment; sensor fusion
becomes a problem once two robots are involved in building
the map: they could potentially be looking at the same
object. We would not want the same object to appear twice.

The use of two environments, one virtual, one actual,
allows for complex human-robot interaction and useful
inter-robot collaboration. Using the 3D environment of
Virtual Synergy will give the user an intuitive interface to
interact with the robots as another member of the team.
User roles will act to define the possible interactions with
the robots. Intelligent agents will assist the user by
responding to queries, gathering information, and
automating tasks.
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The problem of how to develop algorithms that guide thefunction f? is incrementally learned in an RL framework:
behaviour of personal, intelligent software agents participat- b N b N b b .
ing in electronic marketplaces is a subject of increasing inter- | (9:7:8) < f'(g:p.8) + a(v’(g,p,9) = £7(9p. 3))
est from both the academic and industrial research commuwhereq is called thdearning rate(0 < o < 1). The rep-
nities. Since a multi-agent electronic market environment isytation rating ofs is then updated based on whether or not
by its very nature, open, dynamic, uncertain, and untrustedhe true value of goog is greater than or equal to the value
it is very important that participant agents are equipped wittdemanded by. Our reputation updating scheme implements
effective and feasible learning algorithms in order to achievehe traditional ideas that reputation should be difficult to build
their goals. In this paper, we propose algorithms for buyingup but easy to tear down, and that a transaction with higher
and selling agents in electronic marketplaces, based on repvalue should be more appreciated than a lower one. The set

tation modelling and reinforcement learning (RL). of reputable and disreputable sellesé ands?,) are accord-
We model the agent environment as an open marketplad@gly re-calculated based on the updated reputation rating of
which is populated with economic agentsuyersandsell-  $

ers, freely entering or leaving the market. The process of [N our selling al_gori;[hm, a sesllef makes use of an ex-
buying and selling goods is realized via a 3-phase mechd2ected profit functiorh®, whereh?(g, p, b) represents seller

e« (i . " s expected profit if it sells good at pricep to buyerb. Seller
nism: (i) A buyer announces its request for a goi.Sellers s chooses a pricg to sell goodg to buyerb such that its

submit bids for delivering such goodgii) The buyer eval-  gynected profit is maximized. After the transaction, the ex-

uates the submitted bids and selects a suitable seller. Thusected profit functiort® is learned incrementally using RL:
the buying and selling process can be viewed aawation

where a seller is said to b&inning the auctiorif it is able h*(g,p,b) < h*(g,p,b) + (¢”(g,p,b) — h*(g,p,b))

to sell its good to the buyer. We assume that the quality of awhere¢* (g, p,b) is the actual profit of selles when it sells
good offered by different sellers may not be the same, a sellagoodg at pricep to buyerb, and is defined as follows:

may alter the quality of its goods, and there may be dishonest (o) if s wins th .

sellers in the market. We also assume that a buyer can exam-  ¢°(g, p,b) = { p—c*(g,b) if s wins the auction

: ; . . . 5 0 otherwise.

ine the quality of the good it purchases only after it receives

that good from the selected seller. wherec®(g, b) is the cost of selles to produce good for

In our approach' buymg agents learn to avoid the risk 01buyerb. Our selling algorithm also allows sellers to alter the
purchasing low quality goods and to maximize their expectediuality of their goods in order to meet the buyers’ needs and
value of goods by dynamically maintaining sets of reputable© further increase their future profit, depending on the suc-
and disreputable sellers. Selling agents learn to maximiz€ess of their previous sales with the buyers.

their expected profits by adjusting product prices and option- We believe that our approach should lead to improved sat-
ally altering the quality of their goods. isfaction for buyers and sellers, since buyers should be less at

risk of purchasing low quality goods when maintaining sets

function * where f® represen X of reputable.and dlsrepqtable sellersz and since sellers are al-
Vlgﬁé%f guilingzgg@(gt’g}fgep(ef?o?ese}iseg9)/8dﬂj))s/eerb?negitﬁ-d lowed to adjust both price and quality to meet the buyers’
tains reputation ratings for all sellers, and chooses among i¢émands. _ _

set of reputable seller§? a sellers that offers goody at We have performed experimentation to measure the value
price p with maximum expected value. In addition, with a Of our model on both microscopic and macroscopic levels.
small probabilityp, buyerb chooses to explore (rather than On the micro level, we were interested in examining the indi-
exploit) the marketplace to discover new reputable sellers byidual benefit of agents, particularly their level of satisfaction.
randomly selecting a sellg provided that is not from the  Our experimental results show that in both modest and large
set of disreputable sellels), . After paying sellers and re-  sized marketplaces, buyers following the proposed buying al-
ceiving goody, buyerb can examine the quality of g and  gorithm (i.e., using the combination of RL and reputation
calculate the true value’(g, p, ¢) of g. The expected value modelling) will achieve better satisfaction than buyers using

In our buying algorithm, a buyéruses an expected value
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RL alone, and that sellers following the proposed selling al-
gorithm (i.e., using RL and adjusting product quality) will
make better profit than sellers using only RL. On the macro
level, we studied how a market populated with our buyers and
sellers would behave as a whole. Our results demonstrate that
such a market can reach an equilibrium state where the agent
population remains stable (as some sellers who repeatedly fail
to sell their goods will decide to leave the market), and this
equilibrium is optimal for the participant agents.

imber of Purchases

N
8

We report some experimental results confirming the satis- S R e I
faction of buyers following the proposed algorithm in a large e Frout vake
sized marketplace. The simulated market is populated with A
160 sellers and 120 buyers where each buyer participates in _
5000 auctions. The seller population is equally divided into
four groups: Group A offers goods with quality chosen ran-
domly from the quality interval [32, 42]. Group B consists of
dishonest sellers, who try to attract buyers with high quality
goods ¢ = 45) and then cheat them with really low quality
ones ¢ = 1). Sellers in group C use RL but do not consider
adjusting product quality; they offer goods with fixed quality
39. Sellers in group D follow the proposed selling algorithm I,_’—W ‘
and offer goods with initial quality 39. The buyer population R R R

True Product Value

is divided equally into two groups: Group | uses RL alonerigyre 1: Histograms of true product values obtained by a buyer
and group Il follows the proposed buying algorithm. We setysing RL alone (a), and a buyer using the proposed algorithm (b).
quality equal to cost to support the common idea that it costs ®

more to produce high quality goods. Also, we set the true
product valuer® = 3.5¢ — p, the demanded product value
¥? = 100, the learning rater = 1 and exploration ratp = 1
initially with both decreased over time by factor 0.9997 down
t0 aynin = pmin = 0.1. The results reported here are based
on the average taken over the respective populations of the
two groups of buyers.

3
8

1500

Number of Purchases

8

Figure 1(a) and (b) present the histograms of true prod- i

uct values obtained by a buyer using RL alone, and by a T “ﬂm Mlm wi
buyer following the proposed buying algorithm, respectively. T _m “HHMH““”‘
Clearly, the buyer following the proposed algorithm receives e
more goods with higher value{ = 110) and fewer goods T
with lower values ¢* = 65...105), and is therefore better
satisfied. In particular, the buyer following the proposed al-
gorithm makes about 2350 more purchases with high product
value of 110 (or 15.67 times greater) than those purchases
made by the buyer using RL alone.

Actual Profit

We are also interested in seeing how much better the buyer
following the proposed algorithm is able to avoid interaction
with the dishonest sellers. Figure 2(a) and (b) show the profits
made by the dishonest sellers from the buyer using RL alone, %O w0 om0 a0 o wm w0 w0 @w ww

Number of Auctions

and from the buyer following the proposed algorithm, respecfigure 2:Profits made by the dishonest sellers from the buyer using
tively. We notice that graph (a) is higher than graph (b), indi-RL alone (a), and the buyer using the proposed algorithm (b).
cating that the dishonest sellers are able to make more profit
from those buyers that only use RL but do not model sell- , ganeral our work demonstrates that reputation mod-
ers’ reputation. Moreover, the profit in graph (b) is reduced

fter about 2700 . imolving that in the | elling can be used in combination with reinforcement learn-
to zero after about auctions, Implying that in the longj, 1 design intelligent learning agents that participate in
run the dishonest sellers are not able to make any profit fro

he b following th d algorithm. b h "Blectronic marketplaces. This research also aims to provide a
the buyer following the proposed algorithm, because they argincipled framework for building effective economic agents
rated as disreputable sellers and therefore no longer chosey gesirable electronic market environments.

by the buyer.
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Abstract

This paper illustrates how a multi-agent sys-
tem implements and governs a computational
linguistic model of phonology for syllable recog-
nition. We describe how the Time Map model
can be recast as a multi-agent architecture
and discuss how constraint relaxation, output
extrapolation, parse-tree pruning, clever task
allocation, and distributed processing are all
achieved in this new architcture.

1 Introduction and Motivation

This paper investigates the deployment of multi-agent
design techniques in a computational linguistic model
of speech recognition, the Time Map model [Carson-
Berndsen, 1998]. The architecture of the model is il-
lustrated in Figure 1. In brief, phonological features are
extracted from the speech signal using Hidden Markov
Models resulting in a multi-tiered representation of the
utterance. A phonotactic automaton (network represen-
tation of the permissible combinations of sounds in a
language) and axioms of event logic are used to inter-
pret this multilinear representation, outputting syllable
hypotheses [Carson-Berndsen and Walsh, 2000]. In what
follows, we firstly introduce the multi-agent paradigm
and discuss the use of agents equipped with mental mod-
els. Secondly we illustrate how the model can be recast
within a multi-agent architecture. The paper concludes
by hightlighting the benefits of such an approach.

2 The Multi-Agent paradigm

The Multi-Agent paradigm is one which promotes the
interaction and cooperation of intelligent autonomous
agents in order to deal with complex tasks (see [Ferber,
1999] for an overview of the area). The agents used to
recast the Time Map model are deliberative reasoning
agents which use mental models.The particular architec-
ture chosen to recast the Time Map model is known as
the Belief-Desire-Intention (BDI) architecture [Rao and
Georgeff, 1991].According to the BDI paradigm an agent
is equipped with a set of beliefs about its environment
and itself, a set of computational states which it seeks
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Figure 1: The Time Map model architecture

to maintain, essentially desires and a set of computa-
tional states which the agent seeks to achieve, that is
intentions.

The agents are created through Agent Factory [O’Hare
et al., 1999], a rapid prototyping environment for the
construction of agent based systems. Agents created
using Agent Factory are equipped with a Mental State
model and a set of methods (the actuators). Agents used
in speech techonology in the past [Erman et al., 1996] ex-
hibited only weak agenthood. However, the agents deliv-
ered through Agent Factory are intentional agents with
rich mental states governing their deductive behaviour;
they exhibit strong notions of agenthood. The model
presented below is both pioneering and in stark contrast
to prior research in that it represents the first attempt
to explicitly commission a multi-agent approach in sub-
word processing. The benefits of this model are discussed
in section 4.

3 The Time Map Model as a
Multi-Agent System

A number of agents are required in order to recast the
Time Map model accurately, namely the Feature Extrac-
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tion Agents, the Windowing Agent, the Segment Agents,
and the Chart Agents. These agents are detailed below.
The architecture is illustrated in Figure 2.

The Feature Extraction Agents

Numerous Feature Extraction Agents, operating in par-
allel, output autonomous temporally annotated features
(i.e. events). These events are extracted from the utter-
ance using Hidden Markov Model techniques, for more
details see [Abu-Amer and Carson-Berndsen, 2003].The
feature output is delivered to the Windowing Agent.

The Chart Agent

Chart Agents have a number of roles to play in the syl-
lable recognition process. One role is to inform the Win-
dowing Agent of all phonotactically anticipated phoneme
segments for the current window. This information is ex-
tracted from all transitions traversable from the current
position in the phonotactic automaton. For example in
Figure 2 an [s] segment has already been recognised at
the onset of a syllable. Based on this the Chart Agent
can predict a number of subsequent segments, including
a [p] as illustrated. Thus, it communicates its segment
predictions, along with their constraint, rank, thresh-
old and corpus-based distributional information, to the
Windowing Agent.

Chart Agents also monitor progress through the
phonotactic automaton by maintaining records of the
contiguous transitions that have been traversed as a re-
sult of recognising phonemic segments in the input. The
Chart Agent is informed of which segments have been
recognised by Segment Agents. If the segment is one
which was anticipated (i.e. a phonotactically legal seg-
ment) by the Chart Agent then the associated transi-
tion is traversed.Chart Agents begin tracking the recog-
nition process from the initial state of the phonotactic
automaton. If a Chart Agent reaches a final state in
the phonotactic automaton then a well-formed syllable
is logged. It is also possible that the segment recognised
is not one anticipated by the Chart Agent. In this case
an ill-formed structure is logged and the Chart Agent
returns to the initial state of the automaton in anticipa-
tion of a new syllable. In certain cases the Chart Agent
receives recognition results from Segment Agents based
on underspecified input. In these cases the Chart Agent
can augment the results by adding anticipated feature
information provided that there is no conflicting feature
information in the input. This is known as output ex-
trapolation.

The Windowing Agent

As previously mentioned the Windowing Agent receives
segment predictions from Chart Agents for the current
window. The Windowing Agent also takes the current
output produced by the Feature Extraction Agents, con-
structs a multilinear representation of it, and proceeds
to window through this representation. For each win-
dow examined it identifies potential segments that may
be present based on partial examination of the feature
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content of the window. Potential segments can be iden-
tified by using a resource which maps phonemes to their
respective features. Priority is placed on attempting to
recognise predicted segments first. Therefore, the Win-
dowing Agent spawns a Segment Agent for each potential
segment that is also predicted by a Chart Agent, before
spawning a Segment Agent for potential segments not
predicted by a Chart Agent. The incremental spawn-
ing of Segment Agents for potential segments is depen-
dent on the progress made by Segment Agents already
activated. In Figure 2 the Windowing Agent has re-
ceived predictions from the Chart Agent. Having placed
an initial window over the feature-extracted multilinear
representation of the utterance, the Windowing Agent
identifies a number of potential segments in the win-
dow. Segment Agents are spawned, two of which are
illustrated, one for the predicted potential segment [p],
and one for the unpredicted potential segment [b]. The
Segment Agent is discussed below.

The Segment Agent

Each Segment Agent spawned by the Windowing Agent
has a specific phonemic segment which it seeks to recog-
nise. Segment Agents for segments which were not pre-
dicted have default information from the resource which
maps phonemes to their respective features. For exam-
ple, according to Figure 2 a Segment Agent attempt-
ing to recognise a [b] requires that voiced (voi+), stop
and labial features all overlap in time. However, Seg-
ment Agents for segments which were predicted may
have altered rankings, provided by the Chart Agent and
founded on corpus-based distributional information or
cognitive factors. A Segment Agent attempts to satisfy
each of its overlap relation constraints by examining the
current window. Each time a constraint is satisfied its
rank value is added to a running total known as the
Segment Agent’s degree of presence. If the degree of
presence reaches the threshold then the Segment Agent
is satisfied that its segment has been successfully recog-
nised. For predicted segments certain constraints may
be relaxed, i.e. not all constraints need to be satisfied in
order to reach the threshold. Rather than all Segment
Agents reporting back to the Windowing Agent, each
Segment Agent communicates its degree of presence to
the other Segment Agents in the environment. Only if a
Segment Agent identifies that it has the greatest degree
of presence and has reached its threshold will it ask the
Windowing Agent to proceed to the next window. It will
also inform Chart Agents that its segment has been suc-
cessfully recognised. When a Segment Agent finds that
one of its constraints is satisfied it can share this result
with other Segment Agents. Thus a Segment Agent at-
tempting to satisfy the same constraint may not have to
do so.

4 Benefits of the Multi-Agent Approach

The recasting of the Time Map model results in an inno-
vative multi-agent system for speech recognition which is
significantly different from more traditional approaches.
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Figure 2: Multi-Agent Time Map Architecture

This new architecture provides a principled means of dis-
tributing a computationally heavy work load among sev-
eral task-specific agents, operating in parallel, and col-
laboratively, thus alleviating the computational strain.
The use of agents facilitates information sharing, search
space pruning, constraint relaxation and output extrap-
olation. From a computational linguistic viewpoint this
architecture allows an explicit separation of the declara-
tive and procedural aspects of the model. In this way the
knowledge sources can be maintained independently of
the application which is particularly important in speech
recognition applications to ensure scalability to new task
domains and migration to other languages.
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Abstract

Noun compound interpretation is the task of de-
termining the semantic relations among the con-
stituents of a noun compound. For example, “con-
crete floor” means a floor made of concrete, while
“gymnasium floor” is the floor region of a gym-
nasium. We would like to enable knowledge ac-
quisition systems to interpret noun compounds, as
part of their overall task of translating imprecise
and incomplete information into formal representa-
tions that support automated reasoning. However,
if interpreting noun compounds requires detailed
knowledge of the constituent nouns, then it may not
be worth doing: the cost of acquiring this knowl-
edge may outweigh the potential benefit.

This paper describes an empirical investigation of
the knowledge required to interpret noun com-
pounds. It concludes that the axioms and ontologi-
cal distinctions important for this task are derived
from the top levels of a hierarchical knowledge
base (KB); detailed knowledge of specific nouns
is less important. This is good news, not only for
our work on knowledge acquisition systems, but
also for research on text understanding, where noun
compound interpretation has a long history. A more
detailed version of this paper can be found in [Fan
etal., 2003].

1 Introduction

Knowled@ acquisition involves building knowledge bases
(KBs) from the information provided by standard sources of
expertise, such as people and texts. In addition to extract-
ing relevant information, knowledge acquisition involves re-
expressing the information in a formal language suitable for
machines to reason with. In general, this is difficult because
the information is initially expressed in natural languages,
and these expressions are notoriously imprecise and incom-
plete. However, the goal of our project is to improve knowl-
edge acquisition methods by automating the translation of
some kinds of expressions from natural languages to formal
ones. We call this task loose-spealknterpretation

Several kinds of expressions are good candidates for loose-
speak interpretation by knowledge acquisition systems. For

POSTER PAPERS

example, noun compounds omit information that can often
be inferred, e.g. conceetefloor is “a floor madeof concrete”,
while gymnasiunloor is “the floor region of a gymnasium”.
Another candidate is metonymic expressions. These expres-
sions contain incompatible terms and must be expanded to
make meaningful phrases. For example, the statement Joe
read Shalespeage, means “Joe read text written by Shake-
Speare”.

This paper focuses on the first kind of loose-speak: in-
terpreting noun compounds in the context of knowledge ac-
quisition. A noun compound is a sequence of nouns com-
posed of a head noun and one (or more) modifiers. The head
noun determines the type of the whole compound (with few
exceptions), and the modifiers specialize the type from the
head noun. Although we limit our study to only pairs of
nouns, our results can be applied to longer noun compounds
by bracketing them into pairs of nouns (with few exceptions),
and then interpreting each pair [Liberman and Sproat, 1992;
Pustejovsky and Bergler, 1993; Barker, 1998].

The computational linguistics community has studied noun
compound interpretation extensively [Leonard, 1984; Down-
ing, 1977; Levi, 1979; Finin, 1986; Fabre, 1996; Lauer and
Dras, 1994; Barker, 1998; Vanderwende, 1994]. In these
studies, the task is to select a single semantic category for
each pair of nouns. The selection is usually made from a
small list of semantic categories, for example category part-
of is selected for noun compounds like humanlung, category
material for marble statue and category object-offor troop
movement

Our task is more general. Rather than selecting a single
semantic category, our task is to find a sequence of semantic
relations that links two nouns in a compound. Semantic rela-
tions are a list of about 50 thematic roles such as agent, ob-
ject, has-part,location,...,, For example, given animalvirus,
a traditional interpretation may classify this as a location cat-
egory (animalvirus is a virus in an animal). A loose-speak
interpretation may be composed of a combination of semantic
relations, such as: “an animalvirusis a virus that is the agent
of an invade, such that the object of the invade is the cell part
of an animal”.

Furthermore, computational linguists approach the noun
compound interpretation task armed with lots of examples,
but little or no knowledge about the constituent nouns. Typ-
ical solutions are based on statistical patterns discovered in
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the corpus of examples. In contrast, we approach the task in
the context of the constituent nouns knowledge — their tax-
onomic classification, at least — but few examples of noun
compounds, let alone a corpus.

2 Interpreting noun compoundsduring
knowledge acquisition

During knowledge acquisition, the domain expert (or, more
generally, the knowledge source) may provide a houn com-
pound in any dialogue that expects a noun. Our knowl-
edge acquisition system successfully interprets the noun com-
pound if it finds a correct sequence of semantic relations be-
tween the head noun and its modifier and builds a correct for-
mal representation of the noun compound.

If noun compound interpretation requires a priori, detailed
knowledge of the head noun and its modifier, then the cost
of acquiring this knowledge may overshadow the benefit of
interpreting the compound. If, on the other hand, noun com-
pounds can be successfully interpreted without much knowl-
edge about the specific constituent nouns, then the problem is
avoided, and a knowledge acquisition system might interpret
one concept (the noun compound) while related concepts (the
constituent nouns) are only skeletal. Knowledge bases tend to
grow in this uneven way — following the lead of the knowl-
edge sources providing expertise — and a knowledge acquisi-
tion system should support it.

The purpose of this study is to determine what sort of
knowledge is required to interpret noun compounds, and how
this knowledge might be obtained. Before delving into the
details of the study, it’s important to understand what we are
notattempting to do.

We are not presenting a novel algorithm for noun com-
pound interpretation. Our algorithm is quite simple and is
derived from previous research. Also, we are not introducing
a new type of knowledge representation or a novel technique
of automated reasoning. Finally, we are not using a new, com-
prehensive knowledge base. We built a couple of them rather
quickly and we’re using another — not built for this task — “off
the shelf.”

In summary, what we are doing is evaluating the knowl-
edge requirements of a standard search algorithm applied to
a variety of typical knowledge bases through a series of abla-
tion studies.

3 Experiments

The challenge in measuring an algorithm’s sensitivity to
knowledge base content is that the results may vary across
domains and across knowledge bases. We attempt to neu-
tralize these factors by replicating our study in three domains
with quite different knowledge bases.

The noun compound interpretation task can be viewed as
follows: given a knowledge base encoded as a conceptual
graph, and a pair of nouns corresponding to two nodes in
the graph, find a path of semantic relations between them.
The algorithm we used is a breadth-first search algorithm on
a knowledge base. The algorithm is given a noun compound
of the form < C1,C> > where C; and C5 are the KB con-
cepts that are mapped from the constituents of the given noun
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compound. Each of the first two steps conducts a breadth-
first search of the knowledge base along all semantic relation
arcs. The first search starts from Cy and looks for C5 or any
superclass or subclass of it. The second search starts from C»
and looks for C; or any superclass or subclass of it. Step 3
combines the results, sorted by path length.

To avoid getting results that are skewed to a particular do-
main or knowledge representation, we used a variety of quite
different data sets. The first consists of 224 noun compounds
from a college-level cell biology text [Alberts et al., 1998].
The second consists of 294 noun compounds from a small
engine repair manual. The third data set consists of 224 com-
pounds from a Sun Sparcstation manual. The nouns used in
these data sets are mapped to the corresponding concepts in
knowledge bases on these topics.

Despite these commonalities, the KBs differ significantly.
First they differ in terms of how they were built. The knowl-
edge base for the biology text was built using the generic
Component Library [Barker et al., 2001] to answer end-of-
the-chapter style questions, as one of the challenge problems
for DARPA’s Rapid Knowledge Formation project [Clark et
al., 2001]. The knowledge bases for the other two data sets
(the small engine repair manual and the Sparcstation manual)
were built “on top of” the knowledge in WordNet [Fellbaum,
1998]. We augmented WordNet with the upper ontology of
the generic Component Library plus about ten concepts that
are important to each of the two domains whose partonomies
are not complete in WordNet. Through this process, we en-
coded 416 concepts in about 50 man-hours. The advantage of
using WordNet as the foundation for these knowledge bases
is two-fold: it includes most of the terms used in the data sets,
linked with both taxonomic and partonomic relations, and it
is widely available and well used. The KBs also differ in
content. Other than the shared upper ontology of the generic
component library, they have few concepts in common.

The importance of each level of the ontology is measured
through a series of ablations. When a level is ablated, the
concepts on that level and all their axioms are deleted from
the knowledge base. The superclasses of the subclasses of
these concepts are changed to the superclasses of the concepts
being deleted. As a special case, when the 0th level (the root
level concept) is deleted, it is replaced by a generic concept of
“Thing”. Because the root level concept is vacuous, deleting
it has no affect.

4 Results

Ablating levels of the ontology shows that they differ in their
importance for the noun compound interpretation task. With-
out any ablation, both precision and recall of the noun com-
pound interpretation are around 80% across all three knowl-
edge bases. Ablating level one causes a big drop in both pre-
cision and recall. Ablating level two introduces a big gap be-
tween precision and recall because the algorithm does not find
interpretations for many noun compounds. As lower levels in
the ontology are ablated one at a time, the impact diminishes
and performance improves to the level of a knowledge base
with no ablations.

The contribution of the first two levels of the ontology is
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observed across all three data sets and knowledge bases. This
pattern strongly suggests that top levels of the ontology are
most important for the noun compound interpretation task,
which is likely due to some combination of two factors:

1. Top levels of the ontology include concepts that make
important ontological distinctions. For example, ablat-
ing the level that introduces Entity and Eventblurs the
distinction between obviously different concept, which
causes the search to stop with erroneous results. Con-
sequently, many more interpretations are returned, and
because we only use the first interpretation, the possibil-
ity of it being correct is reduced.

2. Although they contain relatively few axioms, these ax-
ioms are important for the task. The top-level ontology
contains the most frequently used axioms, such as that
“every Action involves an object that is acted upon”.
These axioms are used in the search as a step along the
way. Deleting these axioms makes it difficult to find an
interpretation for many of the noun compounds, thereby
causing recall to lag behind precision.

5 Conclusion

This paper reports an encouraging result: interpreting noun
compounds does not require detailed knowledge of the con-
stituent nouns. Rather, it requires only that the nouns be cor-
rectly placed in a taxonomy, and that the taxonomy include
the ontological distinctions and axioms commonly found in
domain independent upper levels. These requirements are
easily met in the context of knowledge acquisition, which is
our focus.

We reached this conclusion using a novel experimental
method. We measured the contribution of each level of the
ontology to the task of interpreting noun compounds. We ab-
lated successive levels of the ontology one at a time, thereby
conflating ontological distinctions and removing the axioms
associated with concepts at each level. We found that the up-
per levels of the ontology for the KBs we used are the most
important for noun compound interpretation. As lower levels
in the ontology are ablated one at a time, the impact dimin-
ishes to nil. A more detailed version of this paper can be
found in [Fan etal., 2003].
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Abstract

Previous algorithms to compute lexical chains suf-
fer either from a lack of accuracy in word sense
disambiguation (WSD) or from computational in-
efficiency. In this paper, we present a new linear-
time algorithm for lexical chaining that adopts the
assumption of one sense per discourse. Our results
show an improvement over previous algorithms
when evaluated on a WSD task.

1 Introduction

Passages from spoken or written text have a quality of unity
that arises in part from the surface properties of the text;
syntactic and lexical devices can be used to create a sense of
connectedness between sentences, a phenomenon known as
textual cohesion [Halliday and Hasan, 1976]. Of all cohesion
devices, lexical cohesion is probably the most amenable
to automatic identification [Hoey, 1991]. Lexical cohesion
arises when words are related semantically, for example
in reiteration relations between a term and a synonym or
superordinate.

Lexical chaining is the process of connecting semantically
related words, creating a set of chains that represent different
threads of cohesion through the text. This intermediate
representation of text has been used in many natural language
processing applications, including automatic summarization
[Barzilay and Elhadad, 1997; Silber and McCoy, 2003 ], infor-
mation retrieval [Al-Halimi and Kazman, 1998], intelligent
spell checking [Hirst and St-Onge, 19981, topic segmentation
[Kan et al., 1998], and hypertext construction [Green, 1998].

A first computational model of lexical chains was in-
troduced by Hirst and St-Onge [1998]. This linear-time
algorithm, however, suffers from inaccurate WSD, since their
greedy strategy immediately disambiguates a word as it is
first encountered. Later research [Barzilay and Elhadad,
1997] significantly alleviated this problem at the cost of a
worse running time (quadratic); computational inefficiency
is due to their processing of many possible combinations of
word senses in the text in order to decide which assignment is
the most likely. More recently, Silber and McCoy [2003] pre-
sented an efficient linear-time algorithm to compute lexical
chains, which models Barzilay’s approach, but nonetheless
has inaccuracies in WSD.
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In this paper, we further investigate the automatic identifi-
cation of lexical chains for subsequent use as an intermediate
representation of text. In the next section, we propose a new
algorithm that runs in linear time and adopts the assumption
of one sense per discourse [Gale ef al., 1992]. We suggest
that separating WSD from the actual chaining of words can
increase the quality of chains. In the last section, we present
an evaluation of the lexical chaining algorithm proposed in
this paper, and compare it against [Barzilay and Elhadad,
1997; Silber and McCoy, 2003] for the task of WSD. This
evaluation shows that our algorithm performs significantly
better than the other two.

2 Lexical Chaining with a Word Sense
Disambiguation Methodology

Our algorithm uses WordNet [Miller, 1990] as a knowledge
source to build chains of candidate words (nouns) that are
related semantically. We assign a weight to each semantic
relation; in our work semantic relations are restricted to
hypernyms/hyponyms (e.g. between cat and feline) and
siblings (hyponyms of hypernyms, e.g. dog and wolf).
Distance factors for each type of semantic relation prevent
the linkage of words that are too far apart in the text; these
factors are summarized in Table 1.

The algorithm can be decomposed into three steps: build-
ing a representation of all possible interpretations of the text,
disambiguating all words, and finally building the lexical
chains. First, similarly to [Silber and McCoy, 2003], we
process the whole text and collect all semantic relations
between candidate words under any of their respective senses.
No disambiguation is done at this point; the only purpose is to
build a representation used in the next stages of the algorithm.
Note that this is the only stage where the text is read; all
later stages work on this implicit representation of possible
interpretations, called a disambiguation graph (Figure 1).
In this kind of graph, nodes represent word instances and
weighted edges represent semantic relations. Since WordNet
doesn’t relate words but senses, each node is divided into as
many senses as the noun has, and each edge connects exactly
two noun senses.

This representation can be built in linear time by first build-
ing an array indexed by senses of WordNet and processing a
text sequentially, inserting a copy of each candidate word into
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Semantic relation | 1sent. 3sent. 1par. other
synonym 1 1 0.5 0.5
hypernym/hyponym 1 0.5 0.3 0.3
sibling 1 0.3 0.2 0

Table 1: Weights of relations depending on the kind of
semantic relationship and distance (in number of sentences
or paragraphs) between two words.

#1: autumn N
CREDIT
UNION ACQUIRER
FALL
SN #3: descent,
#;2. splI//, declivity
umple #1: financial "
institution __—----
#2: slope
#3: reserve

Figure 1: A disambiguation graph, an implicit representation
of word-sense combinations (in this example, all weights are
equal to 1.)

all entries that are valid senses of this word (for example, in
Figure 2, the instances car and auto have been inserted under
the same sense in the array). Then, we check whether the
noun instance that was just inserted is semantically related
to other nouns already present in the array. We do so by
looking at hypernyms, hyponyms, and siblings, and if any
of these related senses have non-empty entries in the array,
we create the appropriate links in the disambiguation graph.
For example, in Figure 2, the algorithm finds an hyponymy
relation between the noun faxi (under its unique sense in
the array) and another entry in the array containing car and
auto, so semantic links are added to the disambiguation graph
between these two words and faxi (shown here attached to
the array). Processing all nouns this way, we can create
all semantic links in the disambiguation graph in time O(n)
(where n is the number of candidate words.)

In the second step, we use the disambiguation graph to
perform WSD, enforcing the constraint of one sense per

array indexed
by senses of WordNet

2573998 | 2573999 | 2574000

o'd-/-.-

CAR hypernym synon ym

TAXI

candidate
noun

Figure 2: First pass of the algorithm: using an array, we can
build the disambiguation graph in linear time.
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discourse. We perform the disambiguation of every word,
instead of disambiguating word occurrences as in e.g. [Hirst
and St-Onge, 1998; Silber and McCoy, 2003]. We process
all occurrences (nodes) of one word at a time, and sum the
weight of all edges leaving these nodes under their different
senses. The one sense of the word that is assigned the highest
score (sum of weights) is considered the most probable sense.
For example in Figure 1, the sense of bank that has the
highest score is financial institution. That sense is assigned
to all occurrences of the word; in other words, we impose the
constraint of one sense per discourse. In case of a tie between
two or more senses, we select the one sense that comes first
in WordNet, since WordNet orders the senses of a word by
decreasing order of frequency.

The final step is to build the actual lexical chains by
processing the entire disambiguation graph. At this point, we
have already assigned a sense to each word, so the last step is
to remove from the disambiguation graph all semantic links
that connect words taken under their (assumed) wrong senses.
Once all such edges have been removed, we are left with the
semantic links corresponding to a unique interpretation of the
text, and the edges that remain in the graph are the actual
lexical chains of our algorithm. !

The separation of WSD and lexical chaining into two
different sub-tasks is important. All semantic relations,
whether correct or incorrect, can be investigated in WSD
without necessarily creating incorrect semantic relations in
the chaining process. Words are disambiguated by summing
weights of semantic relations, but mistakenly counting edges
relating words under wrong senses (as in Figure 2 between
fall and bank) doesn’t necessarily have the undesirable effect
of linking the two words in the same chain. Our assumption
is that summing edge weights generally helps in selecting the
right senses, e.g. bank is disambiguated as a financial institu-
tion, and fall and bank are thus prevented from appearing in
the same chain.

3 Evaluation

The evaluation of lexical chains is generally difficult. Even
if they can be effectively used in many practical applica-
tions like automatic summarization, topic segmentation, and
others, lexical chains are seldom desirable outputs in a real-
world application, and it is unclear how to assess their quality
independently of the underlying application in which they are
used. For example, in summarization, it is hard to determine
whether a good or bad performance comes from the efficiency
of the lexical chaining algorithm or from the appropriateness
of using lexical chains in that kind of application. In
this section, we evaluate lexical chaining algorithms on the
basis of WSD. This arguably is independent of any targeted

'Our algorithm has some similarities with Silber and McCoy’s
algorithm, but it is actually quite different. First, they process
each noun instance separately; thus, nothing prevents a noun from
having different senses in the same discourse. Second, they process
the entire text twice instead of once. In the second pass of their
algorithm, they perform WSD and the actual chaining at the same
time, whereas we postpone the chaining process until each word has
been fully disambiguated.
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Algorithm | Accuracy

Barzilay and Elhadad 56.56%
Silber and McCoy 54.48%
Galley and McKeown 62.09%

Table 2: Accuracy of noun disambiguation on semcor.

application, since any lexical chaining algorithm has to deal
with the problem of WSD. We do not attempt to further
evaluate other aspects of chains.

We tested three lexical chaining algorithms on the semantic
concordance corpus (semcor), a corpus that was extracted
from the Brown Corpus and semantically tagged with Word-
Net senses. We limited our evaluation to a set of 74
documents of that corpus; this represents about 35,000 nouns.
WSD was evaluated on nouns, since all three algorithms that
were tested (Barzilay and Elhadad; Silber and McCoy, and
ours) build lexical chains with nouns only. We used the
original implementation of Barzilay and Elhadad’s algorithm,
but had to implement Silber and McCoy’s algorithm since
we didn’t have access to their source code. We tested the
accuracy of WSD on the set of 35,000 nouns and obtained
the results presented in Table 2;> accuracy by polysemy
is displayed in Figure 3. We can see that our algorithm
outperforms Barzilay and Elhadad’s, and a one-sided t-test?
of the null hypothesis of equal means shows significance at
the .001 level (p = 4.52-10~%). Barzilay and Elhadad in turn
outperform Silber and McCoy, but this result is not significant
at the basic .05 level (p = 0.0537).

4 Conclusions

In this paper, we presented an efficient linear-time algo-
rithm to build lexical chains, showing that one sense per
discourse can improve performance. We explained how
the separation of WSD from the construction of the chains
enables a simplification of the task and improves running
time. The evaluation of our algorithm against two known
lexical chaining algorithms shows that our algorithm is more
accurate when it chooses the senses of nouns to include
in lexical chains. The implementation of our algorithm
is freely available for educational or research purposes at
http://www.cs.columbia.edu/"galley/research.html.

Acknowledgments

We thank Regina Barzilay, the three anonymous reviewers,
and the Columbia natural language group members for help-
ful advice and comments.

’In Barzilay and Elhadad’s algorithm, a word can sometimes
belong to two different chains. In order to map each word to
one single sense, we applied the strong chain sense disambiguation
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3The samples in the t-test are the WSD accuracies on each
individual documents.
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Abstract

The intelligent tutoring system AutoTutor uses la-
tent semantic analysis to eval uate student answers
to the tutor’s questions. By comparing a student’s
answer to a set of expected answers, the system
determines how much information is covered and
how to continue the tutorid. Despite the success
of LSA in tutoring conversations, the system some-
times has difficulties determining & an early stage
whether or not an expectation is covered. A new
LSA dgorithm significantly improvesthe precision
of AutoTutor’snatural language understanding and
can be applied to other natural language under-
standing applications.

1 Introduction

The use of intelligent technology in education is on therise.
Intelligent tutoring systems, once restricted to artificial in-
telligence labs at major universities, are migrating to main-
stream schools [Koedinger e al., 1997]. Intelligent tutoring
systems (ITS) in this environment face a difficult challenge:
to understand the student and manage the tutoring session in
the face of vague or ungrammaticd input. For most IT Ss, lan-
guage understanding and did og management are core com-
ponents. Particularly in aclassroom, these systemslive or die
by ther ability to understand what the student istrying to say.
One technique, Latent Semantic Analysis has been success-
fully developed for such purposes [Landauer et al., 1998b;
Landauer and Dumais, 1997; Foltz et al., 1998; Graesser et
al., 2002]. LSA, astaistical technique utilizing unsupervised
learning, is both highly portable to other domans and adept
at recognizing vague or incomplee input.

This paper outlines some problems inherent in the tradi-
tional LSA algorithm and solutions to this problem by using
adifferent LSA algorithm. Not only doesthis new algorithm
increase the precision of TS language understanding, but it
also offers a new perspective on acommonly used technique
in cognitive science, computational linguistics and artificial
intelligence.

1.1 Latent Semantic Analyss

Latent Semantic Andysis is a statistical, corpus-based lan-
guage understanding technique that estimates similarities on
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a scale of -1 to 1 between the latent semantic structure of
terms and texts [ Deerwester et al., 1990]. TheinputtoLSA is
a set of corpora segmented into documents. Thesedocuments
aretypically paragraphs or sentences. Mathematical transfor-
mations create a large term-document matrix from theinput.
For example, if there are m termsinn documents (usually m
and n are very large, for now, assumen > m), then amatrix
of A= fi; xG(j) % L (4,7),,«, isobtained. The value of
fi; isafunction of the integer that represents the number of
timesterm ¢ appears in document j L (i, j) is alocal weight-
ing of term ¢ in document j and G () is the global weighting
for term ¢. Such a weighting function is used to differentially
treat terms and documents to reflect knowledge that is be-
yond the collection of the documents. This matrix of A has,
however, lots of redundant information. Singular value de-
composition reduces this noise by linearly decompasing the
matrix A into three matrices A = UY VT; U ism x m
and V isn x n square matrices, such that UUT=L,, n;
VVT=1,,,,and > ism x n diagona matrix with singu-
lar values on the diagonal. By removing dimensions corre-
sponding to small singular values and keeping thedimensions
corresponding to larger singular values, the representation of
each term is further reduced to a smaller vector with only &
dimensions. The new representation for the terms (the re-
duced U matrix) are no longer orthogonal, but the advan-
tage of this istha only the most important dimensions that
correspond to larger singular values are kept. This method
of statistically representing knowledge has proven to be use-
ful in arange of studies. For instance, studies have shown
that LSA performs as well as students on TOEFL (test of
English as a foreign language) tests [Landauer and Dumais,
1997], that it grades essays as reliably as humans [Landauer
et al., 1998a] and that it rdiably measures the coherence
between a sentence and successive sentences [Foltz et al.,
1998]. Finally, LSA has successfully been used in intdli-
gent iutori ng systems like AutoTutor [Graesser & al., 2002,
1999].

12 AutoTutor
AutoTutor is a conversationd agent that assists students in
actively constructing knowledge by holding a conversation in

natural language with them [Graesser et al., 2001]. In ad-
dition to latent semantic analysis, at least four other com-

1489



ponents can be distinguished: 1) a dialog management sys-
tem guides the student through the tutor-student conversa-
tion. Fuzzy production rules and a Dial og A dvancer Network
form the basis of these conversational strategies; 2) curricu-
lum scripts organize the pedagogical macrostructure of the
tutorial. These scripts keep track of the topic coverage and
follow up on any problems the student might have; 3) a talk-
ing head with facial expressions and synthesized speech is
used for the interface Parameters of the facial expressions
and rudimentary gestures are generated by fuzzy production
rules; 4) mixed-initiative dialog, including theappropriate use
of discourse markers to make the conversation smoother; a
speech act classifier that accounts for the pragmatics of in-
coming expressions; and a question answering tool that dy-
namically answers student questionson avariety of topics.

AutoTutor was originally developed for compuiter literacy.
Over the last two years a web version of AutoTutor was de-
veloped that tutors in conceptual physics. In both domans
world knowledgeis provided by L SA spaces of domain spe-
cific text books.

2 Animproved L SA algorithm

At the beginning of a session, AutoTutor presentsa question
to the student, and the student responds to this question. Au-
toTutor andyzes the accuracy of this answer by comparing
the student’s answer with a series of expected ideal answers.
Over the course of the tutoring session, the student covers
each of the expectations. The tutor dlows the student to move
to the next problem only once all expectationsare covered.
Although possible in theory, a single contribution from a
student usually does not cover all expectations at once In-
stead, the student simply types one sentence at atimein the
conversaionwith the tutor. Based on the student’s responses,
the tutor will then provide appropriate feedback based on the
quality of responses. To provide feedback to a student’s con-
tributions, the tutoring system needsto know the following:

1. informationrelated to the expected answer el ements that
is 1) new (what was not in the previous contributions);
2) old (what was in the previous contributions)

2. information not related to the expected answer elements
that is 1) new (what was not in the previous contribu-
tions); 2) old (what was in the previous contributions)

Depending on these four components, AutoTutor chooses
the most appropriae feedback. This mechanism for student
contributions is illustrated in Table 1. For example, Auto-
Tutor needs to provide highly positive feedback when stu-
dents provide new relevant information (cell labeled ++). For
relevant but repeated information (cell labeled +), AutoTutor
needsto provide only some non-negative feedback. For irrel-
evant contributions, AutoTutor needsto point out the repeated
mi sconceptions, eventually with negative feedback (cell with
— -). The system returns non-positive feedback in cases of
irrd evant information occurring the first time (cell with -).

The challenge for AutoTutor is to obtain information that
belongs to each of the cellsinthe table Thatis, the system
needs to take into account both the relevance of the informa-
tion and whether or not the information is new.
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Type of feedback | relevant | irrelevant
New ++ -
Old + - -

Table 1: Four types of feedback the system provides on the
basis of relevance and newness of student contribution.

e Question: Suppose a runner is running in a straight
line at constant speed and throws a pumpkin straight up.
Where will the pumpkin land? Explain why.

e Expectation: The pumpkin will land in the runner’s
hands.

e Student contributions:

(1) 1 think, correct meif 1 am wrong, it will not land
before or behind the man.

(2) The reason is clear, they have the same horizontal
speed.

(3) The pumpkin will land in the runner’s hand.

(4) Did | say anything wrong?

(5) Comeon, | thought | have said that.

Old New New New

LSA Infor. contribution L SA
(1) | 0.431 100% 0.431 0.431
(2) | 0.430 99% 0.175 0.466
(3) | 0.751 88% 0.885 1.0
(4) | 0.713 98% 0.000 1.0
(5) | 0.667 97% 0.000 1.0

Table 22 Example of student contribution and evaluation
based on two L SA methods

In earlier versions of the system, AutoTutor put al the stu-
dent contributions (from the first response to the most recent
response) together as one document and would then compare
with the expectaion. One of the reasons for this was that
it has often been claimed that the best performance in LSA
comes from paragraphs rather than sentences (see [Foltz et
al., 1998]). However, simple vector algebra shows that vec-
tor summation of term-vectors for thecombined contributions
may infact reduce the similarity between the expectation and
contributions when contributions are added. This reduction
isevident in the example given in second column of Table 2.
Thetutor asks the student a question at the start of a concep-
tual physics problem. The student’s answer is matched with
an ideal expected answer. The question now iswhat happens
to the LSA coverage scores if the student submits (new/old)
(relevant/irrelevant) multiple contributions.

From the expected answer we know that astudent’s answer
like (1) is almost correct. Now imagine that the student an-
swers (2). The cosine match drops, resulting in AutoTutor
asking for more information. Now assume that the student
also answers (3), which is the exact ideal answer. Using a
traditional vector addition algorithm, the similarity is not 1.0.
This loss of precision results from the noise introduced by the
irrdevant information in the student’s answers. By adding
the contributions’ vectors, the system cannot distinguish be-
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tween the diff erent parts (new/old) (rd evant/irrel evant) of the
student’s contributions. So although LSA effectively com-
pares semantic similarities between two large documents,
LSA lacks precision for comparing smaller documents in a
progressive sequence. Under a vector-addition model, a stu-
dent whose answersimprove dramatically over the course of
the tutoring session is “penalized” for an initial bad answer.
To solve this limitation, we propose an alternative solution.
Instead of simply combining contributionsinto alarger docu-
ment, each contribution is treated as “independent” in avec-
tor subspace The combination of the contributionsis then
not represented as a simple vector summation, but instead as
a span in the subspace. This way, the vector for any new
contribution can be algebraically decomposed into two com-
ponents. One component isthe projection of the vector to the
spanned subspace of the previous contributions, and the ather
component is perpendicul ar to the subspace These two com-
ponents of themast recent contribution correspond to rel evant
information (projection to the subspace) and new information
(the perpendicular component). Finally, the cosine match of
the new information with the expectation is the measure of
new (additional) coverage of the expectations. We applied
this method to the example such as Table 2 and observed
desirable increase in LSA’s precision, as illustrated in col-
umn 3,4, and 5 of Table 2. The rows of Table 2 present the
five student contributions. The column ‘New Info’ gives the
percentage of new information for each of the contributions,
compared to the previous contributions. The third columniis
the relevance of the new contribution to the span. The final
two columns give the old and new L SA scores.

Although contribution (3) is identicd to the expectation,
it still isonly 88% new. The reason isthat contributions (1)
and (2) already contain some of the informationfrom (3). For
example, although (2) contains 99% new information, it has
only marginally (0.175) contributed as coverage. Natice that
the quality in the subsequent student contributions does not
deteriorate, but the old L SA values do. The new LSA values,
on the other hand, account for additional relevant informa-
tion, even bringing the coverage score to the maximum value
of 1.

The method provided here can be used to compute all four
cellsin Table 1, because it differentiates whether the informa-
tion is new or old, and whether it isrelevant or not. Further-
more, since it provides information at every step, numerical
information of the values can be used to provide secondary
information for feedback. For example, the rate of increase
in the new LSA algorithm provides us with information on
the development student performance on a step-by-step ba-
sis. By being able to localize LSA scores, AutoTutor can
now determine the effectiveness of its dialog moves.

The proposed new algorithm can potentially be used in ap-
plications like essay grading, where the student’scomposition
covers the key dementsfor agiven essay. Thealgorithm can
measure development of student performance and can take
into account whether information is old or new, rdevant or
irrd evant.
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3 Conclusion

This paper addressed the use of latent semantic andysis in
intelligent tutoring systems like AutoTutor. Despite the suc-
cessof LSA in AutoTutor, previous versionswere not able to
diff erentiate between relevant/irrelevant or new/old informa-
tion in student contributions. Replacing the vector-addition
based algorithm with a span-based dgorithm does not only
improve AutoTutor’s evaluation of student contributions, but
is most likely to improve LSA performance in a wide range
of other natural language understanding applications.
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Abstract the following list of top-20 distributionally similar words for

orange

(3) orange yellow, lemon, peach, pink, lime, purple,
tomato, onion, mango, lavender, avocado, red,

There have been many proposals to compute sim-
ilarities between words based on their distribu-
tions in contexts. However, these approaches do ;
not distinguish between synonyms and antonyms. pineapple, pear, biue, plum, cucumber, melon,
We present two methods for identifying synonyms turquoise, tangerine
among distributionally similar words. In many applications, such as information retrieval and ma-
chine translation, the presence of antonyms or other types of
. semantically incompatible words (e.g., orange-pink) can be
1 Introduction devastating. This paper presents two methods for identifying
Thedistributional hypothesis states that words with similar synonyms among distributionally similar words.
meanings tend to appear in similar contepttarris, 1968.
Consider the wordadversaryandfoe Both of them are often 2 Methods

used as the objects of the verbs: . 2.1 Patterns of Incompatibility
batter, crush, defeat, demonize, deter, outsmart, Consider the following phrasal patterns:
and modified by the adjectives: 4) a fromXtoY
ardent, bitter, formidable, old, tough, worthy, b. eitherX orY

There have been many proposals for computing distribuif two words X andY appear in one of these patterns, they are
tional similarity of wordgHindle, 1990; Pereirat al, 1993;  very likely to be semantically incompatible. For example, the
Lin, 1994. The list (1) shows the top-20 distributionally sim- following table shows the queries and the hits (the number of
ilar words of adversary obtained with Lin’s methodLin,  return documents) from the search engine AltaVista:

1999 on a 3GB newspaper corpus. (5)

(1) adversary enemy, foe, ally, antagonist, opponent, rival, Query Hits
detractor, neighbor, supporter, competitor, partner, adversary NEAR ally - 2469
trading partner, accuser, terrorist, critic, Republican, “from adversary to ally” 8
advocate, skeptic, challenger “frpr';ﬂ a”)c/j to adversar;l/l ) 19

Compared with manually compiled thesauri, distribution- “g:th:: g";%rrs:é)\//grrszri,, %
ally similar words often offer much better coverage. Com-

pare (1) with the entry fordversaryin Webster Collegiate S}dversacljry NEARtopponent t 27gg

ThesaurugKay, 1988: rom adversary to opponen

’ : “from opponent to adversary” 0

(2) adversarySynonyms opponent, antagonist, anti, con, “gither adversary or opponent” 0

match, opposer, oppugnafelated Words assaulter, “either opponent or adversary” 0

attﬁcr(;ar(;zntrasted W?Irds backer, supporter, Given a query NEAR y AltaVista returns documents where
upholder:Antonyms: ally the wordsxandy appear close to each other. When two words
The thesaurus entry missed many synonyms suchr&smy  are unrelated, the hits for the NEAR query tend to be low.
foe rival, competitorandchallenger Motivated by the above examples, we propose to iden-
A problem with the distributionally similar words, how- tify semantically incompatible word pairs by searching on
ever, is that many of them are antonyms, eadly andsup-  the Web for instantiations of the patterns in (4). We define
porter in (1). The problem gets worse if a word belongs to a score:
a semantic category with many members, since all of thenz6 ) o hitsx NEAR ¥
tend to have similar distributions. This is demonstrated in ) score(z,y) = > pate » NES(PAL(X, Y))re
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where hitsqueny) is the number of hits returned by AltaVista (9)

for the query, P is the set of patterns in (4) anrds a small Method Precision| Recall
constant to prevent the denominator of the above formula to Pattern-based | 86.4% 95.0%
be 0 (we set=0.0001). The lower the score, the less likely Bilingual Dictionaries| 93.9% | 39.2%

that the wordx andy are synonyms. To determine whether

or not distributionally similar words: andy are synonyms, 4 Related Work

we computescore(z, y). If the value is higher thafi=2000,  The problem we address here is related to semantic orienta-
(z,y) is classified as a pair of synonyms. tion. Thesemantic orientationof a word is positive (or neg-
2.2 Using Bilingual Dictionaries ative) if it is generally associated with good (or bad) things.

i ) For example, The wordsimpleand simplistichave similar
The second method is based on the observation that translgreanings, busimplistichas a negative semantic orientation.

tions of a word from another language are often synonyms ofhe algorithm in[Hatzivassiloglou and McKeown, 19p#%

one another. For example, (7) contains the English translg;ased on the fact that conjoined adjectives generally have the
tions of the French wordéfenseur Many of them are syn-  same orientation. They use a small set of adjectives with

onyms. known orientation to determine the orientations of other ad-
(7) advocate, attorney, counsel, fullback, intercessor, jectives. [Turney, 2002 computed the degree of positive or
lawyer negative semantic orientation of a wardwith the hit counts

When two such words are not synonyms, the reason is typffom AltaVista for the queriess NEAR excellerandw NEAR
cally that the French word have multiple senses and the ErRoor. While semantic orientation is bipolar, the problem we
glish words are translations of the French word in differentare dealing with is multipolar. For example, Turney’s method
senses. Under such circumstances, the distribution of thi not able to tell that the wordsd, orange yellow, green ...
English words are usually quite different (e.tawyer and  have incompatible meanings.
fullback appear in very different contexts). We can there-
fore identify synonyms of a wora by intersecting the set 5 Conclusion
of words that share withy the same French (or any other lan- pjstriputionally similar words include many antonyms and
guage) translation and the setof.dlsjmbt'monally.S|r"n|larwordssother semantically incompatible words, which minimizes
of w. For example, the top-20 distributionally similar words ineir use in many applications. We have presented two meth-
of lawyerare: ods for identifying synonyms among distributionally similar
(8) lawyer. attorney, counsel, prosecutor, doctor, official, words. Our preliminary evaluation with known synonyms
judge, executive, manager, investigator, consultant,  and antonyms extracted from Webster Collegiate Thesaurus
aide, agent, physician, expert, banker, officer, politician has produced promising results.
lobbyist, teacher, accountant

The intersection of (7) and (8) gives us the synonyms ofReferences
lawyer. attorneyandcounsel _ . [Harris, 1968 Zelig S. Harris. Mathematical Structures of
Since this method generally has high precision and low re- Language Wiley, New York, 1968
call (see the next section), we can use this method with mul- ) _ ' ' : o _
tiple bilingual dictionaries separately and take the union oflHatzivassiloglou and McKeown, 19p¥asileios Hatzivas-
the results. In our experiments, we used 7 dictionaries from Siloglou and Kathleen R. McKeown. Predicting the seman-
http://www.freewaresite.com/onldict/ g‘; orlentatg)7n4of1a8dljeﬁlv§s_d "E'Srocee%'”ﬁsl(g QA%C L/EACL-
English-Swedish,  English-Spanish,  English- » bages —+oL, Madnd, spain, July '

Japanese, English-German, English-French and [Hindle, 1999 Donald Hindle. Noun classification from

English-Esperanto. predicate-argument structures.Rroceedings of ACL-90
pages 268-275, Pittsburg, Pennsylvania, June 1990.
3 Evaluation [Kay, 1988 Maire Weir Kay, editor. Webster’s Collegiate

Using the algorithm ifiLin, 1999 on a 3GB newspaper cor-  ThesaurusMerrian-Webster, 1988.

pus, we computed the distributional similarity_ between aboufLin, 1999 Dekang Lin. Automatic retrieval and clustering
45,000 words. We randomly selected 80 pairs of synonyms of similar words. InProceedings of COLING/ACL-98
and 80 pairs of antonyms from Webster's Collegiate The- pages 768-774, Montreal, 1998.

saurug/Kay, 198§ that are also among the top-50 distribu- . . , .
tionally similar words of each other. We then used the methlPereireetal, 1993 F. Pereira, N. Tishby, and L. Lee. Dis-
tributional Clustering of English Words. IRroceedings

ods presented in the previous section to determine which pairs X ; .
are synonyms. Le$ be the set of true synonym pairs afitl gf AC(;]?3 pi%%%s 183-190, Ohio State University, Colum-
be the set of pairs classified as synonyms. The precision and us, 0, :

recall measures are defined as follows: [Turney, 2002 Peter D. Turney. Thumbs up or thumbs
. 1SN EiaFd down? semantic orientation applied to unsupervised clas-
precision = 5] recall = 5] sification of reviews. InProceedings of ACL-Q2pages

] . 417-424, Philadelphia, July 2002.
The table in (9) shows the evaluation results:
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A Logic Prover for Text Processing
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Abstract

This paperdemamstrateghe apgicability of auto-
matedreasoningo text processing specificallyto
QuestionAnswering.lt is shavn thattheappioach
is feasible effective, andscalable.A Logic Prover
hasbeenimplemerned andintegratedinto a state-
of-the-artQuestionAnsweringSystem.

1 Introduction

Automaed reasonig hasbeenappliedto mary application
areadWos 1989, but little work wasdore towardsapplyirg
it to text processing.The challemgesfacedwhenusingauto-
matedreasoningdor text processingre:logic repesentation
of opentext, needof world knowledgeaxioms,logic repre-
sentationof semanticallyequvalentlinguistic patterns,and
others.

In this pape& we argue thatconsiderhle progesswasmade
in key areasf natual languageprocessingandit is possible
to implemen logic proversfor somespecificNLP apgica-
tions. One suchapgication is QuestionAnsweringwhere
the problemis to find exact answergo questionsexpressed
in naturallanguae by searchinga large collection of doc-
umerts [Voorhees20®]. We have implemerted a Logic
Prover for QA, calledCOGEX.Integratedinto a QA system,
the Prover captues the syntaxbasedrelatiorships such as
the syntacticobjeds, syntacticsubjectsprepaitional attach-
ments,complex nomirals, and adwerbial/adjectval adjuncts
providedby thelogic repesentatiorof text. In additionto the
logic representation®f questionsandcanddateanswersthe
QA Logic Prover usesworld knowledgeaxiomsto link ques-
tionsto answersTheseaxiomsareprovidedby the WordNet
glossegepesentedn logic forms. Additionally, the prover
implemerts rewriting proceduresdor semanticallyequivaent
lexical patterrs. With this deepand intelligent represeta-
tion, COGEX effectively and efficiently re-rarks candidite
answerdy their correctnesandultimately eliminatesincor-
rectanswerslin this way, the Logic Proveris a powerful tool
in boostingthe accurayg of the QA system. Moreover, the
traceof a proof constitutesa justificationfor thatanswer

2 Logic Prover Inputsand Outputs

A logic form provides a oneto one mappng of the words
of the text into the first orderlogic predcates. The pred
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Figurel: COGEXArchitectue

icate namesconsistof the baseform of the word concae-
natedwith the partof speectof theword[MoldovanandRus
2001]. Animportant featureof the Logic Formrepresentation
is the fixedslot allocationmechaism of the verb predicates
[Hobks 1993.

The term QuestionLogic Form (QLF) refeis to the ques-
tionsposedo the QuestionAnsweringsystemin logic form.

Question: Which compaly createdthe InternetBrowserMo-
saic?

QLF: _organizationAT(x2) ) & compmny NN(x2) & cre-
ateVB(el,X2,x6) & Interret NN(x3) & browserNN(x4) &
MosaicNN(x5) & nn.NNC(x6,x3,4,x5)
ThetermAnswerlLogic Form(ALF) refeistothecandichte
answersn logic form. Candidateanswersreprovidedby the
QuestionAnswerirg system[Moldovan200.

Answer: In particuar, a program calledMosaic, develged
by the National Centerfor SupecomputingApplicaions (
NCSA) at theUniversity of lllinois at Urbana - Champaiq,
is gaining popularity ....

ALF: In_IN(x1,x28) & particularJJ(x29) & programNN(x1) &
call.VB(e1,x27,x30Q & MosaicNN(x2) & develop.VB(e2,x2,x31)
& by IN(e2,x8) & NationalNN(x3) & CenterNN(x4)
& for.NN(x5) & Supercompting. NN(x6) & applica-
tion_.NN(x7) & nnNNC(x8,x3,x4,x5x6,x7) & NCSANN(x9)
& atIN(e2,x15) & University NN(x10) & of-NN(x11)
& llinois_NN(x12) & atNN(x13) & UrbanaNN(x14) &
NNNNC(x15,x10,x11x12,x13,x¥4) & ChampaignNN(x16) &
gainVB(e3,x1,x17% & popularity NN(x17) ...

L ogic representation of WordNet glosses

A majorprablemin QA is thatoftenanansweris expressed
in wordsdifferert from thosein the question.World knowl-
edgeis necessaryo concepually link questiongo answers.
WordNetglossesontaina sourceof world knowledge.To be
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usefulin automatd reasoningthe glosseseedto be trans-
formed into logic forms. Taking the sameappoachas for
opentext, we have parsedand representedn logic forms
morethan50,M0 WordNetglosses.

The questioncontairs the verb create while the answer
contairs the verb devdop. In order to prove thatthis answer
is in fact correct, we needto detectandusea lexical chain
betweendevelgp andcreate WordNetsuppliesus with that
chainsuchthat: develm ++ malke andmale «» create

NL P Axioms

In additionto world knowledge axioms,a QA Logic Prover

requieslinguistic knovledge. This is what distinguistes an

NLP prover from atraditioral mathenaticalprover. General
axiomsthat reflectequivalenceclassef linguistic patterns
needto be createdand instantiatedvheninvoked. We call

theseNLP axions and shav someexamges belon. More

detailsarepresetedin [Moldovan2009.

1. Complex nominals andcoordnatedconjurctions. An ax-
iom is built suchthatthe headnounof the comple nominal
in the questionimpliestheentirenown phrase:

all x1 (mosaicnn(xl) — interretnn(xl) &
browsernn(xl) & mosaicnn(x1))

2. Appositiors. An appaition implies that the two noun
phrasesn the appaition “standfor” eachother “..ltalian
Andrea Pfister, designerof the 1979” bird cage " shoe..
usesanappaitionto descrile thedesignerAn axiomis built
to link the headof the nown phrasesn the appositionsuch
thatthey sharethe sameargument.

all x12 x13 x14 x15 x16 x17 x18 x19 (italiannn(x12) & an-
dreann(x13) & pfistet NN(x14) & nn.nnc(x15x12,x13,x4) & de-
signernn(x16)& of_in(x16,x17) & 1979nn(x17) & bird. nn(x18)&
cagenn(x19))— designe_.nn(x15) & of_in(x15,x17))

3. Part-of relationsin locationquestionsA locationseeking
guestion may have a candidateanswer that identifies a
locationby referrirg to a partof thelocation For examge,
anaxiomis built to conne¢ Wyomingto its part:

all x1 x2 x3 (corrernn(xl) & ofin(x1x2) &
wyoming_nn2) — wyomingnn(xl) )

4. Attribute of relatiors in quantity seekingquestions. An
axiomis built to connecthequartity to its subjectredwood:
all x1x2 (quartity -(x1) & redwood NN(x2) — of in(x1,x2)

5. Translatingwords from nounform to verb form. Axioms
are built to link nours with verts. For exampge the nown
seizue is linkedto the verb seize by filling the objectwith
thetail of the predicateattachedo seizureandassigninghe
evert agmuentto bethe agumentof the nounpredcatefor
seizue.

all x7 x8 x9 (its_prp(x8,X7) & seizurennx8) & of in(x8x9)
— seizevb(x8,x7,x9))

3 Control Strategy

Thesearchstratgy usedis the Setof Suppat Stratgy [Wos
1989. Axioms placedin the Usablelist are: (1) Extendel

WordNet axioms, (2) NLP axiomns, and (3) axioms based
on outsideworld knowledge, suchas peope and organiza-

tions. The infererce rule setsare basedon hyperresolutio

andparanodulation.
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Whenthe prod fails, we deviseda way to incremetally
relax someof the condtions that hinder the completionof
the prod. This relaxation procesgutsweightson the prod
suchthat proofs wealer thana precefinedthreshdd are not
accepted

4 Results

COGEXwasimplemente andintegratedinto a state-of-tle-

art QuestionAnswerirg systemthat participaed in TREC
2002 [Moldovan 200d. All questios are attemptedby the
prover, but if the proof fails the QA systemresortsto other
answerextraction methals that were part of the systembe-
fore the prover. Thus, somequestios are answereddy the
QA systemwithout the prover, someonly by the prover and
someby both the nonprover systemand the prover. The
comgete systemansweredt15 questionsout of 500 TREC
2002questionsOf these 206 wereansweredy COGEX.A

carefu analysisindicatesthat the QA systemwithout logic

prover answered317 questios and the prover can answer
only 98 additiond questionsfor which the systemwithout
prover failed. Table 1 summarizesheseresults. The addel

Totalnumbe of TREC questims 500
Questionansweredy the complae system | 415
Questionansweredy COGEX 206

Questionsanswereanly by COGEX 98
Questionsansweredvithout COGEX 317

Tablel: Perfamanceover 500 TREC 2002questions

valueof automatedeasoing to the QA systemis 30.%9% (or
98/317). Thefailuresof the prover aredueprimaily to the
lack of linguistic axions.
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Abstract

We present an approach for learning part-of-speech
distinctions by induction over the lexicon of the
Cyc knowledge base. This produces good results
(74.6%) using adecision tree that incorporates both
semantic features and syntactic features. Accurate
results (90.5%) are achieved for the specia case
of deciding whether lexical mappings should use
count noun or mass noun headwords. Comparable
results are also obtained using OpenCyc, the pub-
licly available version of Cyc.

1 Introduction

In semantic lexicons, a lexical mapping describes the re-
lationship between a concept and phrases used to refer to
it. This mapping includes syntactic information for deriv-
ing variant phrases, including the part of speech of the head-
word. Selecting the part of speech for the lexical mapping is
required so that proper inflectional variations can be recog-
nized and generated for the term. Although often a straight-
forward task, there are special cases that can pose problems,
especially when fine-grained speech part categories are used.

To reduce the need for linguistic expertise in producing
these lexicalizations for a large knowledge base like Cyc
[Lenat, 1995], linguistic criteria can be inferred from deci-
sions that have been made by lexical knowledge engineersin
lexicalizing preexisting terms.

The Cyc knowledge base, containing 120,000 conceptsand
over one million axioms,* divides roughly into three layers.
The upper ontology formalizesfundamental distinctions(e.g.,
tangibility versus intangibility). The lower ontology collects
specific facts, often related to concrete applications, and the
middle ontology encodes commonsense knowledge about the
world. The KB aso includes a broad-coverage English lexi-
con mapping words and phrases to terms throughout the KB.

Natural language lexicons are integrated directly into the
Cyc KB [Burns and Davis, 1999]. Binary predicates, as in
(nameString HEBCompany " HEB” ), map names to terms. A

1These figures and the results discussed later are based on Cyc
KB v576 and system v1.2577. See www.cyc.com for detailed doc-
umentation on the KB and [O’' Hara et al., 2003] for more technical
details related to this work.
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denotational assertion maps a phrase, specified via a lexical
concept with optional string modifiers, into a concept, usu-
aly a collection. The part of speech is specified by Cyc's
SoeechPart constants. The simplest type of denotational map-
ping uses the denotation predicate. For example, (denotation
Device-Word CountNoun 0 Physical Device) indicates that sense 0
of the count noun ‘device' refers to PhysicalDevice (via the
wordforms “device” and “devices’). Three additional predi-
cates account for phrasal mappings. compoundString, head-
Medial String, and multiWordString are used for phrases with
the headword at the beginning, the middle, and the end, re-
spectively.

These denotational assertions, excluding lexical mappings
for technical, informal and slang terms, form the training data
for alexicalization speech part classifier.

2 Inference of lexicalization part of speech

Our method of inferring the part of speech for lexicalizations
is to apply decision tree learning over existing lexical map-
pings. For each target denotatum term, the corresponding def-
initional information (e.g., isa), asserted or inferableviatran-
sitivity, is extracted from the ontology. For simplicity, these
definitional types are referred to as ancestor terms. Associa-
tions between the lexicalization parts of speech and common
ancestor terms underlie the lexicalization speech part clas-
sifier and its special case, the mass-count classifier (distin-
guishing, e.g., “much sand” from “many books"). To reduce
the size of the training feature vector, only the most frequent
256 atomic terms from the thousands of possible ancestor
terms are selected, after excluding certain internal bookkeep-
ing constants.

Given atraining instance, such as a denotation from alex-
eme into aspecific Cyc concept using a particular SpeechPart
(e.g., MassNoun or a CountNoun), the feature specification
is derived by determining all the ancestor terms of the de-
notatum term and converting this into a vector of occurrence
indicators, one indicator per reference term. Then the head-
word is checked for the occurrence of aset of commonly used
suffixes. If found, the suffix itself is added to the vector (in a
position set aside for suffixes of the same length). The part of
speech serves as the classification variable.

We use decision trees for this classification. Part of the
motivation is that the result is readily interpretable and can
be incorporated directly by knowledge-based applications. A
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OpenCyc Cyc
Instances 2607 | 30676
Classes 2 2
Entropy 0.76 0.90
Baseline 78.3 68.2
Accuracy 875 90.5

Table 1: Mass-count classification over Cyc lexica map-
pings, using Cyc reference terms and headword suffixes as
features. Instancesis size of the training data. Classes indi-
cates number of choices. Baseline selects most frequent case.
Accuracy is average in the 10-fold cross validation.

OpenCyc Cyc
Instances 3721 | 43089
Classes 16 33
Entropy 1.95 211
Baseline 54.9 49.0
Accuracy 71.9 74.6

Table 2: Genera speech part classification using Cyc.

simple fragment from the resulting decision tree shows how
ontological features interact with morphological ones:

if (isa Abstractinformationa Thing) then
if (suffix =“-er") then
if (not isa SomethingExisting) then AgentiveNoun
if (isa SomethingExisting) then MassNoun
if (suffix =“-ed”) then MassNoun
if (suffix ="“-al”) then Adjective
if (suffix ="“-or") then AgentiveNoun

Table 1 showsthe results of 10-fold crossvalidation for the
mass-count classification. This was produced using the J48
algorithm in the Weka machine learning package [Witten and
Frank, 1999], which is an implementation of Quilan’s C4.5
[Quinlan, 1993] decisiontreelearner. This showsthat thesys-
tem achieves an accuracy of 90.5%, an improvement of 22.3
percentage points over abaseline of always selecting the most
frequent case. The OpenCyc version of the classifier also per-
formswell. This suggeststhat sufficient datais aready avail-
able in OpenCyc (available online at www.opencyc.org) to
allow for good approximationsfor such classifications.

The mass/count houn distinction can be viewed as a special
case of speech part classification. Running the same classi-
fier using the full set of speech part classes yields the results
shown in Table 2. Here the overall result is not as high, but
thereisasimilar improvement over the baseline.

3 Discussion

Contextual part of speech tagging [Brill, 1995] has received
substantial attention in the literature, but there has been rela-
tively little written on automatically determining default lex-
icalization parts of speech. Woods [Woods, 2000] describes
an approach to this problem using manually-constructed rules
incorporating syntactic, morphological, and semantic tests
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(viaan ontology). Our rules are induced from the knowledge
base, which alleviates the need for rule maintenance as well
as rule construction.

This paper shows that an accurate decision procedure
(90.5%) for determining the mass-count distinction in lexi-
calizations can be induced from the lexical mappings in the
Cyc KB. The performance (74.6%) in the general caseis also
promising, given that it is a much harder task with over 30
part of speech categories to choose from. The features in-
corporate semantic information, in particular Cyc's ontolog-
ical types, in addition to syntactic information (e.g., head-
word morphology). Although the main approach incorporates
Cyc's conceptual distinctions, it can be extended to non-Cyc
applications viathe WordNet mapping [O’Haraet al., 2003].

Thiswork is just a small initia step in applying machine
learning techniques to the massive amount of data in Cyc.
The recent release of OpenCyc enables wider investigation
and exploitation of the information in the Cyc knowledge
base for intelligent applications.
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Abstract

We have developed a robot controller based
upon a neural implementation of Norman and
Shallice’s model of executive attentional control
in humans. A simulation illustrates how atten-
tional control leads to the suppression of action
selection errors in neurally controlled robots. A
related demonstration illustrates how lesioning
of the control architecture leads to behavioural
pathologies that resemble those seen in human
patients with damage to the prefrontal cortex.

1 Introduction

Selecting the right action at the right time is important
for machines exhibiting higher-level behaviours. How-
ever, many researchers have found that robots exhibit
behavioural pathologies in relation to action selection.
Common examples include excessively frequent and in-
appropriate changes of behaviour (appearing either as
distractedness or as indecision); inappropriate persistence
of a behaviour; repetitive behaviour in which the robot
appears to lack awareness of failure.

Humans suffering similar behavioural pathologies are
often found to have suffered damage to an area of the
pre-frontal cortex which is functionally labeled the ex-
ecutive [Parkin, 1996]. The executive initiates, monitors
and modulates higher level behaviours. Several models of
the executive exist, notably those of Baddeley and
Weiskrantz [1993] and Norman & Shallice [Shallice,
1998]. Both these models contain an executive called the
Supervisory System or Supervisory Attentional System
(SAS), respectively.

We have developed a neural implementation of the
Norman & Shallice architecture as a controller for a
simulated robot with the aim of demonstrating that such
an architecture can reduce action selection errors.

2 Architecture

The control network (ca. 700 neurons) features clusters
of highly interconnected neurons within functional
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blocks corresponding to those of the original Norman and
Shallice model (see below). These clusters are sparsely
connected to other clusters within the same functional
block or to clusters in neighbouring blocks. The inter-
block connections are based on known neuroanatomical
structures and pathways.

The functional architecture features a Perception Layer
which fuses sensor signals before distributing these to an
Associative Layer which maps perceptions to a behaviour
layer. The Behaviour Layer holds a number of distinct
networks which individually exhibit basis behaviours
such as ‘wander safely’, ‘aggregate’, ‘disperse’ [Mataric,
1996]. Basis behaviours can be combined to provide
higher-level behaviours. A Contention Scheduler takes
input from stimulated behaviours in the behaviour net-
work requesting access to the robots effector systems and
selects which behaviors are granted expression in the real
world. (Our contention scheduler is an independent im-
plementation of that given by Prescott et al.[1999].)

Two SAS functions are currently implemented. The
monitor network compares the currently intended behav-
iour with the currently expressed behaviour, generating
an arousal stimulus if a disparity occurs. Arousal causes
the modulator network to modulate the behavioral signals
into the contention scheduler from the behaviour layer
such that the intended behaviour is potentiated and the
other behaviours are attenuated. It is important to recog-
nise that this does not guarantee the selection of the in-
tended behaviour as this risks overriding behaviours de-
signed to prevent undesirable outcomes such as collision.

3 Simulation

This section illustrates the operation of the simulated
robot which has both sonar and olfactory sensors and is
equipped with independent drive wheels and a gripper for
picking up objects of interest. The dynamics of the robot
motion and the sensor are based techniques prescribed by
Dudek and Jenkin [2000]. We use foraging behaviour
(wander until detect food, collect food, take food to
home), to illustrate the normal functioning of the SAS.
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In Figure 1. the robot (Penny) has detected food in a re-
gion near the bottom of the world, oriented itself and
then moved towards that food, collected it, and is now
taking it towards ‘home’.

! sheepworld 3

File Edit Sim Trace Monitor Help

SheepWorld Sim

) Point @ Create

More Food

Figure 1. Simulated robot exhibiting foraging behaviour.

The successful operation of the SAS is illustrated in
Figure 2. which provides a sequence of traces which are
the outputs of clusters and/or functional units of the neu-
ral architecture. Whilst the robot is currently taking food
home (as in Figure 1) an additional, distracting, food
source is introduced into the environment. This occurs
some 2 seconds into the trace. The top trace shows that
the robot detects the new food and the ‘orient to food’
behaviour requests expression via the contention sched-
uler. Trace 3 shows that this is not the currently planned
behaviour (planning input for this behaviour is ‘low’).
However, the strength of the conditioning to the ‘orient
to food’ stimulus leads the Contention Scheduler to select
(inappropriately) the ‘orient to food’ behaviour (rising
spike in trace 4). But, the SAS monitor sees this (trace 5),
and correctly generates a modulatory signal to suppress
the level of excitation of this behaviour as seen by the
Contention Scheduler (trace 6). This results in the falling
spike of trace 4. Trace 7 illustrates that there was a mo-
mentary expression of the inappropriate behaviour at one
of the motors.

4 Conclusion

We have demonstrated that a neural controller based
upon the Norman and Shallice model of executive atten-
tional control can express willed behaviour required sup-
press otherwise inappropriate behavior. In a related dem-
onstration of this simulation, lesion studies are used to
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reproduce robot behaviour that appears to correspond to
similar pathologies exhibited by human patients .

Behawiour - Orientate to Food, Enable CQutput

Trace 1. Detects food

L

o

1 1 1 1 1 1 I42
BEehaviour - Orientate to Food, Memory Input
™ 1 1 1 1 1 1 I42
SAS - Orientate to Food, Planning Input
Trace 3. ‘Orient to food’ not planned
I
1 1 1 1 1 1 I42
SAS - Orientate to Food, Contention Scheduler Input
Trace 4. Momentary expression of behaviour
I
1 1 1 1 1 1 I42

SAS - Orientate to Food, Behaviour Enable Input

Trace 5. SAS recognises inappropriate behaviour

o

L

1 1 1 1 I42
SAS - Orientate to Food, Suppression Output
,—!‘ Trace 6. SAS attenuates unwanted behaviour
™ 1 1 1 1 1 1 [P
Robot Motor (Left) Output
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o
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Figure 2. Suppression of inappropriate behaviour by the SAS.
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Abstract

Robust face identification system in complex
airport environment, which can identify certain
candidates from a crowd of people in real time, is
in urgent demand. S-AdaBoost is discussed in
this paper as a variant of AdaBoost to handle real
world environment. The Face Identification
System for Airports (FISA), based upon S-
AdaBoost algorithm, is implemented in an
international airport. Comparison of results
obtained from FISA with those from other
leading face identification approaches based on
FISA database clearly demonstrates the
effectiveness of FISA in real airport environment.

1 Introduction

When AdaBoost [Freund and Schapire 1996] is used to
handle scenarios in complex environment with outliers, its
limitations have been pointed out by researchers [Dietterich,
2000]. Some discussions and approaches [Rétsch, et al.,
2001] have been proposed to address these limitations.

S-AdaBoost works by dividing the input space into a few
sub-spaces and using dedicated classifiers to classify
patterns in the sub-spaces. The final classification result is
the combination of the outputs of the dedicated classifiers.
The S-AdaBoost Machine is made up of an AdaBoost
divider, an AdaBoost classifier, a dedicated classifier for
outliers, and a non-linear combiner. S-AdaBoost can
enhance AdaBoost’s capability of handling scenarios in real
world complex environment.

2 S-AdaBoost in Classification

S-AdaBoost applies the Divide and Conquer Principle
through dividing the input pattern space S into a few sub-
spaces and conquering the sub-spaces by finding simple
fittings (decision boundaries) to the patterns in the sub-
spaces. Input space can be denoted by:
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S={P=X,Y)}

where,

X = {x;} denotes the input patterns.

Y = {y;} denotes the classification results.

P = {pi= {(x;, yi)} } denotes the input

pattern and classification result pairs.
In S-AdaBoost, patterns in § can be divided into a few

sub-spaces relative to a classifier F(x):

S = Sno"_ Ssp + Sns + Shd (1)

where,

Sm, - {Pno}: Normal Patterns (Patterns can be
easily classified by F(x)).

@sp - {Psp}: Special Patterns (Patterns can be
classified correctly by ¥(x) with
bearable adjustment).

Sus= {Py}: Patterns with Noise (Noisy patterns)

Shd - {Pnq}: Hard-To-Classify Patterns

(Patterns hard to be classified by F(x)).

A typical input pattern space is shown in Figure 1. The
first two sub-spaces are further referred to as Ordinary
Pattern Space, and the last two are called Outliers in S-
AdaBoost:

Sod = ’Sno +ASsp (2)
Sol = Sns + Shd (3)
Patterns
Normal With Noise

Eow o n .
"X ®xDecision

®
1“ ]

Special Hard-To-Classify
Patterns
Figure 1: Input Pattern Space
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During training, S-AdaBoost uses an AdaBoost D(t) as a
divider to divide the patterns in the original training input
space S into two separate sets in Sea and S, One set in Syq
is used to train the next AdaBoost F,q(x), which has good
generalization characteristic; and another set in S is used to
train a dedicated outlier classifier FO(x), which has good
localization characteristic. The structure of S-AdaBoost is
shown in Figure 2. During testing, the divider B(t) is no
longer needed, testing patterns are fed directly to the two
classifiers F,q(x) and FO(x) followed by the combiner C to
obtain the classification results.

AdaBoosi

<l ifi
Oirdinary aastiler
Input

Fatierms
Palterms

A s . Hesult
AdaBsost .
Toivlder Combimer %
ﬁ%\k =

T
Dwillers ]

Dunlier
ClassilMer

Figure 2: S-AdaBoost Machine

3 FISA

In FISA, 40 candidate’s face images are stored in the
candidate database. 5000 images with one or multiple face
images in an airport environment are collected within 3
months; about 40% of the images contain one or a few
candidate faces. 3000 images are randomly selected as the
training set and the remaining 2000 images are chosen as
the test set.

The pro-processor will detect potential faces and
generate constant flow of 20 X 20 segmented potential face
images to FISA. Back-Propagation (BP) Neural Network is
used as the base learner for AdaBoost D(¢) and F,q(x) in
FISA. A three-layer RBF Neural Network with dynamic
number of hidden nodes is chosen to implement FO(x) due
to RBF Neural Network’s good localization characteristic.
The radii of hidden nodes in RBF are also chosen to be very
small to enhance RBF network’s good local clustering
characteristic, which helps to isolate the P, from the Pyq. A
Multi-Layer Perceptron (MLP) Neural Network is used to
implement the combiner C in FISA.

To test the effectiveness of S-AdaBoost (S-AB) on face
identification in airports, we compared the performance of
FISA (when Threshold t was set to 1/(M X 9%)) with other
leading approaches. We implemented the neural network
based EBGM (Elastic Bunch Graph Matching) approach
[Wyner et al., 2001], the statistical subspace LDA
(Linear/Fisher Discriminant Analysis) approach [Friedman
et al., 1998], and Probabilistic PCA (Principle Component
Analysis) approach [Freund, 1999], PPCA. The False
Negative Rate (FNR) and False Positive Rate (FPR) of the
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four algorithms as well as those of the AdaBoost (AB)
algorithm were used in our analysis.

The same training and testing face images (as used in
FISA) were used in our experiment to compare the
effectiveness of different approaches in real complex airport
environment. In FISA testing, the pre-processed data (20 X
20 images) were fed directly to Foq(x) and KO(x). The
testing results obtained from various approaches are listed in
Table 1.

% S-AB | AB | EBGM | LDA | PPCA
FPR | 334 44.6 | 40.2 433 | 385
FNR | 0.1 1.4 0.2 0.6 0.5

Table 1: Comparison of error rates of different approaches
on FISA Database

4 Discussion and Conclusions

FISA is introduced as a practical system to handle face
identification in real airport environment. S-AdaBoost,
which is a variant of AdaBoost and is more effective than
the conventional AdaBoost in handling outliers in real world
complex environment, is also introduced as the algorithm
behind FISA. Experimental results on FISA databases
clearly show S-AdaBoost’s effectives in handling
classification in complex environment and FISA’s
capability in boosting Face Identification in Airport.
Improvements of the algorithm will focus on utilizing more
hybrid approaches to improve the overall identification rates
of the system.
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Abstract

This paper presents an action selection framework
based on an assemblage of self-organizing neu-
ral networks called Cooperative Extended Kohonen
Maps. This framework encapsulates two features
that significantly enhance a robot’s action selection
capability: self-organization in the continuous state
and action spaces to provide smooth, efficient and
fine motion control; action selection via the cooper-
ation and competition of Extended Kohonen Maps
to achieve more complex motion tasks. Qualitative
and quantitative comparisons for single- and multi-
robot tasks show our framework can provide better
action selection than do potential fields method.

1 Introduction

A central issue in the design of behavior-based control archi-
tectures for autonomous agents is the formulation of effective
action selection mechanisms (ASMs) to coordinate the be-
haviors. This paper describes a neural network-based ASM
for autonomous non-holonomic mobile robots. Our motiva-
tion is to develop a motion control strategy that can perform
distributed multi-robot surveillance in unknown, dynamic,
and unpredictable environments. By implementing the ASM
using an assemblage of self-organizing neural networks, it in-
duces the following key features that significantly enhance
the agent’s action selection capability: self-organization of
continuous state and action spaces to provide smooth, effi-
cient and fine motion control, and action selection via the
cooperation and competition of Extended Kohonen Maps to
achieve more complex motion tasks.

2 Action Selection Framework

Our proposed ASM, termed Cooperative Extended Kohonen
Maps (EKMs), is implemented by connecting an ensemble of
EKMs. An EKM extends the Kohonen Self-Organizing Map.
Besides encoding a set of input weights that self-organize in
the sensory input space, the neurons also produce outputs that
vary with the incoming sensed inputs. Our implementation
extends the work of [Low et al., 2002] by connecting several
EKMs to form cooperative EKMs. These neural networks co-
operate and compete to produce an appropriate motor action
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for the robot to approach targets, negotiate unforeseen, possi-
bly concave, obstacles, and keep away from robot kins when
it is tracking moving targets (Fig. 1).

Our ASM framework consists of four types of EKMs: tar-
get localization, obstacle localization, robot kin localization,
and motor control EKMs. In the presence of a target, neurons
in the target localization EKM, which encodes target location
in the local sensory input space U/’ are activated (Fig. 1a). A
target field with the shape of an elongated Gaussian is pro-
duced (Fig. 1b) such that the neurons at and near the target
location have the strongest activities. The elongated target
field is crucial to the robot’s avoidance of concave obstacles.

Similarly, the presence of an obstacle activates neurons in
the obstacle localization EKMs. The neurons in these EKMs
at and near the obstacle locations will be activated to produce
obstacle fields (Fig. 1c). These obstacle fields are stretched
along the obstacle directions such that neurons beyond the
obstacle locations are also inhibited to indicate inaccessibil-
ity. Robot kin fields are activated in a similar way in the robot
EKMs in the presense of robot kins.

In activating the motor control EKM, the obstacle fields
are subtracted from the target field (Fig. 1d). If the target lies
within the obstacle fields, the activation of the motor con-
trol EKM neurons close to the target location will be sup-
pressed. Consequently, another neuron at a location that is
not inhibited by the obstacle fields becomes most highly ac-
tivated (Fig. 1d). This neuron produces a control parameter
that moves the robot away from the obstacle. While the robot
moves around the obstacle, the target and obstacle localiza-
tion EKMs are continuously updated with the current loca-
tions and directions of the target and obstacles. Their interac-
tions with the motor control EKM produce fine and smooth
motion control of the robot to negotiate the obstacle and reach
the target. In the case of multi-robot tracking of multiple tar-
gets, multiple target fields and robot kins fields are activated.
The robots act like highly repulsive obstacles to other robots,
thus separating them from each other.

3 Experimentsand Discussions

Two qualitative tests were conducted to demonstrate the ca-
pabilities of cooperative EKMs in performing complex mo-
tion tasks. The experiments were performed using Webots,
an embodied simulator for Khepera mobile robots, which in-
corporated 10% noise in its sensors and actuators.
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@ (b) (©) (d
Figure 1: Cooperative EKMSs. (a) In response to the target &, the nearest neuron (black dot) in the target localization EKM
(ellipse) of the robot (gray circle) is activated. (b) The activated neuron produces a target field (dotted ellipse) in the motor
control EKM. (c) Three of the robot’s sensors detect obstacles and activate three neurons (crosses) in the obstacle localization
EKMs, which produce the obstacle fields (dashed ellipses). (d) Subtraction of the obstacle fields from the target field results in
the neuron at A to become the winner in the motor control EKM, which moves the robot away from the obstacle.

ST

Figure 2: Motion of robot (dark gray) in an environment with
unforeseen static obstacles (light gray). The robot success-
fully navigated through the checkpoints (small black dots)
located at the doorways to reach the goal.

The environment for the first test consisted of three rooms
connected by two doorways with unforeseen static obsta-
cles (Fig. 2). The robot began in the top corner of the left-
most room and was tasked to move into the narrow corner
of the right-most room via checkpoints plotted by a planner.
The robot with cooperative EKMs was able to move through
the checkpoints to the goal by traversing between narrowly
spaced convex obstacles in the first and the last room, and
overcoming an concave obstacle in the middle room. A robot
with potential fields would be trapped by these local minimas.

The second test (Fig. 3) illustrates how two robots endowed
with cooperative EKMs cooperate to track four moving tar-
gets. When the targets were moving out of the robots’ sensory
range, the robot below chose to track the two targets moving
to the bottom left while the robot above responded by track-
ing the two targets moving to the top right. In this manner, all
targets could be observed by the robots. This test shows that
the two robots can cooperate to track multiple moving targets
without communicating with each other.

Two quantitative tests were conducted to determine the
overall tracking performance of the robot team based on the
following performance index:

T
n(t)

observation coverage = ; 100 NT (1)
where N is total number of targets, n is number of targets
being tracked at time ¢, and the experiment lasts 7" amount of
time. For both tests, V and T were fixed respectively as 10
targets and 1000 time steps at intervals of 128 ms.

The first test compared the mean observation coverage of
robots adopting four different tracking strategies: coopera-
tive EKMs, potential fields, fixed deployment, and random
deployment. The environment or arena was an enclosed
obstacle-free region that varied in size. The mobile tar-
gets were forward-moving, obstacle-avoidance vehicles that
changed their direction and speed with 5% probability. Five
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Figure 3: Cooperative tracking of moving targets. When the
targets were moving out of the robots’ sensory range, the
robot below decided to track the targets moving to the bottom
left while the robot above responded by tracking the targets
moving to the top right. In this way, all targets could still be
observed by the robots.

Observai ve tion coverage (%)

ge (%)

Figure 4: Comparison of observation coverage for (a) robots
using different tracking strategies in varying arena size, and
(b) varying number of robots with different sensing ranges.

robots, each with target and robot sensing radius of 0.3 m,
were deployed in this task. The fixed deployment approach
distributed stationary robots uniformly over the arena. The
random deployment approach allowed the robots to move
randomly in a manner similar to the moving targets. Test re-
sults in Fig. 4(a) reveal that, in very large arenas, tracking
strategies that respond dynamically to targets’ motion (co-
operative EKMs and potential fields) are significantly better
than those that do not (fixed and random). In particular, co-
operative EKMs offered the highest observation coverage as
it could overcome local minimas posed by targets and robots.

The second test compared the mean observation coverage
of the cooperative-EKM robots with different sensing ranges
and number of robots. The size of the arena was 6.4 m?,
which corresponded to the largest arena used for the first test.
Test results in Fig. 4(b) show that observation coverage in-
creases with increasing number of robots and sensing range.
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Abstract

This poster shows an artificial neural network ca-
pable of learning a temporal sequence. Directly
inspired from a hippocampus model [Banquet et
al., 1998], this architecture allows an autonomous
robot to learn how to imitate a sequence of move-
ments with the correct timing.

1 Introduction

This article considers the problem of learning to predict
events, i.e. to forecast the future behavior of a system us-
ing past experience. This problem has often been viewed
and formalized in neural network theory as so-called tempo-
ral sequence learning. Studying such sequences is a topic
of research in several domains such as robotic trajectory
planning, speech or vision processing. For most of these,
neural networks provide two distinct mechanisms: one for
spatial information and the other for temporal information.
The main mechanism stores the sequence events regardless
of the temporal dependences between them. In parallel, or
later, the second mechanism, the so-called short time mem-
ory (STM), extracts and learns the temporal relationships be-
tween the events. Moreover, we have shown in previous
works [Gaussier and Moga, 1998; Andry et al., 2001] that
the capability of learning a temporal sequence is one of most
important features of a learning by imitation system. As a
capability of learning by observation, imitation is a strong
learning paradigm for autonomous systems. Imitation can
improve and accelerate the learning of sensory/motor associ-
ations. In our work, oriented to the design of a neural network
architecture allowing learning by imitation, we are involved
in the first level of imitation [Whiten and Ham, 1992]. This
“proto-imitation” level plays a key role in understanding the
principles of the perception/action mechanisms necessary to
perform higher order behaviors and it is likely that the proto-
imitation is triggered by a perception ambiguity. In our ap-
proach, the starting point for an “imitating behavior” imple-
mentation is the capability of learning temporal sequences of
movements.

2 Temporal sequence learning model

Almost all neural models of sequence learning use a discrete
temporal dimension by sampling the continuous time at reg-
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ular intervals. In these models, time proceeds by intervals of
At, and the interval between 2 items of a sequence is con-
sidered as a few units of At (usually less than 10). In this
section, we introduce the model' for timing sequence learn-
ing with a variable and a long range time interval and we
evaluate it. Our model (Fig. 1-left) is based on the idea that a
prediction (P-type) neuron learns the timing between 2 items,
or, to be more precise, learns to predict the end of this time in-
terval. This time interval starts with the firing of a derivation
(D-type) neuron and ends with the firing of an input (E-type)
neuron. The P-type neuron learns this interval using the ac-
tivity of the granular (G-type) group of neurons.

e B
Timo i soconds]

Figure 1: Left : The overview of the neural model allowing
time prediction. The G; are time base neurons, P is the pre-
diction neuron, D and E are formal neurons. Right : detailed
activity of the P-type neuron. The P neuron firing predict the
learned time interval.

Let us consider a simple example: we present the first item
and, one second later, we present the second item. The length
of the interval to be learned is Ty = 1s. The first item forces
the D neuron to fire. The firing of the D neuron resets all
the activity of the G neurons. Starting at this instant, the G
neuron’s activity is expressed by Eq. 1 . One second later,
the second item forces the E neuron to fire. The firing of the
E neuron enables the update of the weight between the P and
the G neurons i.e. enables the learning of the Tg interval.
Finally, when the first item is presented again the D neuron
fires again. 920 milliseconds later, i.e. 80 milliseconds before

'"The model is inspired by the functions of two brain structures
involved in memory and time learning: the cerebellum and the hip-
pocampus (see [Banquet et al., 1998] for further neurobiological ref-
erences)
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T), the P neuron fires (Fig. 1-right) and predicts an imminent
firing of the E neuron.

2
m t—1;) —my
Gi (t) = _Oexp_w (1)
m; 2-0;
¢ - position of the neuron in the group (the :th cell of the battery);
m; and o; - time constant and the standard deviation associated with

the ¢th neuron; 7; - instant of the last reset of the battery.

3 Sequence learning architecture

Timing learning models are currently used by neurobiologist
modelers for conditioning simulation [Bullock et al., 1994,
Grossberg and Merrill, 1992]. Alternatively, the proposed
model permits the temporal sequence of events to be learned
and predicted. In our context, a simple sequence is defined
as an enumeration of events with the associated timing (eg.
“A,B,C”) and a cyclic sequence as periodic simple sequence
(eg. “A,B,C,A,B,C,A,..”) with the associated timing. The
main idea is to use several batteries of G neurons for learning
the timing between two consecutive events and a group of P
type neurons for learning the event sequencing. The global
architecture is shown in Fig. 2. The input group (CC) can be
viewed as the input interface. Any neuron of this group repre-
sents a sequence event and it is ON while the corresponding
input event is present; otherwise it is OFF. Each CC neuron is
one-to-one linked with EC group of neurons. The EC group
is made up of D-type neurons. Each EC neuron is linked
with unconditional links to all neurons of a battery in the DG
group. In the same way, an EC neuron is connected with un-
conditional links to all neurons of the corresponding column
of the CA3 group. The DG group integrates several batteries

! DG

conditional links

RO

Figure 2: Detailed connectivity of the event prediction net-
work. The circle size in DG is associated with the time con-
stants (m;) of the G type neurons.

of G-type neurons. A DG battery is equivalent to a G; group
of neurons shown in section 2. Each DG neuron is connected
via conditional links to all neurons of the corresponding row
in the CA3 group. The size of the CC group (respectively EC)
is constrained by the maximum length of sequences. Alterna-
tively, the size of a DG battery is a function of the prediction
precision of the time interval between two events of the se-
quence. This architecture can learn all event combinations, in
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other words, all possibles sequences. Consequently, the size
of the CA3 group is the square of the input group (CC). The
output group (RO) is a Winner Take All neurons group. A
neuron of the RO group has the same signification as a CC
neuron. The RO outputs are connected to the EC inputs via
one-to-one secondary unconditional links.

The architecture allows the learning of all kind of simple
or cyclic sequences. The size of learned sequences is limited
only by the system memory capacity.

4 Conclusion

The timing learning model and the associated neural net-
works were successfully utilized in [Gaussier and Moga,
1998; Moga, 2000] to teach an autonomous robot different
“dances”. The proposed model allows the correct timing to
be predicted and it concords with Weber’s law. Even if We-
ber’s law concordance is not a prerequisite, it corresponds to
a strong constraint of neurobiological inspired models of per-
ception and learning: if the prediction precision is constant
then it is not possible to have reinforcement due to repetitive
experiments. In addition, this model was successfully em-
ployed [Andry et al., 2001] to build a learning model based
on the prediction of rhythms as a reward signal and for spatio-
temporal transition learning in autonomous robot navigation.
These results prove that the proposed neural network archi-
tecture can serve both as a starting point for understanding
imitation mechanisms, and as an effective learning algorithm
for autonomous robotics.
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Abstract

Pathfinding on a map is a fundamental problem
in many applications, including robotics and com-
puter games. Typically a grid is superimposed over
the map where each cell in the grid forms a unique
state. A state-space-based search algorithm, such
as A* or IDA*, is then used for finding the optimal
(shortest) path. In this paper we analyze the search
behavior of both A* and IDA* using different grid
representations, providing various new insights via
analytical and empirical results.

1 Introduction

Commercial games are a multi-billion-dollar industry and
still growing. In the past better graphics have been one of
the main driving forces of sales; however, this is no longer
true and good graphics alone is not sufficient to fuel sales.
Instead consumers are increasingly looking for a more real-
istic gaming experience. For many type of games, especially
real-time-strategy (RTS) and role-playing games (RPG), real-
istic real-time pathfinding is one of the fundamental hurdles
to overcome. In many state-of-the-art games a grid is typi-
cally superimposed over the map and an algorithm such as
A* or IDA* is used to find a path in the abstract grid space.

In this paper we compare four different grid topologies for
abstraction: tiles, octiles, hexes, and texes. Tiles are squares
where movement is restricted to the four cardinal compass
directions (N, E, S, W). Octiles are also squares but allow ad-
ditional diagonal moves (NE, SE, SW, NW). A hex grid con-
sists of hexagons with six degrees of movement. One prob-
lem with a hex grid is that it cannot be implemented as effec-
tively as a square-based grid (an important consideration in
computer games). Thus we introduce texes, a square-based
representation of a hexagonal grid. The four different grid
structures are depicted in Figure 1.

2 Analytical Comparison

In this section we analyse the search complexity of IDA* for
each of the different grid topologies discussed above. In our
analysis we assume unit-cost edge weights (as is customary).

The asymptotic search complexity of A* on a grid is
O(D?) independent of grid representation, where D is the
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Figure 1: Different grid representations

depth of the solution. On the other hand, the search com-
plexity of IDA* is O(b”) where b is the effective branching
factor (in this analyses we exclude the effect of the heuristic
estimate). The choice of a grid representation affects not only
the branching factor b, but also the solution depth D. This
poses the question: which grid representation is the most ef-
ficient?

As for the branching factor, there is no need to explore
again the cell that the search just departed from, thus the ef-
fective branching factor of IDA* is at least one less than the
number of adjacent cells. However, for hexes, texes and oc-
tiles we can further reduce the branching factor by observing
that none of the neighbors shared with the previously visited
cell need to be expanded. For example, in Figure 1 the shaded
cells need not be expanded at node curr given that it was last
entered via node last. Intuitively, because of unit-cost terrain,
the cost of reaching these neighboring cells from curr is nec-
essarily greater than if they were instead visited directly from
last. The effective branching factor of hexes and texes is thus
only 3, same as for tiles, whereas for octiles the asymptotic
branching factor is 4.2 (3 for horizontal/vertical moves and
5 for diagonal moves)[1]. Surprisingly, this observation has
been overlooked in previous studies.

As for the search depth D, it can be mathematically shown
that given the same distance from a start to a goal, if a tile grid
searches to a depth D then a hex grid searches only to a depth
0.81D and an octile grid to a depth D/ V2. The analytical
result is summarized in Table 1.
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Table 1: Summary of Grids

Grid Adj. | Branch. | Average Complexity
Type | Nodes | Factor Depth A* IDA*
Hex 6 3 081D | O(D?) | 0(2.427)
Tex 6 3 0.81D | O(D?) | O(2.43")
Octile 8 4.2 0.71D | O(D?) | O(2.777)
Tile 4 3 1.00D | O(D?) | 0(3.007)

3 Testing Framework

The above analytical study gives us a good idea of the merits
of the different grid representations, at least when used with
IDA*. However, for A* it does not provide much insight.
An empirical study of these algorithms is thus important, es-
pecially given that no comparison study exists on their be-
havior when pathfinding on a map. A problem with previous
work is that different studies use disparate testing environ-
ments making individual results hard to compare. Also, the
“random” maps typically used are not necessarily representa-
tive of maps one would encounter in practice.

To address both of the above mentioned problems we de-
veloped a generic framework for testing state-space based
search algorithms. This framework consists of three lay-
ers, allowing implementation of each layer independently of
the others. The bottom layer abstracts away the details of
the grid topology, the middle layer consists of a state-space-
based search algorithm, whereas the top layer provides facil-
ities for automatic testing, collection of statistics, and tools
for importing game maps. The plan is to make this software
public to encourage more realistic and uniform test-beds for
pathfinding research.

In this framework, we implemented both A* and IDA* in
the middle-layer, and tile-, octile-, and tex-representations of
maps in the bottom layer (there is no need to include hex grids
because tex grids have the same search properties while al-
lowing a more efficient implementation).

4 Empirical Comparison

We used the aforementioned test environment to empirically
evaluate A* and IDA* using different grid structures. The
following map categories were used: obstacle-free maps (E),
maps with randomly placed obstacles (R), and maps ex-
tracted from the popular computer game Baldur’s Gate II by
BioWare (B). For each category 120 maps were used, ranging
in size from approximately 50 x 50 to 300 x 300. For each
map 400 randomly chosen start/goal states were searched.
The result of the A* experiment is summarized in Table
2. Each entry shows the average number of nodes expanded
over 48,000 searches (400 trials x 120 maps) as well as the
standard error. The heuristic used for each grid representation
is perfect given that no obstacles are present (e.g. Manhattan
distance for tiles). We can see that the exact graph repre-
sentation does not make a big difference for A*. However,
any improvement is beneficial because multiple units are typ-
ically traversing a game world simultaneously, each requiring
a path be found in a matter of milliseconds. For example, we
can state with a high statistical significance for all three map
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Table 2: Summary of A* Experiments

Tile Tex Octile
E 724 (£0.3) 58.5 (£0.2) 50.8 (£0.2)
R || 493.7 (£5.0) | 5169 (£5.0) | 466.7 (£4.9)
B || 606.0 (£8.2) | 588.6 (£8.0) | 511.4 (&£7.5)

categories that octile grids expand fewer nodes on average
than the alternative grid structures.

Identical experiments were conducted for IDA*. Because
of its exponential growth rate, normal IDA* performed poorly
on the larger maps, often unable to find a path even after
expanding millions of nodes. Instead we used a memory-
enhanced variant of IDA* for our evaluation (a simplified ver-
sion of the transposition table enhancement described in [2]).
The result is summarized in Table 3. When comparing this
result with the A* result we notice that IDA* expands many
more nodes on average (because it needs to revisit nodes on
each iteration). However, despite expanding more nodes, the
overall run-time for IDA* was considerably less than A*’s
for both empty and random maps (less work per-node). Also
of interest is that tiles clearly work better than the other grid
topologies when used in conjunction with enhanced IDA*.
The data also shows a big performance difference between
random and game maps. On game maps IDA* searches an
order of magnitude more nodes than on random maps, result-
ing in A* being the preferred algorithm for these game maps
(even when considering run-time).

Table 3: Summary of IDA* Experiments

Tile Tex Octile
E 72.4 (£0.3) 58.5 (+0.2) 50.8 (£0.2)
R|| 15149 (£25.2)| 2346.7 (£38.6)| 1904.7 (+38.4)
B || 19597.1 (£501.3)|28899.4 (£757.8)|21188.7 (£568.9)

5 Conclusions

Analytical results show that normal IDA* performs best on
tex (or hex) grid abstraction. Unfortunately, normal IDA* is
impractical for larger maps, including realistic game maps.
In practice, A* performs best on octile grids and memory-
enhanced IDA* on tile grids. This result is based on maps
typical of computer games in terms of size and level of detail.
For IDA* and A* we use the fact that only a subset of neigh-
boring nodes need to be visited, an often overlooked fact. The
result also shows that one must be careful when carrying in-
sights gained from random maps over to “realistic” maps.
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Abstract

This paper® discusses the specifics of planning in mul-
tiagent environments. It presents the formal framework
MAPL (“maple”) for describing multiagent planning do-
mains. MAPL allows to describe both qualitative and quan-
titative temporal relations among events, thus subsuming the
temporal models of both PDDL 2.1 and POP. Other fea-
tures are different levels of control over actions, modeling
of agents’ ignorance of facts, and plan synchronization with
communicative actions. For single-agent planning in multi-
agent domains, we present a novel forward-search algorithm
synthesizing MAPL’s partially ordered temporal plans. Fi-
nally, we present a general distributed algorithm scheme
for solving MAPL problems with several coordinating plan-
ners. These different contributions are intended as as step
towards a simple, yet expressive standard for the descrip-
tion of multiagent planning domains and algorithms. Such a
standard could in the future allow cross-evaluation of Multi-
agent Planning algorithms on standardized benchmarks.

In this paper, we discuss the specific properties of plan-
ning in Multiagent Systems (MAS). With the term Multiagent
Planning (MAP), we denote any kind of planning being per-
formed in multiagent environments, meaning on the one hand
that the planning process itself may be distributed among sev-
eral planning agents, but also that individual plans can (and
possibly must) take into account concurrent actions by several
executing agents.

R12

LocO
ROL (g A
P%: @

R13
Figure 1: A multiagent planning problem

As a motivating example, Fig. 1 shows a simple MAP
problem as appearing in the RoboCupRescue challenge [7].
Two autonomous agents, police force P and fire brigade F,
are working in a city devastated by an earthquake. While F’s
goal is to extinguish all burning houses, it is P’s capability
and goal to clear the blocked roads. P’s position being LocO
we will assume him being unaware of R12 and R13 being
blocked. The agents’ actions have specific durations that may
be exactly known only at execution time, sometimes because
of specific execution parameters of the agents, sometimes be-
cause of intrinsic unpredictability of the environment: while,
for example, moving through the town may take between 2

*Definitions of the formal semantics of our Multiagent Planning

Language as well as the algorithms for single and multi-agent plan-
ning are given in the long version of this paper [2].
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and 4 minutes and depend only on the map distance and speed
of the agent, extinguishing a fire may take 1 to 4 hours de-
pending on conditions unknown to the agents.

This trivial example shows several general features of
MAP problems and plans: (1) Agents may be unaware of
parts of the world state (P does not know whether R13 is
blocked). (2) Concurrent acting is central to MAP (P can
move to Locl and start clearing R13 while F is extinguish-
ing H1, although both agents using the same road at the same
time may be prohibited to avoid collisions). Modeling con-
currency necessitates (2a) a description of which events may
occur concurrently and which not, (2b) metric time for real-
istic descriptions of action durations and their relations, but
(2c) synchronizing on actions of unknown (at least to some
agent) duration demands qualitative use of time (e.g. “after
P has cleared R13"). A specific usage of qualitative time is
(3) synchronization on communicative acts, as in “F moves to
Loc3 after P has informed him that R13 is clear”.

In their plans, agents must take other agents actions into
account: F may “exploit” P’s clearing of R13 in his own plan
but must also assure that he does not try to use a road that is
also used by P at the same time. Especially, (4) cannot control
occurence or duration of other agents’ actions.

To address the representation problems (1)-(4) we intro-
duce the Multiagent Planning Language MAPL (“maple™).
Instead of propositional state representations MAPL allows
non-boolean state variables (cf. also [5]). To model feature
(1) each state variable may have the special value unknown,
thereby avoiding representation of belief states as sets of pos-
sible states. A number of other advantages comes with the
introduction of state variables; especially, for feature (2a), an
intuitive definition of mutual exclusivity (i.e. the impossibil-
ity to execute some actions concurrently, cf. [1]) can be given
that describes mutexes as read-write locks on state variables.
According to this perspective, distributed planning can then
be seen as detection or, even better, prevention of possible
read-write locks before execution.

MAPL’s temporal model allows to combine (2b) quantita-
tive and (2c) qualitative temporal information in plans, thus
subsuming both the purely metric temporal model of PDDL
2.1 [4] and the purely qualitative model of Partial Order Plan-
ning [8]. At its core MAPL represents a multiagent plan as
a Simple Temporal Network [3] in which each durative ac-
tion is modeled by start and end events, possibly extended by
invariant conditions. In the STN, both action durations and
qualitative ordering relations are treated as constraints repre-
sented by closed, semi-open or open intervals. In so doing,
not only can imprecisely known action durations be repre-
sented as intervals of the form [4;, 5], but qualitative con-
straints like “after” can be described by (semi-)open intervals
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like (0, 00). Fig. 2 shows F’s plan for the problem of Fig. 1,
the interval (0, co) being represented as <.

Another new concept shown in Fig. 2 is (3) the use of
speech acts as reference events for plan synchronization. On
the one hand, this allows agents to refer to facts (especially
those achieved by others) the change of which they do not
influence or witness themselves. On the other hand, as ex-
plained later, speech acts allow agents to reveal only the min-
imum of information about their plans needed for coordina-

tion.
siext(F,H1) [2,4], emove(FL3)
[60,240]
RS s S g
: y FL3
Oe_init eext(FHL) < / Smove(F,L3) O~ Je0240]
O siext(F,H3)
told(P):blocked(R13)=clear  gext(F,H3) Q
-
e goa

Figure 2: F’s plan (including a communicative action by P)

A plan is only fully specified with (4) a control function
describing which of the agents (or the environment) controls
the occurence of each event. With this function we can de-
scribe, e.g., that a specific agent is allowed to add and remove
an action from his plan (control of the start event), but has
no influence on it its duration (end event controlled by the
environment). During planning, having control of an event
or not fundamentally changes its possible use and evaluation.
For example, being able or unable to control the duration of
an action will lead the planner to a fundamentally different
heuristic evaluation of its use.

For a plan to be executable, it must be both temporally
and logically consistent. The former criterion is reducible to
consistency of the underlying STN. The latter, logical consis-
tency, can be defined similarly to POP as the plan having no
open conditions and no unsafe links, with the additional crite-
rion that the plan must ensure that no mutex events may occur
concurrently. For a plan to solve a certain agent’s problem it
must achieve his goals and also be consistent with the control
function, i.e. only constraints involving events controlled by
the respective agent must have been tightened by the planner.

How is planning in MAS carried out? It is obvious that
the easiest way is to find a plan alone: assumed that F knows
about P’s capabilities, F can find a plan that solves his prob-
lems. Even if F does not know about P’s concrete actions,
this plan will provide clues about where help is needed and
thus triggers cooperation. We see that (5) the capability for
single-agent synthesis of multiagent plans is a basic require-
ment for MAP. We have developed a plan-space forward-
search algorithm that can be used with any standard forward
branching scheme and arbitrary plan metrics. We present two
such metrics, the well-known makespan and the new min-
MaxMakespan, the latter of which extends the former by as-
signing maximal possible duration to uncontrolled durative
actions. We also describe how heuristic forward planning
in the style of FF [6] can be extended to find MAPL plans.
The current simple algorithm is sound, but not complete, i.e.
there is a set of clearly distinguished MAPL problems it can-
not solve yet. We are working on a sound, yet more complex
version of the algorithm.
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When several agents are planning and acting individually
in a common environment, they will probably run into one of
the following problems: (6) They won’t be able to find in-
dividual plans solving their problems or (7) the plans found
will conflict at execution time. MAP Literature has mostly
treated only problem (7), implicitly assuming that plans can
be found and that therefore separating planning from coor-
dination is possible. In our opinion, coordination during the
planning phase is indispensable in the case of problem (6) and
advantageous for problem (7). We have therefore developed a
general distributed planning algorithm that uses single-agent
planning to synthesize partial plans and to trigger cooperation
and coordination efforts as early as possible.

A key concept is the use of a responsibility function that
assigns to each state variable an agent managing and control-
ling its changes over time. This agent will detect read-write
conflicts in the agents’ plans. i.e. possible execution conflicts,
but will also provide information when another agent cannot
achieve a (sub)goal involving that variable. In the basic form
of the algorithm, the responsibility is static, but similar to ap-
proaches in Distributed CSP research [9] we will relax this
assumption in future work. The idea of the algorithm is sim-
ple: in a reachability analysis the planning agent detects goals
involving state variables he does not know about, cannot ma-
nipulate or could if only some earlier condition were satisfied.
He contacts the responsible agents to receive more informa-
tion or delegate a subgoal concerning the variable. The re-
sponsible agent answers the question or adopts a temporary
goal to help the asking agent.

All contributions of this paper aim at clarifyfing the spe-
cific representational and algorithmic needs of MAP research.
We hope that our representation will allow to conveniently de-
scribe diverse MAP domains for which researchers can pro-
pose and cross-evaluate algorithmic approaches just as di-
verse, thus promoting the field of Multiagent Planning.
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Recognizing Plan/Goal Abandonment*
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Honeywell Laboratories
3660 Technology Drive
Minneapolis, MN 55418
christopher.geib@honeywell.com

Abstract

The ability to recognize when an agent abandons a
plan is an open problem in the plan recognition lit-
erature and is a significant problem if these meth-
ods are to be applied in real systems. This paper
presents an explicit, formal, and implemented solu-
tion to the problem of recognizing when an agent
has abandoned one of itsgoal s based on a theory of
probabilistic model revision.

1 Introduction

There isalarge body of research on the topic of intent recog-
nition or task tracking, focused on identifying the goals of a
user from observations of their actions. However, none of this
work has directly addressed the problem of recognizing when
a user has abandoned a goal.

In genera, the ability to infer abandoned goals is an op-
erational requirement for any plan recognition system that is
executing incrementally and continuously. Abandoning goals
is something that any real observed agent will do. If aplan
recognition system isunableto recognize thisfact, the system
will build up an ever increasing set of active or open plans
that the agent has no intention of completing. A system at-
tempting to find completions for these open plans will wind
up considering unreasonable situations such as the first step
of atime critical two step plan simple plan are taken but the
plan is not elder a two step plan with a required seconds or
minutes duration but not attempting the second step of the
plan until days or weeks later. Unfortunately, existing plan
recognition systems cannot draw such inferences.

2 Background

Recent work in execution based plan/intent recognition[Bui
et al., 2002; Geib and Goldman, 2001; Goldman et al., 1999]
has been based on a model of the execution of simple hierar-
chical task network (HTN) plans [Erol et al., 1994].

The idea behind thisapproach isthat initially the executing
agent has a set of goals and chooses a set of plans to execute
to achieve these goals. The set of plans chosen determines a

*This material is based upon work supported by DARPA/IPTO
and the Air Force Research Laboratory under Contract No. F30602-
02-C-0116
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Figure 1: A simple model of plan execution.

pending set of primitive actions. The agent executes one of
the pending actions, generating a new pending set from which
the next action will be chosen, and so on.

This process is illustrated in Figure 1. In this light, the
observed actions are nothing more than the observations of
a hidden Markov model and the process of plan recognition
is the inference of the underlying state of the model.Space
prohibitsa full exposition of this approach. We refer readers
to [Geib and Goldman, 2001; Goldman et al., 1999] for a
more complete discussion.

3 Exact Solutions

Given our model of plan execution, a formal and general
model of probabilistic abandonment of goals, will be forced
to deal with an exponentially larger model and will be re-
quired to obtain the prior probabilities that each of the goals
is abandoned. For rea world applications this approach is
simply untenable. A complete discussion of these issuesis
provided in the full paper.

4 Mode Revision

Rather than explicitly considering al of the possible plans
that could be abandoned, the problem can be looked at as
a question of model revision. If we are using a model of
plan execution that does not consider plan abandonment to
recognize observation streams in which the agent is aban-
doning plans, we expect that the computed probabilities for
the observation streams will be quite low. Laskey [1991],
Jensen [Jensen et al., 1990], and others have suggested that
cases of an unexpectedly small P(observations|M odel)
should be used as evidence of a model mismatch.
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Figure2: A very simple example plan library.

Instead of the general P(observations|model) statis-
tic we propose the probability that none of the ob-
served actions in a subsequence (from say s to t) con-
tribute to one of the goals (cal it G), and we denote it
P(notContrib(G, s, t)|model, observations). If this prob-
ability gets unexpectedly small, we consider this as evidence
of amismatch between the model and the real world. Namely
the model predictsthat the agent is still working on the goal,
while the agent may have abandoned it.

4.1 Computing notContrib

Consider the plan library shown in Figure 2. Thefirst planis
a very simple plan for achieving S' by executing a, b, and ¢
and the second plan for R has only the single step of g. Next,
assume the following sequence of observations:

happen(a,0), happen(b, 1), happen(g, 2), happen(g, 3).

In this case we know that at time 0 and 1 that the agent has
asagoal achieving S. Let us assume that all of the elements
of the pending set are equally likely to be selected for execu-
tion next. Note that thisis an assumption that we will make
for the rest of this paper. Nothing about the algorithm hinges
on this uniformity assumption. It is made solely for ease of
computation and discussion.

Given thisassumption, the probability of seeing ¢ at time 2
isgiven by: (m/|PS2|) where m isthe number of elements
in the pending set that have ¢ as the next action. The proba-
bility that we don't see ¢ (that isthe probability that any other
element of the pending set is chosen at time 2) isjust:

1 —(m/|PS:|)

or more generally the probability that we have seen b at time
(s — 1) and not seen ¢ by time:

It - (m/1PSi)

i=s

To handle partially ordered plans, this formula must be
generalized dlightly. With partially ordered plans it is pos-
sible for more than a single next action to contribute to
the specified root goal. Thus, if m,; represents the num-
ber of elements (with any next action) in the pending set
at time i that contribute to goa g, (s1) is the last time
we saw an action contribute to g and t is the current time,
P(notContrib(q, s, t)|model, obs) =

[11— (mgi/IPSi)

i=s

Thus, under the assumptions that we have made we can
compute the probability of the subsequence of actions not
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contributing to agiven plan or goal. By computing thisvalue
and setting athreshold, we can consider any drop in thisprob-
ability below the threshold as sufficient evidence of a model
mismatch and revise the model to reflect the goals abandon-
ment. This requires removing al the elements from the cur-
rent pending set that contribute to the abandoned goal. Mod-
eling the rest of the plans continues as before.

4.2 Evidential Requirements

This approach creates an interesting linkage between the size
of the pending set, the number of elements that contribute
to the goal of interest, and the number of actions that don’t
contributeto the goal that must be observed beforethe goal is
considered abandoned.

Figure 3 shows three theoretical curves for the probability
of notContrib for different sets of values. The curves are
labeled with the number of actions that contribute to a goal
and the size of the pending set. Thus the curve labeled “1 of
2" shows the drop in the probability given each observation
if there is one action that contributes to the desired goal out
of a pending set of size two. Note that in these curves, we
are again making the assumption that all of the actionsin the
pending set are equally likely to be chosen.

Notice that as the ratio of the number of contributing ac-
tionsto the size of the pending set dropsthe number of actions
required to drive notContrib down to a particular threshold
valueincreases significantly. We will see the effects of thisin
the empirical results.

4.3 Estimating P(abandoned(g)|Obs)

If we compute P(notContrib(g, s,t)|model, obs) for each
g and threshold our explanations as described in the previ-
ous section, we can how produce explanations of the obser-
vationsin which goals have been abandoned. By considering
the complete and covering set of such explanationsfor the ob-
servations we can estimate the probability of a specific goal’s
abandonment. It is given by:

Ezpa) plelOb
P(abandoned(g)|Obs) ~ L ¥ (c|Obs)

S5 P(e]Obs)
where Exp represents the set of al explanations for the ob-
servations, and Ezp4 () represents the set of explanationsin
which goal ¢ is marked as abandoned.

POSTER PAPERS



100
wl
an
o \A
60
an v
40

30 J:/
20

—¢— abandoned

X —0— nat abandoned

—— niot explainedd

Percent of Test Runs

01 02 03 04 03 06 OF 05 08
{1-notContrib Threshold) = PAT

Figure 4: Empirical Accuracy

5 Accuracy

To test this theory we have extended Geib and Goldman's
Probabilistic Hostile Agent Task Tracker (PHATT) to esti-
mate goal abandonment. We will not cover the details of the
PHATT agorithm here; instead we refer the interested reader
to [Geib and Goldman, 2001]. We used avery simple plan li-
brary with three root goals each having eight unordered steps.
To generate test cases, we chose an ordering for the actions
for each of the three goals. These plans were then randomly
interleaved preserving the intra-plan ordering. To simulate
goa abandonment, at each time step one of the goals could
be chosen for abandonment. If chosen, all remaining steps of
the plan were removed from the observation stream. When
given to PHATT, each of these test sequences produced one
of three possible results:

abandoned where PHATT believed with probability greater
than 0.5 that the correct goal had been abandoned.

not abandoned where PHATT did not believe believe with
probability greater than 0.5 that the correct goal had
been abandoned

not explained where PHATT was unable to explain the set
of observations. In all cases, this was a result of the
system believing that a goal was abandoned beforeit ac-
tually had been. The system was therefore unable to ac-
count for the remaining actions in that test data point.

The results of one thousand such randomly generated data
points at each of nine notContrib threshold values between
0.1 and 0.9 can be seen in Figure 4. To aid in understand-
ing, the X-axis plots (1 - the notContrib threshold) which we
will call the probability of abandonment threshold (PAT). The
y-axis plots the percentage of test pointsfor each of the pos-
sible results at that threshold value. The results confirm our
intuitions.

The number of test sequences that are not explained drops
to zero asthe PAT israised. The PAT is specifying how much
evidence the algorithm needs to have before it can consider a
goa abandoned. Since the system'’s failure to explain a test
sequence is aresult of prematurely believing a goa has been
abandoned, as the PAT rises and more evidence is required
thisnumber should drop to zero.
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The number of test sequences that are not abandoned rises
asthe PAT israised. Asthethreshold risesthe system requires
more and more evidence to be convinced that the goal has
been abandoned. This alows more data points to reach the
end of the observation sequence without being convinced of
the goal’s abandonment.

Finally, abandoned rises and peaks giving the algorithm a
maximum accuracy of about seventy five percent at a PAT of
between 0.6 and 0.7. The agorithm’'s subsequent dipisagain
aresult of theincreasing confidence in abandonment required
by the rising PAT. As with not abandoned at this point the
system’s accuracy is falling prey to the limited length of the
test sequences. Since each test sequence is of limited length
the test runs are ending before enough evidence can be ob-
served for the higher PAT values. Figure 3 will show us why.

Consider the curve in Figure 3 labeled “1 of 5" Thisis
approximately the ratio of contributing actions to the size of
the pending set in this example. At a PAT of 0.9 the system
will require approximately ten actions in a row that do not
contribute to the goal in order to convince itself of the goals
abandonment. Since the longest any of the tests can be is
twenty three actions if the plan is abandoned more than half
way through the observation stream it will have a hard time
producing enough evidence to convince the system.

6 Conclusions

This paper presents a solution to the problem of recognizing
when an agent has abandoned a goals based on probabilistic
model revision. A number of issuesare covered inmore detail
inthe full version of this paper available from the author.
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Abstract

Markov Decision Processes (MDPs) and contin-
gency planning (CP) are two widely used ap-
proaches to planning under uncertainty. MDPs are
attractive because the model is extremely general
and because many algorithms exist for deriving op-
timal plans. In contrast, CP is normally performed
using heuristic techniques that do not guarantee op-
timality, but the resulting plans are more compact
and more understandable. The inability to present
MDP policies in a clear, intuitive way has limited
their applicability in some important domains. We
introduce an anytime algorithm for deriving con-
tingency plans that combines the advantages of the
two approaches.

1 Introduction

Two closely related decision-theoretic planning paradigms
have emerged in the area of planning under uncertainty:
Markov Decision Processes (MDPs) have become a general
framework for planning and reinforcement learning. Contin-
gency Planning (CP) on the other hand emphasizes compact-
ness and understandability of the solution. In both cases, an
agent is manipulating an environment by performing actions
with uncertain outcomes. In each move, the agent receives
some reward and the overall goal is to maximize the cumula-
tive reward.

MDPs are solved by deriving a policy which maps domain
states to actions, typically represented as a large table. Sev-
eral existing algorithms can construct optimal policies, but
the results are not easy to visualize or understand. CP is an-
other widely used approach in stochastic domains which al-
lows plans to include branches that may depend on arbitrary
memory states.

It is clear why optimal plans are desirable, but the issue
of understandability is less obvious. In fact, for some ap-
plications, a plan represented as a large table mapping states
to actions may be perfectly suitable. However, the lack of
clarity has limited the adoption of MDP planning in some ap-
plication domains such as space exploration with unmanned
rovers. In this domain, communication with the agent is re-
stricted and due to high mission costs and associated risks,
understanding and verifying plans are crucial.
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We examine the relationship between policies and contin-
gency plans and define a precise measure of complexity of
contingency plans. Then, we introduce a technique for auto-
mated contingency plan generation and briefly describe our
experimental results. Finally, we conclude with a summary
and future research directions.

2 Formal Problem Description

A Markov Decision Process (MDP) with goal states is a tu-
ple (S, A, P,R,so,G), where S =57 x ---x S, is a fac-
tored state space and S; is the (finite) domain of feature 7. A
is a set of actions, P the transition probabilities, R the re-
ward expectations, so a known initial state and G a (possibly
empty) set of absorbing terminal states.

A policy 7 : S — A is a mapping from states to ac-
tions. Following the notation in [Littman et al., 1998], a
Contingency Plan for an MDP is a tuple (V, E, vy, p, d),
where (V, E) is a directed graph with start state vg € V.
p: V — A associates and action with each node of the graph.
§ : E — 29 labels each edge with a set of states.

An interval label descriptor maps state sets to sets
of intervals over the feature domains defined as follows:
Dint(6) : E — {hL,...,Ix} where I; is the set:
{[Ll; U1]7 cr [Ln; Un]|1 <L <U; < |Si|V1 <t < n}

The complexity of a contingency plan does not reflect
the computational complexity of constructing it, but is a
measure of how hard it is to understand. Formally: Com-
plex(MDP,CP,D;,+(0))=|V| - ABF - ALDS, where ABF is
the average branching factor of the graph and ALDS is the
average label descriptor size. The size of a single label de-
scriptor is the number of constrained intervals.

The value of a policy reflects the expected discounted re-
turn when the agent selects action using 7, starting from the
initial state. It can be computed with standard algorithms such
as value iteration. Similarly, the value of a contingency plan
is the expected discounted return when the agent selects ac-
tion using p, starting from the initial node. By considering the
Markov chain induced by the state set S x V, the same meth-
ods used to evaluate MDP policies can be used to evaluate a
contingency plan.
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3 Automated Contingency Plan Generation

Our approach to automatically generate more understandable
(Iess complex) contingency plans relies on solving first the
underlying MDP, obtaining an optimal policy 7 and creat-
ing an equivalent initial contingency plan from it: V =
{’Ul, e ,’U|A|}, E =V x V, p(’Ui) = 7r(az-), 5(Uz',’Uj) =
{s € S|n(s) = a;}. Then, the following operators are used
to reduce the complexity of the plan.

By performing a depth-first search over the set of all reach-
able edges between the state-node pairs in S x V, a reach-
ability analysis can be applied to remove states from label
descriptors, edges from nodes and nodes from the graph.

Since a benefit of interval label descriptors is the ability
to capture easily large sets of states and simplify the branch
conditions, n-dimensional boxes to describe them more com-
pactly can be generated by merging intervals along the di-
mensions of the state space. This is in particular very effec-
tive if the order of feature values corresponds to some natural
ordering.

By trading off optimality for clarity, interval descriptors
can be merged even if there are a few states that make the
merge operator not admissible.

Most importantly, the node-split operator splits a node of
the plan graph into two and adapts the incoming and outgoing
edges according to a given partition of the state space. This
gives contingency plans their real strength: The current node
of the graph then represents partial information about the cur-
rent state (“context information”), so less details of the actual
state may be needed to make the branch decision on the next
step. For instance, with a state set S = {u,v,w, z,y, 2} and
the partition S1 = {u,v,w}, S2 = {z,y, 2}, the result of a
split operator is illustrated below:

4 Experimental Results

It turns out that combining these operators can significantly
reduce the complexity of a contingency plan. This leads to the
following search problem: Given the initial contingency plan
defined above, find a contingency plan with the lowest com-
plexity, not giving up more that a certain fraction € of the op-
timality of the policy 7. Unfortunately, two major obstacles
make an exhaustive search intractable: The node-split oper-
ator is parameterized by a partition of the MDP state space,
leading to a large number of possible splits and thus to a large
branching factor. In addition, the computational complexity
of reachability analysis is fairly high.

As a result, we decided to relax the requirement of mini-
mizing complexity and developed a method to combine the
operators and automatically generate some understandable
plans. Performance improvement can be obtained by choos-
ing a partition of the state space, split the nodes according
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to this partition, perform a reachability analysis and merge
the interval descriptors subsequently. We implemented a hill-
climbing algorithm that used some domain-specific heuristics
for choosing a partition and performed random restarts, lead-
ing to an interruptible anytime algorithm that performed well
on a simple set of test problems.

For instance, in a maze domain with stochastic move ac-
tions, the algorithm took advantage of bottlenecks, tunnels
and alternative branches. In a simulated planetary rover do-
main with uncertain action durations, some hints for good
split partitions lead to dramatically decreased complexity.
The resulting plan instructed the agent to perform certain ac-
tions until a resource (one feature of the factored state space)
drops below a certain threshold. This was very easy to under-
stand for humans unlike the optimal policy given in the form
of a huge lookup-table.

5 Conclusions

The main objective of this work has been to find solutions
for decision-theoretic planning problems that are optimal (or
near-optimal) and also compact and understandable. We de-
fined a measure of the complexity of contingency plans, re-
flecting their size, branching factor and the size of the label
descriptors. The results we gained by experimenting with
several plan-transformation operators are encouraging and
show the potential of automated generation of understandable
contingency plans.

There are several interesting directions for future research.
First, a better measure of the plan complexity could be devel-
oped. Second, additional operators could be added. Third,
the language for representing edge labels could be enriched.
Finally, methods for finding good split partitions have to be
found to create more reliable algorithms. The results reported
in this paper provide a good framework for future exploration
of these research directions.
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Abstract

We address the problem of optimally controlling
stochastic environments that are partially observ-
able. The standard method for tackling such prob-
lems is to define and solve a Partially Observable
Markov Decision Process (POMDP). However, it
is well known that exactly solving POMDPs is
very costly computationally. Recently, Littman,
Sutton and Singh (2002) have proposed an alter-
native representation of partially observable en-
vironments, called predictive state representations
(PSRs). PSRs are grounded in the sequence of ac-
tions and observations of the agent, and hence re-
late the state representation directly to the agent’s
experience. In this paper, we present a policy iter-
ation algorithm for finding policies using PSRs. In
preliminary experiments, our algorithm produced
good solutions.

1 Predictive State Representation

We assume that we are given a system consisting of a dis-
crete, finite set of n states S, a discrete finite set of actions
A, and a discrete finite set of observations (0. The interaction
with the system takes place at discrete time intervals. The
initial state of the system sq is drawn from an initial probabil-
ity distribution over states I. On every time step ¢, an action
a; is chosen according to some policy. Then the underlying
state changes to s;41 and a next observation 0.y is gener-
ated. The system is Markovian, in the sense that for every
action, the transition to the next state is generated according
to a probability distribution described by an (n x n) transition
matrix 7'¢. Similarly, for a given observation o and action a,
the next observation is generated according to an (n x n) diag-
onal observation matrix O®?, where O}’ is the probability of
observation o when action a is selected and state i is reached.
Since we are interested in optimal control, rather than predic-
tion, we also assume that there exists a set of reward vectors
R*® for each action a, where R is the reward for taking action
a in underlying state .

PSRs are based on the notion of tests. A test is an ordered
sequence of action-observation pairs ¢ = a10;...a;0. The
prediction for test q is the probability of the sequence of ob-
servations o; ...o, being generated, given the sequence of ac-
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tions a;...ay. The prediction for a test ¢ given prior history
h, denoted p(g|h), is the probability of seeing the sequence
of observations of ¢ after seeing history A and taking the se-
quence of actions specified by ¢g. For any set of tests @, its
prediction vector is:

p(Qlh) = [plar|h), ... p(qq|h)]

A set of tests () is a PSR if its prediction vector forms a suffi-
cient statistic for the dynamical system, i.e., if all tests can be
predicted based on p(Q|h). Of particular interest is the case
of linear PSRs, in which there exists a projection vector m,
for any test ¢ such that

plglh) = p(Qlh) m,

Littman et al. also define an outcome function u map-
ping tests into n-dimensional vectors defined recursively by:
u(e) = ey and u(aoq) = (T*0%°u(q)?)?, where € repre-
sents a null test and ey, is the (1 x n) vector of all 1s. Each
component u;(q) indicates the probability of the test ¢ when
its sequence of actions is applied from state s;. A set of
tests @ = {qg|¢ = 1,2,..k} is called linearly independent
if the outcome vectors of its tests u(q1), u(ga), ...u(qx) are
linearly independent. Using this definition, such a set () can
be found by a simple search algorithm in polynomial time,
given the POMDP model of the environment. Littman, Sut-
ton and Singh (2002) showed that the outcome vectors of the
tests in Q can be linearly combined to produce the outcome
vector for any test.

2 Policy evaluation using PSRs

We assume that we are given a policy 7 : 4 — A and that
the initial start state of the system, s, is drawn according to
the staring probability distribution I. If we consider a given
horizon ¢, only a finite number of tests of length ¢ are possible
when starting from I. Let ¥, be this set of possible tests.

The value of a memoryless policy = with respect to a given
start state distribution [ is the expected return over all possi-
ble tests that can occur when the starting state is drawn form
I and then behavior is generated according to policy =:

VT =" V(gr) =Y P(gll,m)R(qlI, ),
(S geW,

where R(g|I, 7) is the expected return for test ¢ given that the
initial state is drawn from I and policy 7 is followed.
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Let U be the (|S| x |¥|) matrix formed by concatenating
the outcome vectors for all tests in ¥y, and U™ be its pseu-
doinverse. The columns of U define the probability of each
test in ¥; when applied from each underlying state. Conse-
quently, IU represents the probability of the tests in ¥; when
starting in [.

For each action-observation combination ao, we can define
a (J®¢| x |¥;|) projection matrix:

M = UtT 0%U)"
and a projection vector:

T
@ — (Utre0el)”.
Considering the probability distribution over tests that 7
generates and the expected return of a test ¢ given I and ,
we have:

VgLm) = 3

IU T,y (Mo TU+

T
et IUM{ ;. a0
a;
* R lP(a,-|7r,a101...ai_10,-_1)

This evaluation method requires a large amount of precom-
putation, but it can be useful if a small horizon suffices to get
a good policy.

3 Policy iteration for PSRs

Similar to POMDPs in PSRs we can define action-value func-
tions on the level of tests. The action-value function for tak-
ing action a after test g can be computed as:

Qf(ga) =Ru(g)+ Y, > p

0€0 ¢ €V,

p(q'|qao)V (¢'|7, u(qao))

Then, the policy of the agent can be improved by choosing
an action greedily with respect to this action-value function:

7 (t) = argmax Q7 (a,t)
a

The agent must, in other words, select the best pol-
icy tree rooted at each decision point and each time
step. Therefore the total running time of the algorithm is
O(IS]?(|Al|O])") and the complexity of the algorithm is only
single-exponential in the horizon time.

4 Experimental results

We experimented with a standard gridworld navigation task
used in the POMDP literature (Cassandra, 1994; Parr& Rus-
sell, 1996). The environment is a (4 x 4) grid. The agent
has four actions, N, S, E, and W, which change its location
deterministically to one of the four neighboring states. There
is one goal state, in the lower right corner, which generates a
distinct observation and a reward of +1. All the other states
are perceptually aliased and generate no reward. The initial
probability distribution is uniform over all states except the
goal. Taking any action in the goal state moves the agent uni-
formly randomly to one of the other states.

For this problem we have 6 possible combinations of
action-observation (ao) pairs: 1-Nnothing,2-Wnothing,3-
Enothing,4-Snothing,5-Egoal,6-Sgoal. The set of core tests
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Figure 1: Policy quality vs. number of iterations for the 4x4
grid world

@ found consists of 16 linearly independent tests: 4, 5, 6, 15,
36, 46, 436, 446, 4436, 3336, 1336, 44336, 43336, 31336.
We tried this problem for finite horizon case with a discount
factor v = 0.8. Figure 1 indicates the performance of the
algorithm on this problem.

5 Conclusion and future work

The key difficulty for our planning algorithm is that the num-
ber of possible tests grows exponentially with the horizon
length. Hence, the algorithm cannot be used for large prob-
lems or for the infinite horizon case. However, this is not
worse than other existing exact solution methods for solving
POMDPs. Our hope is that good approximations of the opti-
mal solution can be found efficiently.
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Abstract

Searching for parallel solutions in state space plan-
ners is a challenging problem, because it would re-
quire the planners to branch on all possible sub-
sets of parallel actions, exponentially increasing
their branching factor. We introduce a variant of
our heuristic state search planner AltAlt, which
generates parallel plans by using greedy online
parallelization of partial plans. Empirical results
show that our online approach outperforms post-
processing (offline) techniques in terms of the qual-
ity of the solutions returned.

1 Introduction

Parallel plans allow concurrent execution of multiple actions
at each time step. While disjunctive planners such as Graph-
plan [Blum and Furst, 1997], SATPLAN [Kautz and Sel-
man, 1996] and GP-CSP [Do and Kambhampati, 2000] seem
to have no trouble generating such parallel plans, planners
that search in the space of states are overwhelmed by this
task [Haslum and Geffner, 2000]. The problem for state
space planners is the exponential branching factor of the
search space. One approach to solve this problem is to post-
process the sequential plans generated by the state space plan-
ners. This could easily be done-using approaches such as
those explored by Backstrom [Backstrom, 1998], but they
are limited to transforming the sequential plan given as in-
put. An alternative that we introduce in this article, in-
volves incremental online parallelization. Specifically, our
planner AltAlt’ [Sanchez and Kambhampati, 2003], which
is a variant of the AltAlt planner [Sanchez et al., 2000;
Nguyen et al., 2000], attempts to parallelize a heuristically
selected search branch with other independent actions, and
then tries to rearrange the evolving parallel plan using a plan-
compression algorithm.

We will provide a brief background on AltAlt planning
system on Section 2. Section 3 describes the generation of
parallel plans in AltAlt’. Section 4 presents some empiri-
cal evaluation of AltAlt’. Finally, Section 5 summarizes our
contributions.
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2 AltAlt Background

The AltAlt planning system is based on a combination of
Graphplan [Blum and Furst, 1997] and heuristic state space
search [Haslum and Geffner, 2000] technology. The prob-
lem specification and the action template description are first
fed to a Graphplan-style planner, which constructs a planning
graph for that problem in polynomial time. This planning
graph structure is then fed to a heuristic extractor module
that is capable of extracting a variety of effective heuristics
[Nguyen et al., 2000]. These heuristics, along with the prob-
lem specification, and the set of ground actions in the final
action level of the planning graph are then fed to a regression
state-search planner.

3 Plan Compression Algorithm

AltAlt’considers at each step during search only those (pair-
wise parallel) actions that individually regress to states with
lower heuristic estimates than their parent node to parallelize
(fatten) a search branch. This greedy nature of the fatten-
ing procedure while useful in avoiding the addition of irrele-
vant actions to the plan, may also sometimes preclude actions
that are ultimately relevant. When this happens, the parallel
length of the solution plan is likely to be worsened, as more
steps may be needed to support the preconditions of such ac-
tions. In order to offset this negative effect of greediness,
AltAIt? re-arranges the partial plan to promote such actions
higher up the search branch using a plan-compression algo-
rithm (See Figure 1). Specifically, before expanding a given
node S, AltAlt’ checks to see if any of the actions in A, lead-
ing to S from its parent node, can be pushed up to higher lev-
els in the search branch. The push-up procedure is called each
time before a node gets expanded, and it will try to compress
the current partial plan. For each of the actions a € A we
find the highest ancestor node S, of S in the search branch to
which the action can be applied (i.e., it gives some literal in
S without deleting any other literals in S, and it is pairwise
independent of all the actions currently leading out of S,,).
Once S, is found, a is then removed from the set of actions
leading to S and introduced into the set of actions leading
out of S,, (to its child in the current search branch). Next,
the states in the search branch below S, are adjusted to re-
flect this change. The adjustment involves recomputing the
regressions of all the search nodes below S,,. At first glance,
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pushUP(S)
A, « getactionsleadingto S
forall a € A,
z—0
Sz < get parent node of S
L oop
A, « getactionsleadingto S,
If (parallel(a, Az))
r—x+1
Sz < get parent node of S,_1
Else
Azfl — Azfl +a
As — As—a
End Loop
[** Adjusting the partial plan
Sz < get highest ancestor x in history
createNewBranchFrom(Sy)

whilexz > 0
Shnew < regress S, with A,_1
SIE — S’I’LC’LU
r—zx—1
END;

Figure 1: Push Up Procedure

this might seem like a transformation of questionable utility
since the preconditions of a (and their regressions) just be-
come part of the descendants of S,., and this does not nec-
essarily reduce the length of the plan. We however expect a
length reduction because actions supporting the preconditions
of a will get “pushed up” eventually during later expansions.

4 Empirical Evaluation

We compare our online parallelization approach to post-
processing, we have implemented Backstrom’s ‘Minimal De-
ordering Algorithm” from [Backstrom, 1998], and used it to
post-process the sequential plans produced by AltAlt. We
can see on Figure 2 some empirical results on the Zeno do-
main [Long and Fox, 2002].

As expected, the original AltAlt has the longest plans since
it allows only one action per time step. The plot shows that
post-processing techniques do help in reducing the makespan
of the plans generated by AltAlt. However, we also no-
tice that AltAIt” outputs plans with better makespan than
either AltAlt or AltAlt followed by post-processing. This
shows that online parallelization is a better approach than
post-processing sequential plans. AltAlt? also does not result
in any additional run-time overhead with respect to AltAlt.
Further experiments reported in [Sanchez and Kambhampati,
2003] show that our approach is competitive or outperforms
other state of the art approaches in generating parallel plans.

5 Conclusions

We have introduced an approach to generate parallel plans
in the context of state space search. Our approach tries to
avoid the branching factor blow up by greedy and online par-
allelization of the evolving partial plans. A plan compression
procedure is used to offset the ill effects of the greedy search.
Our empirical results show that our approach seems to return
better quality plans than post-processing the sequential plans.
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Figure 2: AltAlt and Post-Processing vs AltAlt?

In future, we plan to adapt the AltAlt? approach to met-
ric temporal domains, where the need of concurrency is more
pressing. It is in these scenarios where more powerful heuris-
tics based on resource usage can be further investigated to
improve the parallelism of state space planners.
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Abstract

Relaxedplansareusedin the heuristicsearctplan-
nerFFfor computinga numericalheuristicandex-

tracting helpful actions. We presenta novel way
for extracting information from the relaxed plan
andfor dealingwith helpful actions,by consider

ing the high quality of therelaxedplans.In numer

ous domains,the performanceof heuristicsearch
planningandthe size of the problemsthat canbe
handlechave beendrasticallyimproved.

1 Computing and using lookahead states

In classicaforward state-spacsearchalgorithms,a nodein
the searchgraphrepresenta planningstateandan arc start-
ing from thatnoderepresentshe applicationof oneactionto
this state,thatleadsto a new state. In orderto ensurecom-
pletenessall actionsthatcanbe appliedto onestatemustbe
consideredTheorderin which thesestateswill thenbe con-
sideredfor developmentdependsn the overall searchstrat-
egy: depth-firstpbreadth-firsthbest-first. .

Let us now imaginethat for eachevaluatedstate.S, we
knew a valid plan P that could be appliedto S andwould
leadto a statecloserto the goal thanthe direct descendants
of S. It couldthenbe interestingto apply P to S, anduse
theresultingstateS’ asa new nodein the search.This state
couldbesimply consideregsanew descendantf S.

We have thentwo kinds of arcsin the searchgraph: the
onesthat comefrom the directapplicationof an actionto a
state,andthe onesthat comefrom the applicationof a valid
planto a stateS andleadto a stateS’ reachabldrom S. We
will call suchstatedookahead states, asthey arecomputed
by theapplicationof a planto anodesS but areconsideredn
the searchireeasdirectdescendantsf S. Nodescreatedor
lookaheadstateswill becalledlookahead nodes. Planslabel-
ing arcsthatleadto lookaheadhodeswill becalledlookahead
plans. Oncea goal stateis found, the solutionplanis then
the concatenatiof singleactionsfor arcsleadingto classi-
cal nodesandlookaheadplansfor arcsleadingto lookahead
nodes.

*This work has been supported in part by the IUT de Lens, the
CNRS and the Region Nord/Pas-de-Calais under the TACT Pro-
gramme.
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The determinationof an heuristicvalue for eachstateas
performedin the FF planner[Hoffmann and Nebel, 2001
offers a way to computesuchlookaheadplans. FF creates
a planninggraph[Blum and Furst, 1997 for eachencoun-
teredstateS, usingtherelaxedproblemobtainedby ignoring
deletesof actionsandusing S asinitial state.A relaxedplan
is thenextractedin polynomialtime andspacerom this plan-
ning graph. The lengthin numberof actionsof the relaxed
plan corresponddo the heuristicevaluationof the statefor
whichit is calculated.Generally the relaxed planfor a state
S is notvalid for S, asdeletesof actionsareignoredduring
its computation. In numerousbenchmarkdomains,we can
obsenre thatrelaxed planshave a very goodquality because
they containalot of actionsthatbelongto solutionplans.We
proposea way of computinglookaheadlansfrom thesere-
laxed plans,by trying asmostactionsaspossiblefrom them
andkeepingthe onesthatcanbe collectedinto a valid plan.

The lookaheadalgorithm and the modificationsto the
searchalgorithmarethe following (all detailscanbe found
in [Vidal, 2009). Eachtime a state$ is evaluated,it is en-
teredinto the openlist. The relaxed plan extractedby the
evaluationfunction is usedto computea lookaheadplan P
whichleadsto a stateS’ reachabldrom S. If P is morethan
oneactionlong, S’ is evaluatedand addedto the openlist.
Let P bearelaxedplanfor a stateS. A lookaheadplan P’
is computedasfollows: all actionsof P areobsenredin turn.
Whenanactiona is applicableto S, it is addedto the endof
P’ and S is updatedby the applicationof a). Whenall ac-
tionsof P have beentried, this processs iteratedwithoutthe
actionsthathave beenapplied,until no actioncanbeused.

Completenesandcorrectnessf searchalgorithmsarepre-
senedby this processhecausao informationis lost: all ac-
tionsthatcanbeappliedto astatearestill consideredandbe-
causehenodegshatareaddedby lookaheadlansarereach-
ablefrom the stateshey areconnectedo. The only modifi-
cationis the additionof new nodes,correspondingo states
thatcanbereachedrom theinitial state.

2 Using helpful actions: the “optimistic”
best-first search algorithm

In classicalearchalgorithms,all actionsthatcanbe applied
to a nodeare consideredhe sameway: the statesthat they
leadto areevaluatedby anheuristicfunctionandarethenor-
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Figurel: Logisticsdomain
Rovers24 Rovers 30 Driver 15 Driver 21 Driver 30
Init atoms 5920 35791 227 607 2130
Goals 33 127 10 38 163
FF OBFS LOBFS LOBFS FF OBFS LOBFS FF LOBFS LOBFS
Plan length 130 133 145 560 44 44 54 184 193 1574
Evaluated nodes 3876 2114 9 24 161 273 4 3266 8 38
Search time 418.32 430.95 197 44.35 0.21 0.84 0.02 207.89 0.45 93.92
Total time 422.48 437.92 8.87 219.13 0.26 0.97 0.14 209.40 1.96 284.65
Satellite 21 Satellite 30 Logistics 13 Logistics 15 Logistics 30
Init atoms 971 10374 320 364 1140
Goals 124 768 65 75 200
FF OBFS LOBFS LOBFS FF OBFS LOBFS FF LOBFS LOBFS
Plan length 140 125 151 2058 398 387 403 505 477 1714
Evaluated nodes 22385 20370 5 5 16456 16456 4 45785 4 5
Search time 188.69 328.42 0.12 33.73 527.21 1181.95 0.29 2792.51 0.42 16.64
Total time 188.82 328.70 0.40 94.24 528.10 1184.35 2.68 2793.82 3.88 96.69

Tablel: Largestproblemssolvedby OBFS,LOBFSandFF

dered,but thereis no notion of preferenceover the actions
themseles. Sucha notion of preferenceduring searchhas
beenintroducedin the FF planner with the conceptof help-

ful actions. Oncearelaxedplanis extractedfor a stateS, the
actionsof therelaxed planthat areexecutablein S arecon-
sideredashel pful, while theotheractionsareforgottenby the
local searchalgorithmof FF. This strately appearedo betoo
restrictve, sothesetof helpfulactionsis augmentedh FF by

all actionsexecutabldn S thatproducefluentsthatwerecon-
sideredas subgoalsat the first level of the planninggraph,
during the extraction of the relaxed plan. The main draw-

backof this strateyy, asusedin FF, is thatit doesnotpresere
completenesghe actionsexecutablen a stateS thatarenot
consideredashelpful aresimply lost. FF switchesto a com-
pletebest-firstalgorithmwhenno solutionis found.

We presenta way to usesucha notion of helpful actions
in completesearchalgorithms thatwe call optimistic search
algorithms becausehey give a maximumtrustto the infor-
mationsreturnedby the computationof the heuristic. The
principlesarethefollowing:

e Severalclasse®f actionsarecreated.In ourimplemen-
tation,we only usetwo of them: helpful actions (there-
strictedones),andrescue actions thatareall theactions
thatarenot helpful.

Whena newly createdstatesS is evaluated,the heuris-
tic functionreturnsthe numericalestimationof the state
andalsotheactionsexecutablen S partitionedinto their
differentclassesFor eachclass,onenodeis createdor

the stateS, thatcontainsthe actionsof thatclass.

Nodescontaininghelpful actionsare always preferred
for developmentover nodescontainingrescueactions,
whatever their numericalheuristicvaluesare.

No informationis lost by this process Theway nodesare
developeds simplymodified: astateS is developedfirst with
helpful actions,someother nodesare developed,and then
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S canpotentially be developedwith rescueactions. As the
unionof helpful actionsandrescueactionsis equalto the set
of all the actionsthatcanbe appliedto S, completenesand
correctnesarepresered.

3 Experimental evaluation

We comparefour planners:FF v2.3, andthreedifferentset-
tingsof our planningsystencalledYAHSP (which stand<or
Yet AnotherHeuristic SearchPlannet) implementedn Ob-
jective Caml: BFS (BestFirst Search:classicaMWA* search,
with W = 3. The heuristicis basedon the computationof a
relaxed planasin FF), OBFS (Optimistic BestFirst Search:
identicalto BFS,with preferenceof helpful actionsover res-
cueactions),and LOBFS (LookaheadOptimistic Best First
Searchidenticalto OBFS,with lookaheadstates).

We reportherecompleteresultsfor Logisticsdomain(see
Figure 1) andshow in Table 1 somedataaboutthe largest
problemssolvedby FF, OBFSandLOBFS,in orderto realize
theprogressaccomplishedh thesizeof the problemghatcan
be solvedby a STRIPSplanneryfor five differentdomains.
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Abstract

We present a major variant of the Graphplan algo-
rithm that employs available memory to transform
the depth-first nature of Graphplan’s search into an
iterative state space view in which heuristics can
be used to traverse the search space. When the
planner, PEGG, is set to conduct exhaustive
search, it produces guaranteed optimal parallel
plans 2 to 90 times faster than a version of Graph-
plan enhanced with CSP speedup methods. By
heuristically pruning this search space PEGG pro-
duces plans comparable to Graphplan’s in make-
span, at speeds approaching state-of-the-art heuris-
tic serial planners.

1 Motivation and Approach

Despite the recent dominance of heuristic state-search
planners over Graphplan-style planners, the Graphplan
approach [Blum and Furst 1997] is still one of the most
effective ways to generate so-called “optimal parallel
plans”. While state-space planners are drowned by the
exponential branching factors of the search space of par-
allel plans, Graphplan excels due to the way it combines
an IDA* style iterative search [Bonet and Geffner, 1999]
with a highly efficient CSP-based, incremental generation
of valid action subsets. We present here a system called
PEGG, that addresses weaknesses in Graphplan’s ap-
proach by employing available memory to: 1) reduce the
redundant search Graphplan conducts in consecutive it-
erations, and 2) more importantly, to transform Graph-
plan’s IDA* search into iterative expansion of a select set
of states that can be traversed any order.

A shortfall of the IDA*’s approach to search is the fact
that it regenerates many of the same nodes in each of its
iterations. This can be traced to using too little memory
in many cases; the only information carried over from
one iteration to the next is the upper bound on the f-
value. Given that consecutive iterations of search over-
lap significantly, we investigated using additional mem-
ory to store a trace of the explored search tree to avoid
repeated re-generation of search nodes. With a represen-
tation of the explored search space, we can transform the
way this space is extended during the next iteration. In
particular, we can (a) expand search trace nodes in the
order of their heuristic merit and (b) we may also con-
sider iteratively expanding a select set of states. This
strategy is too costly for normal IDA* search, but Graph-
plan’s type of IDA* search is particularly well-suited to
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these changes as the kth level planning graph provides a
compact way of representing the search space traversed
by the corresponding IDA* search in its kth iteration.
The state space view provided by the search trace allows
us to transform Graphplan’s search from its depth-first
default to a more informed traversal of the space.

2 Design and Experiments

As would be expected for IDA* search there is great
similarity (redundancy) in the search space for successive
search episodes as the plan graph is extended. In fact, the
search conducted at any level k+1 of the graph is essen-
tially a replay of the search conducted at the previous
level k with certain well-defined extensions. Specifi-
cally, every set of subgoals reached in the backward
search of episode n, starting at level k, will be generated
again by Graphplan in episode n+1 starting at level k+1.

Action assignments to
satisfy goals XYZat [
level 9

Init
State] E

e

7
'/O — O gnH
>

L

e
7
o i e |

WoE

Figure 1. State space view of Graphplan’s search space:
3 consecutive search episodes leading to a solution

Figure 1 depicts the state space tree structure correspond-
ing to Graphplan’s search over three consecutive search
iterations on a hypothetical problem. The dark shaded
states are first produced during Graphplan’s attempt to
satisfy the XYZ goal at level 7. They are generated again
in the next episode, each at one level higher, along with
some new states (shown in lighter shade). Finally, in the
third episode Graphplan regenerates the dark and lighter
shaded states, attempting to satisfy XYZ at level 9, and
finds a solution.

POSTER PAPERS



EGBG [Zimmerman, Kambhampati, 1999]
used memory to aggressively record the experi-
ence in each search episode, essentially avoid-
ing all redundant effort. That approach con-
fronted memory constraints on larger problems,
but it suggests a more powerful use for a pared-
down search trace: exploiting the snapshot view
of the entire search space of a Graphplan itera-
tion to focus on the most promising areas. This
transformation frees us from the depth-first na-
ture of Graphplan’s search, permitting move-
ment about the search space to focus on its most
promising sections first -or even exclusively.

A summary of PEGG (for details; [Zimmer-
man and Kambhampati, 2003]) relies on these
definitions: Search segment: a state generated
during Graphplan’s regression search from the
goal state, indexed to a specific plan graph
level. It holds the state’s goal list, a pointer to
the parent search segment, and the actions as-
signed in satisfying the parent’s goals. Search
trace (ST): the linked set of search segments
(states) representing the search space visited in
a Graphplan backward search episode. The sets
of states in each of the three shadings of Figure
1 can be seen as the ST after each of the three
episodes. Transposition: The extant trace of
search segments (states) after search episode n
is transposed up one planning graph level for

Brobi Graphplan SoPEGG PEGG (ﬁgﬁfgllp
roblem Cpu sec Ccpu sec Vs.
;{::ifec (stergﬁzts) (steps/acts) | (steps/acts) GP-¢)
bw-large-B 1948 | 13.4(18/18) | 122 3.1 (18/18) 4.3x
bw-large-D ~ ~ (36/36) ~ 340 (38/38) | >5x
att-log-b ~ ~ ~ 120 (11/79) | >15x
gripper-15 ~ ~ (36/45) | 415 16.7 (36/45) | >107x
gripper-20 ~ ~ (40/59) ~ 44.8 (40/59) | >40x
tower-9 ~ ~ (511/511) | 118 23.6 (511/511) | >76x
TSP-12 ~ ~ (12/12) |72 6.5 (12/12) | >277x
AIPS ’98, 00, '02 Competition Problems
gripper-x-4 ~ 190 (19/29) |73.9 309 (19/29) | 6.1x
gripper-x-5 ~ ~ 512 110 (23/35) | >16x
log-y-4 ~ | 470 (11/60) | 366 330 (11/58) 1.4x
blocks-10-1 ~ 95.4 (34/34) | 18.7 11.0 (34/34) | 8.7x
blocks-16-2 ~ ~ (54/54) ~ 58.7 (54/54) | >31x
logistics-10-0 ~ 130.0 (15/56) |21 8.9 (15/55) 3.4x
logistics-12-1 ~ ~ 1101 (15/75) | 119 (15/75) | >15.1x
freecell-2-1 98.0 (6/10) |80.1 62.9 1.5x
depot-6512 239 |51 5.0 2.1 2.4x
depot-1212 ~ ~ (22/55) ~ 127 (22/56) | >14x
driverlog-2-3-6 ~ | 275 (7/20) 1.9 1.9 (7/20) 14.5x
driverlog-4-4-8 ~ ~ ~ 589 (10/24) | >3x
ztravel-3-7a ~ ~ 1434 (10/23) | 222 (10/21) > 8x
ztravel-3-8a ~ 972 (7/125) [11.2 2.3 (7125) 423x

episode n+1 as follows: For each ST search
segment associated with graph level j associate it
with level j+/ for episode n+/. Visiting a search
segment: the goals of segment S, are memo
checked at their associated level and if wvalid,
PEGG initiates Graphplan’s CSP-style search to
satisfy them. The process is enhanced by a cadre of
efficiency techniques such as a bi-level plan graph,
domain preprocessing, explanation based learning
(EBL), dependency directed backtracking (DDB), and
goal & action ordering. Whenever the goals of S, are val-
idly assigned, a child segment is created containing S,’s
goals regressed over the assigned actions, and linked to
S, (thus extending the ST).

The PEGG algorithm: the graph is built until the prob-
lem goals appear non-mutex, and the first regression
search episode is conducted ala Graphplan fashion. Dur-
ing this search, the initial trace is constructed, concisely
capturing all ‘states’ generated during the search process.
If no solution is found, the ST directs the search process
for future iterations. This search is 2-phased: select a
promising ST state, then Graphplan’s depth-first, CSP-
type search on the state’s subgoals is conducted. Another
ST search segment is heuristically selected if search fails.
Since the ST provides a state space view, PEGG can use
‘distance based’ heuristics (c.f. HSP-R [Bonet and Geff-
ner, 1999] and AltAlt [Nguyen and Kambhampati,
2000]). For results reported here, the ‘adjusted sum’
heuristic from the latter is used.

Table 1 compares PEGG against standard Graphplan
and a highly enhanced version (GP-e), which has been
augmented with the efficiency methods mentioned above.
Two PEGG modes of operation are reported; 1) so-PEGG:
make-span optimal, ST search segments ordered accord-
ing to a state space heuristic, a/l segments visited, 2)
PEGG: Ordering the ST search segments as for 1, beam

POSTER PAPERS

Table 1. PEGG vs. Graphplan and enhanced Graphplan (GP-e)
GP-e: enhanced Graphplan (see text) so-PEGG step-optimal, search via
the ST. PEGG: beam search on best 20% of search segments in ST
~ indicates failure in 30 min limit, cpu time
Parentheses next to cpu time give # of steps/ # of actions in solution.
Allegro Lisp, runtimes (excl. gc time) on Pentium 900 mhz, 384 MB RAM

search on only the heuristically ‘best’ fraction. The first
approach maintains Graphplan’s guarantee of step opti-
mality while the latter sacrifices the guarantee of optimal-
ity in favor of pruning search in all search episodes and
bounds the size of the search trace that is maintained in
memory. Empirically we find that optimal make-span
plans are generally found by PEGG regardless, (one ex-
ception shown in bold) and speedups as high as two or-
ders of magnitude over enhanced Graphplan are
achieved.
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Abstract

Admissible and consistent heuristic functions are
usually preferred in single-agent heuristic search
as they guarantee optimal solutions with complete
search methods such as A* and IDA*. Larger
problems, however, frequently make a complete
search intractable due to space and/or time limita-
tions. In particular, a path-planning agent in a real-
time strategy game may need to take an action be-
fore its complete search has the time to finish. In
such cases, incomplete search techniques (such as
RTA*, SRTA*, RTDP, DTA*) can be used. Such
algorithms conduct a limited ply lookahead and
then evaluate the states envisioned using a heuristic
function. The action selected on the basis of such
evaluations can be suboptimal due to the incom-
pleteness of search and inaccuracies in the heuris-
tic. It is usually believed that deeper lookahead in-
creases the chances of taking the optimal action. In
this paper, we demonstrate that this is not necessar-
ily the case, even when admissible and consistent
heuristic functions are used.

Lookahead Pathologies in Real-time
Single-agent Search

from a partial tree expansion (lookahead) prior to reaching
the goal state. Since the heuristic function is generally inac-
curate and the search is incomplete, suboptimal solutions can
be produced even with admissible and consistent heuristics.

It is widely believed that looking ahead deeper improves
the chances of taking the right action. Consequently, a con-
siderable amount of effort has been put into increasing the
lookahead depth by using selective search (search extensions)
and hardware and software optimizations.

In this paper we demonstrate that looking ahead deeper
can actuallydecreasethe chances of taking the optimal ac-
tion even when admissible and consistent heuristic functions
are used.

2 Related Past Research & Our Novel
Contributions

Lookahead pathologies within the mini-max search in two-
player games have been investigated extensively in the past.
In [Nau, 1982; 1983; Beal, 1980; 1982; 1983; Bratko and
Gams, 1982; Pearl, 1983he primary cause of pathologies
was deemed to be the independence of heuristic values of
the leaf nodes. Such games were caltesh-incremental
Large branching factors were also considered contributing to
a pathology. LatefMichon, 1983 addednon-inertnesgi.e.,

the constant branching factor) to the “black list” of properties
that can cause a pathology.

Complete search methods such as[Aartet al, 1969 and The efforts presented in this paper differ from the past

IDA* [Korf, 1984 produce optimal solutions when based onwork in several key areas: (i) we demonstrate lookahead

an admissible and monotonic heuristic function. The primarypathologies irsingle-agenheuristic search; (ii) pathologies

drawbacks are the exponential running time and the necessilte shown to take place even when the true and heuris-

to wait until the search completes before the first action canic values of sibling states are correlated (i.e., ifure-

be taken[Korf, 1990. This limits the applicability of com- mental domains (iii) unlike research in[Schiifer, 1986;

plete search in practice as the deliberation time per action caBeal, 1980 that dealt with two-valued (win/loss) heuristics,

be severely limitedHiggins, 2002, the domain model can we considereal-valued heuristic functions(iv) we show

be expensivéBulitko and Wilkins, 2002, the goal states can pathologies with thesmallest non-trivial branching factor

be difficult to recognizéLevneret al, 2003. Consequently, (two); (v) pathologies are demonstrated fatmissible and

despite numerous advances in improving heuristic functiongonsistenheuristic functions.

[Korf and Taylor, 1996; Culberson and Schaeffer, 1994;

Reinefeld, 1993; Korf, 1997 incomplete real-time/on-line

search methods remain the practical choice for complex rea§ Framework

life problems. In this study we consider a single-agent heuristic search in
Various incomplete search methods have been proposeatdiscrete state domain with a finite number of deterministic

including: RTA* [Korf, 1990, RTDP [Barto et al, 1995,  actions. The states (s} and actions (setl) form a directed

SRTA*, and DTA* [Russell and Wefald, 1991 Such algo- graph with certain specified vertices representing the goal

rithms base their decisions on heuristic information collectedstates. The edges (actions) are weighed with action costs:
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Figure 2:The 7-node 2-ply lookahead tree used in the analy-
sis of pathologies with admissible and consistent heuristics.

Figure 1:lllustration of p-ply binary lookahead tree. Through-
out the paper we display the true f* in the circles, the states or
heuristic f values are shown next to the circles, and the edges
are labeled with actions. Here a* and o™~ are the optimal and a suboptimal action.
suboptimal actions respectively. We adopt the following standard terminology. Function
is called admissible iff’'s € S[h(s) < h*(s)]. It is called
) . . . ._consistent iffYa € A,s € S[h(s) <c(a)+ h(6(s,a))].
rcnbd/él'; IS%.XTXiangent is provided with a perfect domain It can be shown that consistency af is equivalent to
o L . non-decreasing monotonicity of = ¢ + h: Va €
We define the true distance-to-goal functibf(s) as the 4 o STf(s) < f(5(s,a))]. In the following we wil
sum of action costs along the shortest path from stale  assume that the trué* satisfies the mini-min relation:
the closest goal state. Generally speaking, the agent uses gQ [h*(s) = minge (c(a) + h*(3(s,a)))] and h* is, there-
approximation: to the unavailablé.”. The approximationis ¢, consistentaaend trivially. adm;ssible ’
typically inaccurate insomuch ass € S [h*(s) # h(s)]. ' ’ ’ '
For a fixed starting statg functiong(s’) is defined asthe 4 Admissible & Consistent Heuristics
sum of action costs along the shortest path froto s’. Fi- ]
nally, the sum of: or * andyg is typically denoted byf or ~ Complete searches (e.g., A* and IDA*) produce optimal so-
f*. It easy to see that* remains constant along any opti- lutions with admissible heuristics. Thus, much effort has
mal path from a fixed state to the closest goal. Also note gone into derivation of admissible heuristics either manu-
that, for any states’, actiona; is inferior to actiona, iff  ally or automatically (e.g[Korf and Taylor, 1996; Prieditis,
F5(8(s',a1)) > f*(8(s, az)). _1993). Consistency ok leads to non-decreasing monotonic-
Located in state, the agent can use its perfect modeb ity of f and often speeds up complete searches conducted by
predict the states it will get to upon taking various sequence§ /IDA*. Incomplete searches (e.g., RTA*) can produce sub-
of actions. A binary lookahead tree is illustrated in Figure 1.0Ptimal solutions even with consistent and admissible heuris-
For the sake of clarity and simplicity we will be using small tics. It is widely believed, however, that deeper lookahead

binary lookahead trees to illustrate the discussion throughoJduces chances of such errors. Remarkably, this is not nec-
the paper. essanly.the case. o

The lookahead policyt(s, p) operates as follows: (i) start __COnsider the binary lookahead tree in Figure 2. Each
in the current state: (ii) construct the lookahead search tree N0d€ i shown with its true valug"(s) inside the circle.
of p plies deep by envisioning terminal states of all action se.F O €ach state, heuristic f(s) is drawn uniformly from
quences of actions (whenever possible); (iii) evaluate the [f(sﬁarem),uﬁ (s)] (|r;]d|cat(|ad with fthﬁ ~"in the boxesdnext
leaf nodes of the lookahead tree using fhieinction and se- 1@ the circles). The valueA) of the root state is drawn
lect the minimum-valued state; (iv) output the single actionToM [0 f (sroo)]. This makes the function admissible and

leading to selected leaf state (resolve ties randomly). mc\)/cgtog\ll(i:liallyr gf%rr]_d?greawselzngdrawn values of f as

Depending on the lookahead tree, random tie resolu;47B7C7D7E’ F,G (llustrated in the figure). Assume
tion, and the approximate heuristif, the actiona = thatup > 1, ug > up > 1. By definition, the lookahead
m(s,p) output by m(s,p) can be suboptimal: 3a* #  will be pathological iff Err(siot,2) > Er7(sro 1). The
alf*(6(s,a*)) < f*(4(s,a))] . The probability of such aner- probability of taking the suboptimal action (i.e., going to the
ror for states € S is denoted byErr(s,p). Additionally,  right child of the root node) with the lookahead of one is:
we will consider the expected value &frr(s,p) over the

. TS E 1) = Pr(E<B
statess. Such state-independent quantity will be referred to rr(sroot, 1) 7;( 1< 1)
asErr(p). _ / / / ;dB dE dA
The combination of domain and heuristic functioiif) is o JaJe (1=A)(ur —A)
calledpathologicaliff 3p; < pa [Err(s,p1) < Err(s,p2)]. _ [ +(ur — 1) (1 e
The corresponding state-independent version By < 2 r up )|’

p2 [Err(p1) < Err(p2)]. The intuitive meaning is quite
transparent: lookahead search is pathological iff lookingSimilarly we derive an expression for the lookahead of two:
deeper ahead is expecteditereasethe chances of taking Err(srwot, 2) Which can not be reproduced in this short pa-
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Abstract

This postermotivatesAl researchin the areaof
real-timestratgyy (RTS) gamesand describeshe
currentstatusof aprojectwhosegoalsareto imple-
mentan RTS gameprogrammingervironmentand
to build Als thateventuallycanoutperformhuman
expertsin this challengingandpopulardomain.

1 Real-Time Strategy Games

Commercialcomputergamesare a growing part of the en-
tertainmentindustry and simulationsare a critical aspectof
modernmilitary training. The two fields have muchin com-
mon, cross-fertilize,and are driving real-time Al research
[Herz and Macedonia,2004. With the adwent of fast per
sonalcomputerssimulation-basegameshave becomevery
popular Today thesegamesconstitutea multi-billion dollar
enterprise Examplesaresportsgamesandreal-timestratey
games.Thecommorelement®f simulationgamesresevere
time constraintsanda strongdemandof real-timeAl which
mustbe capableof solving real-world decisiontasksquickly
and satishctorily. Popularsimulation gamesare therefore
idealtestapplicationdor real-timeAl research.
Real-Time-Strategy (RTS) games — suchasthe million-
sellersStarcraftby Blizzard Entertainmentand Age of Em-
pires by EnsembleStudios— can be viewed as simplified
military simulations.Severalplayersstruggleover resources
scatteredver a 2D terrainby settingup an economy build-
ing armies,and guiding theminto battlein real-time. RTS
gamesoffer alargevariety of fundamentaAl researctprob-
lems,unlike othergamegenresstudiedby the Al community
sofar:
o Resource management. Playersstartoff by gatherindocal
resourcego build up defensesandattackforces,to upgrade
weaponry andto climb up the technologytree. Properre-
sourcemanagemeris avital partof ary successfustrateyy.
e Decision making under uncertainty. Initially, playersare
notawareof theenemiesbasdocationsandintentions.They
have to gatherintelligenceby sendingout scouts.If noinfor-
mationis availableyet, the playersmustform plausiblehy-
pothesesandactaccordingly
e Spatial and temporal reasoning. Staticanddynamicter-
rain analysisaswell asunderstandingemporalrelationsof
actionsis of utmostimportancen RTS games- andyet, cur-
rentgameAls largely ignore theseissuesandfall victim to
simplecommon-senseeasonind Forbuset al., 20024.
e Collaboration. In RTS gamesgroupsof playerscanjoin
forces and intelligence. How to coordinateactions effec-
tively by communicatioramongthe partiesis a challenging
researctproblem.
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e Opponent modeling, L earning. Oneof the biggestshort-
comingsof most(RTS) gameAl systemss their inability to
learnfrom experience. Humanplayersonly needa couple
of gamedo spotopponentsiweaknesseandto exploit them
in upcominggames Currentmachinéearningapproachem
thisareaareinadequate.

e Adversarial real-time planning. In fine-grainedsimula-
tions,agentannotafford to think in termsof micro actions.
Insteadabstractiondave to befoundwhich allow amachine
to conductforward searchesn a manageabl@abstractspace
andto translatefound solutionsback. Becausehe erviron-
mentis also dynamic, hostile,and smart— adwersarialreal-
time planningapproacheseedto beinvestigated.

Playing RTS gamesis challenging. Even more challeng-
ing is the creationof autonomouseal-timesystemscapable
of outperforminghumanexpertsin this domain. Because
searchspaceabstraction,real-time planning, and temporal
andspatialreasoningarecentralto mary otherproblemsthe
scopeof applicationsseemsendless.One exampleis high-
performancecombatsimulatorswhich arein large demand
for trainingmilitary personnetodayandwill becomehecore
of automatedattlefielddecision-supporsystemsof tomor
row. [vonderLippeetal., 1999 predictsthat20% of the US
armedforceswill beroboticby 2015.

2 An RTS Game Programming Environment

Thelack of Al interfacesevenin upcomingRTS gametitles
malkesit hardto conductreal-timeAl researclin thisareaand
to comparethe strengthof theresultingAl systemswith that
of humanexperts.In orderto solve this problemwe launched
anopensourceRTS gameprogrammingoroject[Buro, 2002
with thefollowing goals:

e Building a hack-free server-client RTS game system. At
the core of the systemis a simulatorto which playerscon-
nectvia UNIX soclets(Fig. 1). The uniquesystemfeatures
include: server-side ssimulation — which only sendsvisi-
ble informationto clients therebyrenderingcommonmap-
revealingclienthacksuseless- andanopen message proto-
col thatallows Al researcherandplayersto connectwhat-
ever clientsoftwarethey like.

e Sparking competition among players and researchers.
Populargamesin which humanplayersstill have the upper
handareidealtest-domaingor Al researchUnlike the con-
fined GUIs of commercialRTS games,our opendesignal-
lows the constructiorof hybrid Al systemsn which the hu-
mangeneralis aidedby Al modulesof growing capabilities.
Competitve gameplaying on an openinternetRTS game
sener is thereforelikely to improve Al performanceander-
gonomicGUI design.

e Applying planning and machine lear ning techniques to
RTS games. ClassicgameAl methods— such as alpha-
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betasearch- cannotbe applieddirectly in this domaindue
to the large numberof gameobjects,imperfectinformation,
andreal-timedemands.Searchspaceabstractionhierarchi-
cal planning,and machinelearningare approacheso over
cometheseproblems.

Ourinitial softwarereleasamplementech basicRTS pro-
gramminginfrastructure. Recently we addedterrain fea-
tures (water, ground plateausandramps) view obstruction
by terrain,andasplit-view GUI whichallowsto watchdiffer-
entpartsof theplayingfield simultaneouslyln orderto main-
tainthehigh simulationspeedterrainandvisionarebasen
tiles (Fig. 2). Soon,thecompletesourcecodeof our RTS pro-
grammingervironmentwill bereleased.lt is beingusedin
two thesigprojectsdealingwith machindearningof low-level
unit behaior andabstractionplanning,andheuristicsearch
in RTS games. We hopeto reportfirst resultsin the RTS
gameAl domainlaterthisyearandto sparkenoughinteresto
be ableto organizeman-machin@ndmachine-machin&TS
gametournamenti thenearfuture. For thisit will beneces-
saryto definestandardyamesetupsncluding unit properties
(size,speed,sigtend attackranges,...)technologytree, and
resourcesln contrasto commerciaproductsthefocushere
will beonsimplicity to easeheinitial Al development.

3 Reated Work

The growing literature on Al in commercialgamessurely
indicatesthe demandof smartergameAl. Many articleson
planningarerelevantto this project. Dueto spacdimitation
we only briefly mentionJ. Laird’s Soararchitectureand its
applicationto first-personshootergames|Laird, 2001 and
M. Atkin’s work on the GRASPsystemthat is appliedto a
capture-the-flagame[Atkin, 1999.
Computersoccerpursuessimilar goals and has become
guite popular[Stone,2004. This domaincanberegardedas
asimplified RTS gamewith only afew objects,no economy
unremarkableerrainfeaturesandmoreor lesscompletein-

RTS Game Server
Fast Collision Test

p
] |
T
(@) o°
0.0 o °
@ Q View Obstruction by Plateaus

Simulation Rate: 25 updates/sec, 1000 objects, Athlon 1GHz

[ Differential View Computation + Compression/Action Decompression|
_ J

Terrain Features:
water, ground, plateaus, ramps
Object Types:
submerged, on water, on land, in air
High Resolution Object Motion

TCP/IP
RTS Game Client

View Decompr./Action Compression|

TCP/IP
RTS Game Client

View Decompr./Action Compression|

DC GUI GUI
8.0 © H Al Al
@ plugins plugins

Figure 1: Senerclient RTS gamearchitecture.Clientscon-
nectto a centralsener which sendsplayerviews, receves
actionsfor all objects,andupdategshe stateof theworld.
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formation. Anotherbig differenceis thatin computersoccer
a small numberof agentsare requiredto computetheir ac-

tionsautonomouslyhereasn RTS games large numberof

objectshave to be orchestrated.

The otherbody of literaturerelevantto this projectis on
military analysesand applications. Researchin this area
spansfrom mathematicatombatmodels|[llachinski, 1996
over computergeneratedorces— which areusedin simula-
tion andtraining— to decision-supporsystemghataid com-
mandersandtroopson the battle-fieldor even control entire
weaponsystemsautonomously Our projecttries to bring
bothresearcltommunitiesogether
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Abstract

Traditional single-agent search algorithms usually
make simplifying assumptions (single search agent,
stationary target, complete knowledge of the state,
and sufficient time). There are algorithms for re-
laxing one or two of these constraints; in this pa-
per we want to relax all four. The application do-
main is to have multiple search agents cooperate
to pursue and capture a moving target. Agents are
allowed to communicate with each other. For solv-
ing Multiple Agents Moving Target (MAMT) ap-
plications, we present a framework for specifying a
family of suitable search algorithms. This paper in-
vestigates several effective approaches for solving
problem instances in this domain.

1 Introduction

In the 2002 Steven Spielberg movie Minority Report, John
Anderton (played by Tom Cruise) is on the run. In one se-
quence, Anderton is hiding in a building, and his pursuers
unleash a team of mini-robots to flush him out. The robot
team separates, each covering a different part of the building.
Anderton, realizing the danger, stops fleeing and comes up
with a unique solution — he submerges himself in a bathtub
of water so as to avoid the robotic detectors. Sadly, he can
only hold his breath for so long, before he has to emerge and
is found by the robots.

The classic algorithms (such as A*) are effective for solv-
ing search problems that satisfy the properties: one search
agent, the agent has perfect information about the environ-
ment, the environment and goal state do not change, and
enough time is given to make an optimal decision. Relax-
ing even one of the assumptions gives rise to new algorithms
(e.g., moving target search [Ishida and Korf, 1995]), real-time
search [Korf, 1990], and D* [Stentz, 1995]). Many real-
world problems do not satisfy all of these properties. In this
paper we use an application domain that breaks all of them.

Consider the task of multiple agents having to pursue and
capture a moving target; for example a squad of policemen
chasing a villain. We want to design a test environment that
is as realistic as possible. We assume a grid with obstacles.
Agents can only “see” what is directly visible to them. Agents
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are allowed to communicate with any agent that they can see.
As the target flees, it may become obscured from sight.

The agent’s knowledge of the locations of the target and
other agents may be fuzzy (since some of them may be hid-
den from sight). Given whatever knowledge of the target and
other agents is available, an agent must decide how to pursue
the target. The target’s possible locations provide informa-
tion of where to search; the other agents’ possible locations
provide information that can be used to coordinate the search
effort. The challenge is to have the agents act autonomously
to catch the target as quickly as possible.

This paper makes the following contributions: MAMT -
a challenging application domain for exploring issues related
to Multiple Agents pursuing a Moving Target, a framework
for expressing real-time search algorithms for the MAMT
domain, and several solutions that allow an agent to act au-
tonomously (using information about the possible positions
of the target and other agents in the decision-making process).

More details are available at www.cs.ualberta.ca/
~jonathan/Papers/ai .2003.html.

2 Literature

There are a family of A* algorithms that relax solution opti-
mality by requiring the agent to make the best decision pos-
sible given limited search resources (e.g., time) [Korf, 1990].
The Minimin Lookahead Search algorithm uses a fixed-depth
search (d moves), keeping track of the moves that lead to the
(heuristically) best d-move outcome. Real-Time A* (RT A*)
is an A* variant that uses the results produced by the min-
imin lookahead search as heuristic values in order to guide the
search towards achieving the goal [Korf, 1990]. Moving Tar-
get Search (MTS) is an LRT A* variant that allows a moving
target [Ishida and Korf, 1995]. An assumption in most MTS
papers is that the target moves slower than the agent. With-
out this requirement, the target can stay ahead of the agent
and possibly elude capture. There are many real-time search
variants (e.g., LPA* [Koenig and Likhachev, 2003]). For the
most part, these are orthogonal to our work. The difficult part
for an agent is deciding on the search goal; once achieved,
then any of several different search algorithms can be used.

Having multiple agents participating in a search is a topic
of recent interest. RoboCup is an example, but that work
has more limited scope, and agents (players) generally have
global knowledge.
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Figure 1: Framework for MAMT solutions

3 Problem Description

The MAMT domain has the following properties. Agents
and target: multiple agents pursuing a single moving target.
Grid: m x n in size, with randomly-placed obstacles. All
agents and the target have complete knowledge of the grid
topology. Moving: all moves are horizontal or vertical and
are made simultaneously. Starting position: The target al-
ways starts in the middle of the grid. The agents are all placed
in the lower left corner of the grid. The target is visible to
at least one agent. Vision: can “see” anything that is in an
unobstructed direct line. Communication: between moves,
agents communicate with any agent that is visible to them.
The agents exchange information as to where they believe
the target and other agents are located. Objective: catch the
target in the fewest number of moves.

4 Multiple Agent Moving Target Search

The intent of this work is not to build a new search algorithm.
Rather, we want to plug standard search algorithms into a
framework that, given a goal selection, will find the “best”
way to reach the objective.

When an agent does not know the exact position of the tar-
get (from vision or communication), it must maintain a belief
set of where the target might be. The belief set can take into
account the topology of the grid, knowledge of the opponent,
and the time since the last known target location. As the time
increases since the last sighting, the knowledge of where the
target is gets fuzzier. An agent should choose its search area
based on its beliefs about the target and other agents.

Figure 1 shows the four-step method that is the frame-
work used for specifying our solution algorithms. There is
no “right” way of solving any of these steps. In the following
we detail several algorithm alternatives.

4.1 Belief Set

Whenever an agent knows the exact location of the target,
that agent’s belief set contains only one location, otherwise
it can grow. Since this is a real-time search application, and
real agents have limited memory, the belief set size is limited.
Before a move, each agent sends its belief set information
about the target and other agents to any agent it can see (who
may, in turn forward it to agents that they see).

We implemented three strategies for maintaining the belief
set. All-scenarios. Expand the current belief set to include
all possible locations that can be reached in one more move.
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Region belief set. This set has the same update as the all-
scenarios belief set. After the search goal is chosen, the agent
commits to only consider beliefs that are connected to the goal
location. Single-location: The agent maintains a single be-
lief (one grid square). The belief is updated by choosing a
random direction and moving the belief in that direction until
an obstacle is encountered or new target information is avail-
able.

We use a simple greedy algorithm to approximate the four
“corners” of the variable shaped belief set. This subset of the
belief set is called the filtered belief set.

4.2 Goal Selection

Each agent selects a goal from their filtered belief set. Ran-
domly selecting a location from this set is an obvious control
strategy to implement. However, a more intelligent strategy is
needed — one that considers information about other agents.

The difference metric is used to identify a goal that ideally
is (a) closest to the agent and yet (b) farthest from the clos-
est other agent. For each location in the filtered belief set,
we compute two metrics: the distance from the agent to the
belief, and the minimum distance from the belief to the last
known agent positions. These values can be determined by
search (expensive) or by heuristics (inaccurate).

For each location in the filtered belief set, the agent com-
putes the difference of the above two values, and chooses the
one with the minimum difference. The idea is that the agent
should assist the other agents by covering the possible es-
capes of the target that are hard for the other agents to reach.

4.3 Search

Given a goal, each agent performs a search to find a “best”
move that progresses towards that goal. Since this has to be a
real-time algorithm, the search algorithm is allocated a fixed
number of search nodes (approximating a fixed amount of
time per decision). The manhattan distance is used as the
search evaluation function.

We experimented with two search algorithms. Single-
agent minimin search [Korf, 1990]: Here the agent uses
single-agent search to find the shortest path to the goal lo-
cation. The search has the effect of selecting the move that
tries to chase the target. Adversarial search: The search can
alternate between moves for the agent (move towards the tar-
get) and target (move away from the agent). This becomes
an alpha-beta search, where the agent tries to minimize the
minimax value of the search (the distance from the target).

4.4 Comments

For non-trivial belief sets, as long as information is known
about other agent’s positions the agents will separate to avoid
redundancy in the search. Each agent wanders about the grid
trying to maximize their coverage, as a function of what they
know (about the target and other agents). In many cases (es-
pecially for large mazes) an agent may go a long time without
getting an update on the target’s position, effectively negating
the effectiveness of the belief set.

5 Experiments

There are a variety of target strategies that can be investi-
gated. The strategy used is a weighted combination of four

1537



@
>
a
3
@
Xfbdbonmk

tEktrqronx

10 Agents -—--

Problems Solved

& SAS -
S -
30 Al D(SAS) SAS -

Percentage of Problems Solved (%)

single -
All_D(MD)_SAS --&--
<
AIT_D(AB) SAS --=--
20 [ AT_D(AB)_AB ——

Percentage of Problems Solved (%)

Al _D(MD)_AB —+—

0 10 20 30 40 50 60 0 10 20 30 40
Maze Size

Figure 2: Comparing solutions

sub-strategies: distance, mobility, visibility, and random. The
maximum scoring move is selected. The weights were hand-
tuned based on the perceived realism of the target’s behavior.

Solutions to MAMT instances were tested using grids of
sizes from 10 x 10 to 70 x 70. Grids had obstacles randomly
placed, occupying 10% to 30%, in increments of 5%, of the
space. The experiments used 1 to 10 agents. Each pursuer
was allocated 50,000 search nodes to make its decision. If
search was used to compute the difference metric, then half
the search nodes were allocated to this task, and the other half
to move selection. Agents were allowed a maximum belief set
size of 100. An experiment ended when one of the pursuers
caught the target, or when a maximum number of moves was
reached. For an n x n grid, the maximum was set to 15 x n.
With few exceptions, the target was caught in less than 8 x n
moves, or not at all.

Figure 2 compares several different solutions. The belief
set was maintained using one of: all-scenarios (ALL), region,
and single-location (Single). Except for a single-location be-
lief set, the choice of goal was done using the difference met-
ric based on either manhattan distance (no search) — D(MD),
single-agent search — D(SAS), or alpha-beta — D(AB). Hav-
ing chosen a goal, single-agent search (SAS) or alpha-beta
(AB) was used to select the best move. The graph shows the
percentage of problems where the target was caught (100 tri-
als with different random seeds per data point) as a function
of the maze size.

The control experiment is randomly selecting a goal
(single-location), and using single-agent search (SAS) to de-
cide on the move choice. Not surprisingly, this gets poor per-
formance. Region was expected to perform quite well, but
instead its results were mixed (not shown).

All_D(MD)_SAS and AIll_D(SAS)_SAS performed best in
all our experiments, with a preference for the manhattan dif-
ference metric. That the difference heuristic gets the best per-
formance is gratifying, since it is better informed by using be-
liefs about the other agents. Using a simple heuristic appears
to be as good as or better than using search for determining
the “best” search goal. The simplest way of computing the
difference metric — using static manhattan distance instead of
more accurate search — also leads to shorter solution lengths
(up to 10% on average). This shows that it is more beneficial
to invest search effort in move selection than in goal selection.

Alpha-beta is out-performed by single-agent search. Since
alpha-beta takes into account the target’s moves, it cannot
reach the search depths that single-agent search can and,
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hence, usually yields a lesser-quality solution.

In cases where the target eluded capture, a familiar pattern
emerged. The target would stay hidden in a small area, and
the agent’s knowledge of where the target was became obso-
lete and effectively useless. The agents would independently
wander about, hoping to find the target. In the real world,
if such a scenario arises, the agents should wait until more
help arrives and then begin the search anew, going through
the entire grid systematically.

Figure 3 shows that more agents are better than fewer (us-
ing All_LD(MD)_SAS). Note that as the number of agents in-
creases, the number of nodes per agent per search in the goal
selection gets smaller (recall the total search size is limited).
Even so, adding more agents is beneficial despite less re-
sources available.

Figure 4 shows that as the mazes become more congested
with obstacles, it gets harder for the agents to find the tar-
get. Essentially, a higher percent of obstacles gives the target
more opportunities to hide. However, at 30% of obstacles,
our target starts having problems with avoiding the dead ends
and is sometimes caught more easily.

Several control experiments were also done, and they gave
predictable results. Simplistic targets (e.g., random, or avoid)
were much easier to catch.

6 FutureWork and Conclusions

This problem domain is rich in possibilities, and can be ex-
tended to increase the “realism” of the simulations. Some ex-
amples include: multiple moving targets, more realistic com-
munication, creating “human-like” target behavior, and op-
ponent modeling. The framework used of this research has
many opportunities for interesting extensions.
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Abstract

Best-first search is limited by the memory
needed to store nodes in order to detect dupli-
cates. Disks can greatly expand the amount of
storage available, but randomly accessing a disk
is impractical. Rather than checking newly-
generated nodes as soon as they are generated,
we append them to a disk file, then sort the
file, and finally scan the sorted file in one pass
to detect and remove duplicate nodes. This
also speeds up such searches that fit entirely
in memory, by improving cache performance.
We implement this idea for breadth-first search,
performing the first complete searches of the
2 x 7 sliding-tile puzzle, and the 18-disk, 4-peg
Towers of Hanoi puzzle.

1 Introduction: The Problem

Best-first search algorithms, such as breadth-first search
(BFS), Dijkstra’s algorithm [Dijkstra, 1959], and A*
[Hart, Nilsson, & Raphael, 1968], store every node that
is generated, in either the Open list or the Closed list.
One reason for doing this is to detect duplicate nodes,
and avoid expanding a state more than once. As a result,
these algorithms are limited by the available memory.

In some problems, this memory limitation can be
avoided by depth-first searches (DFS) such as depth-
first iterative-deepening (DFID) or iterative-deepening-
A* (IDA*) [Korf, 1985], but DFS can generate ex-
ponentially more nodes than BFS. For example, in a
rectangular-grid problem space, BFS will generate O(r2)
nodes within a radius of r, while DFID will generate
0O(3") nodes. While there are ways of detecting some
duplicate nodes in a DFS[Taylor & Korf, 1993], they do
not apply to all problem spaces.

2 Frontier Search

An algorithm called frontier search[Korf, 1999; Korf &
Zhang, 2000] saves only the Open list of nodes at the
frontier of the search, and not the Closed list of nodes
that have been expanded, thus saving some memory.
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With each node, it stores a used-operator bit for each op-
erator, to indicate whether the neighboring state reached
by that operator has already been generated. For exam-
ple, the sliding-tile puzzles require four such bits for each
state, one for each direction in which a tile could move.
When a parent node is expanded, only children that are
reached via unused operators are generated, and the par-
ent node is deleted from memory. In each child node, the
operator that generates the parent is marked as used.
When duplicate states are found in the Open list, only
one copy is kept, and any operator that is marked as
used in any copy is marked as used in the retained copy.
Since the closed list is not stored, reconstructing the so-
lution path requires additional work. See [Korf, 1999;
Korf & Zhang, 2000] for two ways to do this.

The memory required by frontier search is propor-
tional to the maximum size of the Open list, or the width
of the problem space, rather than the size of the space.
For example, in the grid space mentioned above, the
width of the space grows only linearly with the search
radius, while the entire space grows quadratically. As
another example, the width of the n-disk, 3-peg Towers
of Hanoi space is only 2™ states, while the entire space
contains 3™ states. Frontier search is still limited by the
memory required to store the Open list, however.

3 Delayed Duplicate Detection (DDD)

Hard disks with hundreds of gigabytes of storage are
available for less than a dollar per gigabyte, which is over
a hundred times cheaper than memory. Because of high
latency, however, a disk behaves more like a sequential
device, such as a magnetic-tape drive, with large capac-
ity and high bandwidth, but only if it is accessed se-
quentially. To quickly detect duplicate states in a search
algorithm, however, nodes are usually stored in a hash
table, which is designed to be accessed randomly.

Our solution to this problem is rather than checking
each newly-generated node for duplicates as soon as it is
generated, we append each node to a disk file containing
previously generated nodes. At some point later we sort
the file, thereby bringing together nodes representing the
same state. Then we scan the sorted list of nodes in one
pass, merging any duplicate nodes.
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3.1 Breadth-First Frontier Search

As a simple example, we describe breadth-first frontier
search with delayed duplicate detection. BFS is normally
implemented with a FIFO queue, which we implement
with two disks files, an input file and an output file. Ini-
tially, the input file contains the initial state. As we read
each node in the input file, we expand it, and write its
children to the output file, with no duplicate checking.
When the input file is exhausted, we delete it. At that
point, the output file contains all the nodes at the next
depth, including any duplicate nodes. We then sort the
nodes in the output file by their state representations,
which brings together any duplicate nodes representing
the same state. Next, we linearly scan the output file,
merging duplicate nodes and ORing their used operator
bits, and write one copy of each state to a new input file,
deleting the output file when we’re done. This completes
one level of the breadth-first search. The algorithm con-
tinues until expanding the nodes in the input file doesn’t
generate any more nodes in the output file.

3.2 Sorting the Disk Files

Algorithms for sorting disk files are well-known. See
[Garcia-Molina, Ullman, & Widom, 2000], pp. 42-48.
The basic algorithm is to read as much of the unsorted
file as will fit into memory, sort it in memory using quick-
sort, for example, and write the sorted portion of the
file to a new subfile. Continue until the entire original
file has been read and written into a set of sorted sub-
files. Then, all the sorted subfiles are merged in one pass,
storing the head of each file in memory, and writing the
lowest record to a final sorted output file.

3.3 DDD in Memory

Surprisingly, delayed duplicate detection is useful even
when all nodes fit in memory, resulting in reduced run-
ning time due to improved cache performance. In the
standard implementation of breadth-first search in mem-
ory, the Open list is stored in a hash table. As each
new node is generated, it is looked up in the hash table,
which often results in a cache miss, since the hash func-
tion is designed to randomly scatter the nodes. A DDD
implementation doesn’t use a hash table, but a single
FIFO queue in memory, reading nodes off the head of
the queue, and appending them to the tail. Once a level
of the search is completed, the queue is sorted in mem-
ory using an algorithm such as quicksort, and the sorted
queue is scanned, merging duplicate nodes. The advan-
tage of this approach is that the queue is only accessed
at the head and tail, or at two points in between during
quicksort, and hence most memory references will reside
in cache, reducing the running time.

4 Experiments

We implemented a breadth-first search on sliding-tile
puzzles, and the 4-Peg Towers of Hanoi problem.
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4.1 Sliding-Tile Puzzles

[Schofield, 1967] published a complete breadth-first
search of the 3 x 3 Eight puzzle. We completed a BFS for
all sliding-tile puzzles up to the 2 x 7 Thirteen Puzzle.
Table 1 below shows the results. The first column gives
the £ and y dimensions of the puzzle, and the second
column gives the number of moves needed to reach all
solvable states, starting with the blank in a corner posi-
tion. This is also the worst-case optimal solution length,
for a goal with the blank in a corner. The third column
gives the number of solvable states, which is (zy)!/2, and
the fourth column gives the width of the problem space,
which is the maximum number of nodes at any depth.

Size | Moves Total States Max Width

2% 2 6 12 2
2% 3 21 360 44
2x4 37 20,160 1,999
3x3 31 181,440 24,047
2x%x5 55 1,814,400 133,107
2x6 80 239,500,800 13,002,649
3x4 53 239,500,800 21,841,159
2x7 108 | 43,589,145,600 | 1,862,320,864

Table 1: Sliding-Tile Puzzle Results

The 3 x 4 and 2 x 6 Eleven Puzzles were the largest
that we could solve in memory. We implemented both
a standard BFS algorithm, using one bit of memory per
state, and also breadth-first frontier search with delayed
duplicate detection. The standard BFS required 17.5
minutes, while the frontier search with DDD required
only 9.6 minutes, on a 440 Megahertz Sun Ultra 10 work-
station. This demonstrates that DDD frontier search is
useful even for problems that fit in memory.

The 2 x 7 Fourteen Puzzle was the largest we could
search exhaustively with our 120 gigabyte disk. At 8
bytes per state, this problem required about 15 gigabytes
of disk storage, and ran for 51 hours, 13 minutes. The
ratio of the problem size to the problem width is about
23.4, illustrating the advantage of frontier search.

4.2 Towers of Hanoi

For the standard 3-peg Towers of Hanoi problem, there
is a simple algorithm that guarantees the shortest path
between any pair of states. The 4-peg Towers of Hanoi
puzzle, known as Reve’s puzzle, is much more interest-
ing. There exists a algorithm for finding a solution, and
a conjecture that it generates optimal solutions, but the
conjecture remains unproven. |[van de Liefvoort, 1992]
contains a good bibliography for this problem. [Szegedy,
1999] gives bounds for the k-peg version, but they in-
clude an unspecified constant in the exponent.

For the sliding-tile puzzles, all paths between any pair
of states have the same even-odd parity, and the algo-
rithm described in Section 3.1 works correctly. For the
Towers of Hanoi, however, two states can have both even
and odd length paths between them. In that case, fron-
tier search with delayed duplicate detection can fail by
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leaking into the interior of the search. One solution to
this problem is to store two complete levels of the search
at a time. See our full paper for the details [Korf, 2003].

Using this algorithm, we were able to exhaustively
search all problems through 18 disks, starting with all
disks on one peg. Table 2 shows the results. The first
column gives the number of disks, and the second col-
umn shows the minimum number of moves required to
move all the disks from one peg to another. The third
column gives the total number of states of the problem,
which is 4™, where n is the number of disks. The fourth
column shows the maximum width of the graph, starting
from a state with all disks on one peg. In all cases, the
optimal number of moves equals the conjectured mini-
mal number of moves. The 18-disk problem took almost
6 days to run, and at 8 bytes per state required about 30
gigabytes of disk space. Note that the ratio of the total
number of states to the problem width for the 18-disk
problem is almost 34.5.

Disks | Moves Total States Max Width
1 1 4 3
2 3 16 6
3 5 64 30
4 9 256 72
5 13 1,024 282
6 17 4,096 918
7 25 16,284 2,568
8 33 65,536 9,060
9 41 262,144 31,638

10 49 1,048,576 109,890
11 65 4,194,304 335,292
12 81 16,777,216 1,174,230
13 97 67,108,864 4,145,196
14 113 268,435,456 14,368,482
15 129 1,073,741,824 48,286,104
16 161 4,294,967,296 162,989,898
17 193 | 17,179,869,184 572,584,122
18 225 | 68,719,476,736 | 1,994,549,634

Table 2: 4-Peg Towers of Hanoi Results

5 Conclusions and Further Work

We showed that delaying the detection of duplicate
nodes in a breadth-first search can effectively make use
of very large capacity disk-storage systems. We also
showed how to combine this idea with frontier search.
In addition, we demonstrated that these ideas can also
speed up a search that occurs entirely in memory. Using
these algorithms, we completed breadth-first searches of
sliding-tile puzzles with up to 43 billion nodes, and 4-peg
Towers of Hanoi problems with up to 68 billion nodes.
For the 4-peg Towers of Hanoi, we verified a conjecture
regarding optimal solution lengths to 18 disks.

Current work is focussed on implementing these tech-
niques for more complex best-first search algorithms such
as Dijkstra’s algorithm [Dijkstra, 1959] and A* [Hart,
Nilsson, & Raphael, 1968].
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1 Introduction 6000

Although some algorithms are better than others on average, 5000
there is rarely a best algorithm for a given problem. Instéad 4000
is often the case that different algorithms perform well gn d 3000
ferent problem instances. Not surprisingly, this phenoonen 2000
is most pronounced among algorithms for solvixig>-Hard

problems, because runtimes for these algorithms are often
highly variable from instance to instance. When algorithms 04

Time (s)

1000

exhibit high runtime variance, one is faced with the problem GL  CASS CPLEX CPLEX Portfolio  Optimal
of deciding which algorithm to use; in 1976 Rice dubbed this . ] . . .
the “algorithm selection problemf8]. In the nearly three Figure 1: Algorithm and Portfolio Runtimes

decades that have followed, the issue of algorithm selectio
has failed to receive widespread attention, though of @urs
some excellent work does exist. By far, the most common
approach to algorithm selection has been to measure differe
algorithms’ performance on a given problem distributiard a
then to use only the algorithm having the lowest average run-
time. This “winner-take-all” approach has driven recent ad
vances in algorithm design and refinement, but has resulted i
the neglect of many algorithms that, while uncompetitive on
average, may offer excellent performance on particulappro
lem instances. Our consideration of the algorithm selactio
literature, and our dissatisfaction with the winner-talleap- 1. Use domain knowledge to select features of problem in-
proach, has led us to ask the following two questions. First,  stances that might be indicative of runtime.

what general techniques can we use to perform per-instance; - Generate a set of problem instances from the given dis-

-distri i i ion? . K . N
(rather than per-distribution) algorithm selection? Seto tribution, and collect runtime data for the algorithm on
once we have rejected the notion of winner-take-all alpanrit each instance

evaluation, how ought novel algorithms to be evaluated? We i ]
offer the following answers: 3. Use regression to learn a real-valued function of the fea-

. N L tures that predicts runtime.
1. Algorithms with high average running times can be com- ) L ) . .
bined to form an algorithm portfolio with low average ~ Given this existing technique for predicting runtime, we
running time when the algorithms’ easy inputs are Sufﬁ_InOW propose building portfolios of multiple algorithms a f

ciently uncorrelated. ows

2. New a|gorithm design should focus on prob|ems on 1. Train a model for each algorithm, as described above.
which the current algorithm portfolio performs poorly. 2. Given an instance:

OCASS
oGL
ECPLEX

CICASS
oGL
mCPLEX

Figure 2: Optimal Figure 3: Selected

Readers familiar with the boosting paradigm in machine (a) Compute feature values
learning[9] will recognize that boosting uses similar ideas: (b) Predict each algorithm’s running time
combining weak classifiers into a much stronger ensemble (©) Run the algorithm predicted to be fastest
by iteratively training new classifiers on data on which the

ensemble performs poorly. 2.1 WDP Case Study: Past Work

. . Our case study is based on the data collected in our previous
2 Algorithm Portfolios work [6]. In that work we have constructed models for pre-
In our previous wor6] we demonstrated that statistical re- dicting the running time of the CPLEX solver on the winner
gression can be used to learn surprisingly accurate ahgorit determination problem (WDP), which is adP-Complete
specific models of the empirical hardness of given distribu-combinatorial optimization problem formally equivalemt t
tions of problem instances. In short, the method proposed ineighted set-packing. We have also created models for two
that work is: other WDP algorithms: GL (Gonen-Lehmar{g], a simple
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00% 40%

branch-and-bound algorithm with CPLEX'’s LP solver as its

heuristic, and CAS$1], a more complex branch-and-bound %
algorithm with a non-LP heuristic. The data set consists of & -

4500 instances of a fixed size (256 goods and 1000 non<

dominated bids), sampled uniformly from CATq instance = o d I
generator. Since our methodology relies on machine legynin = = FIJ' o L B B J J P I
we split the data into training, validation, and test sete.re/ e ® e

port our portfolio runtimes only on the test set that was neve Figure 4: Matching Figure 5: Scheduling

used to train or evaluate models. Runtime data was collected
on 550 MHz Pentium Xeons, running Linux 2.2. 4 Conclusions

Learned runtime models may be used to create algorithm
portfolios that outperform their constituent algorithriifiese

We now describe new results. Fig. 1 compares the averadogodels can also be used to induce harder benchmark distri-

runtimes of our three algorithms to that of the portfolio.télo 2utions for use in the development and evaluation of new al-
that CPLEX would be chosen under winner-take-all algo_gorlthms. Our case study on combinatorial auctions demon-

rithm selection. The “optimal” bar shows the performance Ofstrates that a portfolio composed of CPLEX and two older—

an ideal portfolio where algorithm selection is performed-p and generallynuch slower—algorithms outperforms CPLEX

fectly and with no overhead. The portfolio bar shows the timealone by about a factor of 3. In the full version of this paper

taken to compute features (light portion) and the time taken'® describe our methodology |-n more detail, and. also:
to run the selected algorithm (dark portion). Despite thet fa e Show how to reduce the time spent computing features
that CASS and GL are much slower than CPLEX on average,  Without substantially degrading portfolio performance;

the portfolio outperforms CPLEX by more than a factor of 3. ¢ pemonstrate ways of using response variable transfor-

Further, neglecting the cost of computing features, out-por mations to focus portfolios on metrics other than average
folio’s selections take only 5% longer to run than the optima running time;

selections. Figs. 2 and 3 show the frequency with which each . _ S . .
algorithm is selected in the ideal portfolio and in our portf e Explain how to induce d|str|bufc|ons with characteristics
lio. They illustrate the quality of our algorithm selectiand other than hardness (e.g. realism);

the relative value of the three algorithms. While our portfo- e Compare our approach to previous work that executes
lio does not always make the right choice, most of the mis- algorithms in paralle[2]; uses classification instead of
takes occur when algorithms have very similar running times regressioni4]; or considers the problem as an M8}
These mistakes are not very costly, which explains why our

portfolio’s choices have a running time so close to optimal.Refer ences

These results show that our portfolio methodology can Worlm Y. Fujishima, K. Leyton-Brown, and Y. Shoham. Taming the

very well even W'th a small number of algorithms, and even computational complexity of combinatorial auctions: Optimal
when one algorithm has superior average performance. and approximate approaches.|§CAI, 1999.

2.2 WDP Case Study: Portfolios

[2] C.Gomes and B. Selman. Algorithm portfoligstificial Intel-
ligence, 126(1-2):43—-62, 2001.

[3] R. Gonen and D. Lehmann. Linear programming helps solv-

Once it has been decided to select algorithms from a portfo- ing large multi-.unit combinatorial auction_s. Technical R(_eport
lio on a per-instance basis, it is necessary to reexamine the XR'.lzggé'l& Leibniz Center for Research in Computer Science,
way we design and evaluate algorithms. Since the purpose pr :

of designing new algorithms is to reduce the time that it will [4] E. Horvitz, Y. Ruan, C. Gomes, H. Kautz, B. Selman, and
take to solve problems, designers should aim to produce new M- Chickering. A Bayesian approach to tackling hard computa-
algorithms that complement an existing portfolio given di tional problems. IrJAI, 2001.

tribution D reflecting problems that will be encountered in [5] M. Lagoudakis and M. Littman. Algorithm selection using re-
practice. The instances with the greatest potential for im-  inforcement learning. IKCML, 2000.

provement will be hard for the portfolio, common ip, or [6] K. Leyton-Brown, E. Nudelman, and Y. Shoham. Learning the
both. The full version of this paper describes a technique fo  empirical hardness of optimization problems: The case of com-
using rejection sampling to automatically generate sueh in  binatorial auctions. II€P, 2002.

stances. In Figures 4 and 5 we show how our techniques afg] K. Leyton-Brown, M. Pearson, and Y. Shoham. Towards a uni-
able to automatically skew two of the easiest CATS instance versal test suite for combinatorial auction algorithms AGM
distributions towards harder regions. In fact, for these tw EC, 2000.

distributions we generated instances that were (respégliv [g] J. R. Rice. The algorithm selection probleAtvances in Com-
100 and 50 times harder than anything we had previously  puters, 15:65-118, 1976.

I i istribu-
S.een' Moreover, thaverage runtime fc_)r the neW. d|St.“bu [9] R. Schapire. The strength of weak learnabilidachine Learn-
tions was greater than the observeaximum running time ing, 5:197-227, 1990.

on the original distribution. ' ’

3 Focused Algorithm Design
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Abstract

We propose a Node Centroid method with Hill-
Climbing to solve the well-known matrix band-
width minimization problem, which is to per-
mute rows and columns of the matrix to min-
imize its bandwidth. Many heuristics have
been developed for this NP-complete prob-
lem including the Cuthill-McKee (CM) and
the Gibbs, Poole and Stockmeyer (GPS) algo-
rithms. Recently, heuristics such as Simulated
Annealing, Tabu Search and GRASP have been
used, where Tabu Search and the GRASP with
Path Relinking have achieved significantly bet-
ter solution quality than the CM and GPS
algorithms. Experimentation shows that the
Node Centroid method achieves the best solu-
tion quality when compared with these while
being much faster than the newly-developed al-
gorithms.

1 Introduction

For a symmetric matrix A = {a;;}, the matrix band-
width minimization problem is to find a permutation of
rows and columns of the matrix A so as to bring all
the non-zero elements of A to reside in a band that
is as close as possible to the main diagonal, that is
to Minimize{max{|t — j| : a;; # 0}}. The band-
width minimization problem also can be stated in the
context of graph as: Let G(V,E) be a graph on n
vertices. Label all vertices with different labels from
the set 1,2,...,m so that f(v) is the label for vertex
v. Then, with the bandwidth of G defined to be
Bf(G) = Max{|f(u) - f(U)| : Vu, Vo, (u,v) € E(G)},
the bandwidth minimization problem is to find a label-
ing, f, which minimizes B¢(G). Note, that we transform
a graph bandwidth problem into a matrix bandwidth
problem by using its incidence matrix.The bandwidth
minization problem was proved to be NP-complete by
Papadimitriou [Papadimitriou, 1976].

Many heuristic algorithms have been proposed in solv-
ing the bandwidth minimization problem, considering
its importance. In 1969, the classical CM [Cuthill et
al., 1969] algorithm appeared, which used Breadth-First
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Search to construct a level structure of the graph. The
GPS algorithm [Gibbs et al., 1976], which is also based
on the level structure, can obtain almost the same result
as the CM algorithm, but about eight times faster than
the CM algorithm. Esposito et al. [Esposito et al., 1998]
proposed a new WBRA(Wonder Bandwidth Reduction
Algorithm), which can achieve better result than the
classical CM and GPS algorithm. Marti et al. [Marti
et al., 2001] proposed a new Tabu Search method in
which candidate list strategy was used to accelerate the
selection of move in a neighborhood. Extensive Experi-
mentation showed that their Tabu Search outperformed
best-known algorithms in terms of solution quality. Re-
cently, Pinana et al. [Pinana et al., 2001] used a GRASP
(Greedy Randomized Adaptive Search Procedure) with
Path Relinking method for the problem. Computational
Results showed that the GRASP with Path Relinking
achieved the best solution in quality, though it is slower
than the Tabu Search.

We have proposed a new NCHC algorithm (Node Cen-
troid method with Hill-Climbing) to solve the bandwidth
minimization problem. Experimentation shows that our
NCHC algorithm has outperformed other heuristic algo-
rithm on the solution quality. Meanwhile the fast version
of our new NCHC algorithm is comparable with CM and
GPS algorithm on speed, which is about 100 times faster
than the newly developed Tabu Search and GRASP with
Path Relinking. In next Section we present the general
framework of the algorithm. Computational Results are
reported in Section 3. Finally, we draw our conclusion
and provide some directions for future research.

2 The Node Centroid with
Hill-Climbing algorithm

The Node Centroid method with Hill Climbing (NCHC)
employs the strategy of using the Node Centroid method
for global search with Hill-Climbing in local search. An
initial labeling is generated by performing Breadth-First
Search (BFS) on the given graph representation of the
matrix with random start vertex. We then use the Node
Centroid method to adjust vertices to a central (cen-
troid) position among its neighbors. From this, a new
labeling is created on which we perform Hill Climbing
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to obtain local optima. The Node Centroid method and
Hill Climbing iterate a number of times, following which
a new initial labeling is generated by BFS. The entire
process is repeated several times within the NCHC al-
gorithm which is described in Algorithm 1 given below:

Algorithm 1 NCHC

for i =1 to restart_Times do
Initialize(labeling)
for j =1 to NC_Times do
NC(labeling)
if j mod 2 =1 then
HC(labeling)
end if
end for
end for

In the algorithm, the NC component comprises of
Node Centroid labeling adjustments and HC denotes
Hill Climbing. These will be described in more detail
in the following sections. The HC procedure is invoked
only every other time we perform the NC since it is the
bottleneck for the speed of the algorithm and since ex-
perimentation has shown that this frequency proportion
works well.

3 Computational Results

We have compared our new
rithm with algorithms

NCHC  algo-
developed by other re-
searchers on three sets of test cases from
the  Harwell-Boeing  Sparse  Matriz  Collection
(http://math.nist.gov/MatrixMarket /data/Harwell-
Boeing/) of standard test matrices, which represent a
large spectrum of scientific and engineering applications.
We have also developed a fast version of our NCHC
algorithm, denoted FNCHC.

The first two test sets have also been used in [Pinana
et al., 2001]. Experimental results are shown in Table 1

Table 1; 113 instances from Harwell- Bosing
GPS TS(Marti) GRASFPR TINCHC FNCHC

33 instances

By(G) 31.42 23.33 2252 22,30 22.85
Deviation 40.33% 420% 0.58% 0.00% 2.05%
CPU seconds 0.003 2.36 4.21 3.37 032
CFU K712G P416G P4 16G P416G P416G
80 instances

B G) 156.38 100.78 090.43 97.99 106.09
Deviation 50505 285% 147% 0.00% 8.27%
CPU seconds 011 121 .66 323.10 40.20 07E
CFPU K712G P416G P4 166G P416G P416G

As shown in table 1, the best solution in quality has
been obtained by our NCHC, which is also much faster
than the newly developed GRASP_PR. Our FNCHC has
achieved very good solution in a short time, which is
more than 100 times faster than the TS and GRASP_PR.
Though our FNCHC is slower than the GPS algorithm
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but it obtained solution 37% and 47% better than the
classical GPS algorithm. We also compare our approach
with the Esposito’s WBRA and TS [Esposito et al., 1998]
on the DWT test set from the Harwell-Boeing Sparse
Matrix Collection, where our new NCHC also get the
best results, and our FNCHC obtain better result than
the WBRA and TS in a short time.

4 Conclusions

We have proposed a Node Centroid adjustment method
with Hill Climbing for the well-known matrix bandwidth
minimization problem. Experimentation has shown that
the Node Centroid global search works well with Hill
Climbing for this problem. Best solutions in quality
are achieved by the new NCHC algorithm, while the
FNCHC provides good solution quality at fast speeds
and is comparable in speed to the fast GPS algorithm.It
also indicates that we can apply the new Node Centroid
procedure to other similar combinatorial optimization
problems, such as matrix profile reduction and Minimum
Linear Arrangement Problem in the future.
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Abstract 2 Background and Previous Work

We study leading-edge local search heuristics for balanced hyper- 1 Hypergraph Partitioning Problem:
graph partitioning and Boolean satisfiability, intending the general- . ) .
ization of such heuristics beyond their original domains. We adapt A YPergraphH(V,E) is defined as a se¥,, of vertices, and a set,
the Fiduccia Mattheyses (FM) hypergraph partitioning heuristic to E+ Of hyperedges, where each edge E is a set oftwo or more.
Boolean Satisfiability (SAT), and the WalkSAT SAT solver to hy- Vertices fromv. Thek-way hypergraph partitioning problem is
pergraph partitioning. Focusing on balanced hypergraph partition- Stéted as follows: Lei(V,E) be a hypergraph with weighted ver-
ing, we propose a combination of the classical FM heuristic and UC€S End edges. The problem asks to find a minimum cost parti-
our “cross-over” heuristic WalkPart, and empirically show that it is tion P© of the vertices oH to k disjoint subsets. The cost function
more powerful than each component alone. Empirically, we show ¢(P¥) typically used isedge cutthe sum of the weights of the hy-

a 15% improvement in net cut and a 7% improvement in runtime Peredgesut by the partition (this is called min-cut partitioning).

over a leading-edge implementation of the FM heuristic. A hyperedge is cut exactly when all of its vertices are in more than
) one subset. Constraints may be imposed on a partition e.g. limiting
1 Introduction the total vertex weight in each subsbalance constrainys The

The focus of our work is on search heuristics for balanced min-cut balance-constrained weighted hypergraph partitioning problem is
hypergraph partitioning, a well-known combinatorial optimization N P-hard. The algorithms in this work deal with the balanced
problem. In general terms, the problem seeks to assign every ver-min-cut hypergraph bi-partitioning problem, i.e., we consider only
tex of a hypergraph to one of two subsets to minimize the number the case wherk = 2. In circuit layout, hypergraphs represent cir-
of connections between the two subsets, subject to having approx-Cuits by mapping vertices to signal nodes, and hyperedges to signal
imately the same number of vertices in each subset. Hypergraphnets. In this context, we use the words “node” and “net” to mean
partitioning is important in circuit layout because circuits are often “vertex” and “hyperedge” when referring to hypergraphs in this
represented by hypergraphs, e.g. in placement by recursive bisecdocument.
tion. Many efficient hypergraph partitioning algorithms have been . . -
developed [3, 4]. Here, we gisfuss the comtg)]ination of two local 2-2 The Fiduccia-Mattheyses Heuristic
search heuristics: the Fiduccia-Mattheyses (FM) hypergraph parti- The Fiduccia-Mattheyses (FM) [3] heuristic for bi-partitioning cir-
tioning heuristic [3], and the biased random walk heuristic, adapted cuit hypergraphs is an iterative improvement algorithm. FM starts
from the WalkSAT SAT solver [5]. with an arbitrary initial solution and changes the solution by a se-
Our work is motivated by attempts to generalize well-known quence of moves, organized as passes. At the beginning of a pass,
local search procedures [5, 3] beyond their original domains. We all vertices are free to move (unlocked). Each possible move is la-
developed a SAT solver based on the FM algorithm [3], and a hy- beled with the immediate change in total cost it would cause (called
pergraph partitioner, WalkPart, based on the WalkSAT algorithm “gain”). Iteratively, a move with highest gain is selected and exe-
from [5]. The WalkPart algorithm is described in Section 3. A cuted, which may result in a lower, higher or unchanged solution
detailed description of the SAT solver is beyond the scope of this cost. The moved vertex is locked, i.e., not allowed to move again
paper. Our results show that WalkPart outperforms a highly tuned during that pass. Since moving a vertex can change gains of ad-
implementation of FM on several circuit benchmarks. The algo- jacent vertices, all affected gains are updated. Selection and exe-
rithms also produce very different solutions and appear to have cution of a best-gain move, followed by gain update, are repeated
different local minima, suggesting that a hybrid strategy might be until every vertex is locked. The best solution seen during the pass
effective. Empirical results show that the hybrid approach outper- is adopted as the starting solution of the next pass. The algorithm
forms both algorithms, in terms of runtime and solution quality. terminates when a pass fails to improve solution quality.
Our main contributions are summarized as follows. The FM heuristic is now used as a component in multi-level
e We describe the balanced min-cut hypergraph partitioning Partitioning algorithms [4] which create a series of clustered hy-
algorithm, WalkPart, based on the WalkSAT satisfiability Pergraphs, partition the most clustered with “flat” FM and then
solver [5] refine unclustered versions of the produced partition by applying
FM in incremental mode. A highly optimized, leading edge im-
. X - ;o .~ plementation of FM in this context is available in [2]. This work
%:Snig form a *hybrid” heuristic, and perform two experi only deals with “flat” partitioning heuristics in the hope that im-
proved flat heuristics will lead to improved multi-level heuristics.

e Empirically, we show that a hybrid strategy achieves signifi-  This assumption will be verified in our future work.
cantly better performance than either heuristic alone

e We propose the combination of the FM and WalkPart heuris-

Lin a problem with balance constraints, moves should also not violate the legality
constraint
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Table 1:Results for 10 passes of a Hybrid Algorithm: FM is run once to comple-
tion, followed by 100K moves of WalkPart alternated with single passes of FM.
Benchmark| Nodes| Nets WalkPart FMPart Hybrid Cut | Time
Name Moves | Time Cut Time Cut Time Cut Ratio | Ratio
ibm01+10 | 12752 | 14111 2M 9.16 | 610.67 | 1.54 | 477.00 2.0 284.00 | 0.59 | 1.29
ibm01+4 12752 | 14111 | 500K 2.56 | 506.00 | 1.39 | 464.33 | 2.667| 413.33 | 0.89 | 1.91
ibm02+10 | 19601 | 19584 | 500K | 3.61 | 329.67 | 2.15 | 402.00 | 3.8 290.67 | 0.72 | 1.76
ibm02+4 19601 | 19584 | 500K 3.61 | 654.33 | 2.14 | 386.00 3.7 52333 | 1.35 | 1.72
ibm03+10 | 23136 | 27401 2M 14.15| 1603.33| 3.84 | 1487.67| 5.0 1157.33| 0.77 | 1.30
ibm03+4 23136 | 27401 | 500K | 3.84 | 1175.00| 3.14 | 2488.00| 5.86 | 1093.33| 0.43 | 1.86
ibm04+10 | 27507 | 31970 | 500K | 4.50 | 1589.00| 5.30 | 718.67 9.0 606.66 | 0.84 | 1.69
ibm04+4 27507 | 31970 2M 14.94| 2121.00| 3.52 | 2505.00| 5.0 1089.33| 0.43 | 1.41
ibm05+10 | 29347 | 28446 2M 17.34 | 4804.67| 9.54 | 2793.33| 14.75| 1869.66| 0.66 | 1.54
ibm06+10 | 32498 | 34826 2M 12.73| 750.00 | 5.63 | 1683.00| 10.5 | 1117.00| 0.66 | 1.86
ibm07+10 | 45926 | 48117 2M 18.07 | 2483.33| 9.63 | 1347.33| 13.98 | 1190.67| 0.88 | 1.45
ibm08+10 | 51309 | 50513 | 2M 24.92 | 1902.67| 11.76 | 3076.00| 25.5 | 1574.66| 0.51 | 2.16
ibm09+10 | 53395 | 60902 2M 19.60 | 2069.00| 14.38 | 1936.00| 29.0 | 1365.33| 0.70 | 2.01
ibm10+10 | 69429 | 75196 | 2M 19.79 | 3414.67 | 15.36 | 2200.33| 30.22 | 1440.33| 0.65 | 1.96
ibm11+10 | 70558 | 81454 2M 21.61 | 2433.33| 19.78 | 4203.33| 34.13 | 2992.00| 0.71 | 1.72
ibm12+10 | 71076 | 77240 2M 22.99 | 3803.67| 23.03 | 4200.67| 36 4525.33| 1.07 | 1.56
Average 0.7 1.7

2.3 The WalkSAT Satisfiability Solver can quickly approximate the score for a given node for a partic-

The WalkSAT algorithm [5] is a stochastic local search heuristic Ular net as follows. Consider a nods, presently in partitiony

for Boolean Satisfiability. WalkSAT is an improvement on GSAT (I = 0/1). Letec be a hyperedge containing, d be the degree
(Selman et al., 1992), a greedy algorithm that starts with a random ©f & andmy ; be the number of nodes from edegin partition j,
assignment and flips variables one at a time. The variable chosenincludingn;. Then the normalized score of due toe is M=t

for flipping is alwaysthe one that would cause the greatest im- The total node score is the sum of the scores due to all nets in
mediate reduction in the number of violated clauses. WalkSAT [5] which the node occurs. The idea of using a score comes from the
improves on GSAT by using a biased random walk to avoid getting work in [6], which discusses an adaptation of WalkSAT to formu-

stuck in local minima. las with pseudo-boolean constraints. In WalkPart, with probability
To select the next variable to flip, WalkSAT picks a clause at 1 — p the algorithm picks the node from the chosen net with the

random from the unsatisfied clauses. With probabitityt flips a minimum score. For the benchmarks in this paper, our empirical

variable picked randomly from this clause. With probability p results are strongest when this heuristic is used, and whef.1.

it flips the variable that would cause theast number of clausés

be violated when flipped. 4 Hybrid Partitioner

. Through empirical evaluation, we observe that WalkPart often out-

3 The WalkPart Algorithm performs a leading-edge implementation of FM [2], on standard
The WalkPart algorithm is a stochastic local search algorithm for industry circuit benchmarks [1]. Also, WalkPart frequently does
balance-constrained hypergraph bisection. It performs a sequencevell on benchmarks where FM does not, implying that both algo-
of moves, until a preset maximum number of moves is reached. A rithms do not find similar solutions or search in the same areas of
“move” moves a vertex from one partition to another, if balance the search space. These observations suggest that a hybrid algo-
constraints are not violated. Moves are chosen using criteria sim- rithm might be able to exploit the strengths of both.
ilar to WalkSAT: with probabilityp, a vertex is picked at random, The hybrid approach alternates runs of FMPart (the FM imple-
and with probability 1- p, a vertex is chosen to minimize some mentation available in [2]) and WalkPart. It is known that FMPart
cost function. The selected vertex is then moved to the other par- reduces the net cut greatly in the first few passes, and then spends
tition (if balance constraints allow). After a move, the costs of time performing more passes for relatively small improvements.
vertices adjacent to the moved vertex will change, and these areThe hybrid algorithm starts by performing one or more passes of
updated. FMPart, and then performs moves of WalkPart to improve FM-

The move selection procedure is explained in more detail as Part's solution. Control then switches back to FMPart, and so on.
follows. A net from among the cut nets is chosen at random. With A combined FMPart-WalkPart pass constitutes one pass of the hy-
probability p, a vertex is chosen from that net at random, and with brid algorithm. A preset number of hybrid passes are run before
probability 1— p, the vertex that minimizes the cost function under the algorithm terminates. The use of a WalkSAT-like randomized
the decision heuristic in use is chosen from the net. If a chosen component makes it difficult to find obvious convergence criteria.
move is illegal, the selection process is repeated until a legal move We hope to address this issue in future works. In practice, we

is found. observe that the tendency of FM to converge rapidly causes con-
Due to space constraints, we describe only the decision heuris-siderable reductions in net cut in a fairly small number of passes.

tic that performed best on the benchmarks in this papemdne This can be seen from our results in Section 5. Many stochastic

malized node score heuristic local search approaches use such preset limits because of the un-

Normalized Score Heuristic: The FM heuristic is concerned  predictable nature of the search.
with the “gain” of a node, determined by the number of nets that 5 Results
can be “cut” or “uncut” by moving the node. Therefore, it only
considers “critical” nets that can be cut or uncut in a single move.
It is mentioned in [4] that a more thorough measure would also
estimate the effort required to uncut the net. We propose a new

measure, the “score” of a node, defined as the number of MOVESirate the utility of the hybrid technique. The benchmarks used

required to uncut the net if the node in question was moved. In o o
prgctice scores are normalized to avoidqbias due to net sizes. We?® standard IBM circuit partitioning benchmarks [1]. Although

In this section, we discuss the empirical performance of our al-
gorithms. We cannot include the results of all our experiments
with different tuning and parameter settings due to limited space.
We present results of two relatively simple experiments that illus-
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Table 2: Results for 10 passes of our Hybrid Algorithm. At each pass, two passes
of FM are followed by 50K moves of WalkPart.
Benchmark| Nodes| Nets WalkPart FMPart Hybrid Cut | Time
Name Moves [ Time Cut Time Cut Time Cut Ratio | Ratio
ibm01+10 | 12752 | 14111 2M 9.16 | 610.67 | 1.54 | 477.00 | 1.42 | 391.66 | 0.82 | 0.92
ibm01+4 12752 | 14111 | 500K 2.56 | 506.00 | 1.39 | 464.33 | 1.53 | 439.67 | 0.94 11
ibm02+10 | 19601 | 19584 | 500K | 3.61 | 329.67 | 2.15 | 402.00 1.9 306.33 | 0.76 | 0.88
ibm02+4 19601 | 19584 | 500K 3.61 | 654.33 | 2.14 | 386.00 2.0 344.67 | 0.89 | 0.93
ibm03+10 | 23136 | 27401 2M 14.15| 1603.33| 3.84 | 1487.67| 2.62 | 1244.33| 0.83 | 0.68
ibm03+4 23136 | 27401 | 500K | 3.84 | 1175.00| 3.14 | 2488.00| 3.25 | 1351.33| 0.54 | 1.03
ibm04+10 | 27507 | 31970 | 500K | 4.50 | 1589.00| 5.30 | 718.67 29 1131.33| 1.57 | 0.54
ibm04+4 27507 | 31970 2M 14.94| 2121.00| 3.52 | 2505.00| 2.76 1071 0.42 | 0.78
ibm05+10 | 29347 | 28446 2M 17.34 | 4804.67| 9.54 | 2793.33| 7.6 2612.33| 0.93 | 0.79
ibm06+10 | 32498 | 34826 2M 12.73| 750.00 | 5.63 | 1683.00| 4.1 1160.33| 0.68 | 0.72
ibm07+10 | 45926 | 48117 | 2M 18.07 | 2483.33| 9.63 | 1347.33| 9.3 1687 1.25 | 0.96
ibm08+10 | 51309 | 50513 | 2M 24.92 | 1902.67| 11.76 | 3076.00| 10.1 | 1501.33| 0.48 | 0.85
ibm09+10 | 53395 | 60902 2M 19.60 | 2069.00| 14.38 | 1936.00| 11.98 | 1676.33| 0.86 | 0.83
ibm10+10 | 69429 | 75196 | 2M 19.79 | 3414.67 | 15.36 | 2200.33| 21.33 | 1520.66| 0.69 | 1.38
ibm11+10 | 70558 | 81454 2M 21.61 | 2433.33| 19.78 | 4203.33| 26.67 | 4072.33| 0.96 | 1.34
ibm12+10 | 71076 | 77240 2M 22.99 | 3803.67| 23.03 | 4200.67| 30.01 3781 0.90 | 1.30
Average 0.84 | 0.93

the benchmarks are chosen from the VLSI domain, all the algo- tial run of FMPart. This experiment also uses 10 hybrid passes.
rithms discussed here are general and can be used on instanceBach pass consists of 2 passes of FMPart followed by 50,000
from any application. In the experiments, WalkPart uses the nor- moves of WalkPart. Results for this experiment are in Table 3.

malized score heuristic, and randomness quoteat0.1. 2 We It is clear that the second hybrid configuration is competitive
use the FM partitioning package by Caldwell et. al., available at with FMPart and WalkPart in terms of runtime, and frequently pro-
[2], for the FM component. WalkPart is written in C++. duces better solutions. Also, while either FMPart or WalkPart may

In the first experiment, we run 10 hybrid passes after first run- achieve lower net cut than the hybrid algorithm, it is very rare that
ning FM once to completion. Each hybrid pass performs 100,000 both of them do so. The hybrid approach is usually close to the
WalkPart moves followed by a single FMPart pass. The solution best solution achieved by either. On average, the second hybrid
after a pass is used as the starting solution for the next pass. Resultsonfiguration improves net cut by 15% and is about 7% faster than
for this experiment are shown in Table 1. FMPart alone.

The hybrid algorithm is compared against FMPart and Walk- ¢ Conclusions and Future Work
Part, run individually. WalkPart uses the normalized score heuris-
tic and p = 0.1, with two different move limits: 500,000 and
2,000,000. Because some moves are picked randomly, increas
ing the move limit does not always produce better solutions. We
show results for the move limit where net cut was lower. For each
benchmark we report average solution quality and runtime over
three independent starts on a 1.2 GHz AMD Athlon processor with
1-2GB, running Linux.

In the table, columns 1-3 describe benchmark statistics. The
benchmarks are naméoim no+t%, whereibm indicates an IBM
benchmarkno is the serial numbet, indicates the balance con-
straint. Tolerances specify the maximum legal disparity between
subset weights as a percentage of total vertex weight. The next
three columns give WalkPart’s number of moves, runtime and re-
sulting net cut. The next four columns show runtimes and net cuts
for FM and the hybrid algorithm. The lowest net cut out of the 3
algorithms is boldfaced. The last two columns show the ratio of
net cut and runtime of the hybrid algorithm to net cut and runtime
of FMPart. Averages are shown at the bottom.

We observe that the hybrid algorithm achieves smaller cuts
than both FMPart and WalkPart on most benchmarks. This is to References
be expected, since hybrid passes are run on a solution produced by [1] C.J. Alpert, “The ISPD98 Circuit Benchmark SuiteProc. ISPD

In this work, we introduce our “crossover” hypergraph partitioning
algorithm, WalkPart. We combine WalkPart with the well-known
Fiduccia-Mattheyses (FM) heuristic for hypergraph partitioning to
produce a hybrid heuristic that draws on the strengths of both tech-
nigues. We achieve substantial improvement over FMPart with a
very simple approach that requires almost no tuning.

Our first experiment shows that net cuts achieved by FM, a
widely used algorithm for this application, can be significantly im-
proved (by 30%), albeit with a runtime cost. However, our second
experiment reduces net cuts by an average of 15%, and runtime by
7% over FM. Our results show that combining these two heuris-
tics results in a search procedure that is more powerful than either
heuristic used alone. Strong empirical results for the proposed hy-
brid algorithm motivate further research. We are incorporating our
flat partitioning algorithms into the multilevel framework [4, 2] and
plan to make it available for use in CAD tools. We are also continu-
ing our investigation of effective search procedures for partitioning
and looking for new techniques that can be hybridized with exist-
ing ones.

FMPart. Nevertheless, we can make some important observations. 1997 pp. 80-85

First, FMPart frequently converges when a much better solution [2] A. E.  cCaldwell, A. B. Kahng and 1. L.
is achievable. Second, it is possible to achieve a better solution Markov, UCLA  Physical Design  Tools  Release:
by introducing a randomized component with a different decision http://nexus6.cs.ucla.edu/software/PDtools/tar.gz/

heuristic (normalized score). WalkPart can be used to lead FMPart [3] C. M. Fiduccia and R. M. Mattheyses, *A linear time heuristic for
out of local minima by performing random moves, after which FM- '(r:r(‘)%rfoe‘;g‘r?czftg"g%’kp%a’f;'gfigamc' ACM/IEEE Design Automation
Part can be run again to find a better solution. However, this exper- [4] G. Karypis, R. Aggarwal, V. Kumar, and S. Shekhar, “Multilevel
iment has a runtime cost. On average, this strategy improves run Hypergraph Partitioning: Applications in VLSI Designiiy Proc.
time by 30% over FMPart, but is 1.7 times slower. ACM/IEEE Design Automation Conferend€97, pp. 526-529.
Our second experiment improves runtime by avoiding the ini- [5] B. Selman, H. Kautz, and B. Cohen, “Noise strategies for improving

local search” AAAI ‘94, pp. 337-343.

2Parameter settings were not chosen arbitrarily. After testing, we chose the values [6] J. P. Walser, “Solving Linear Pseudo-Boolean Constraint Problems
that gave best overall performance. with Local Search” AAAI '97.
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Abstract

We present a new method for image retrieval by
shape similarity able to deal with real images
with not uniform background and possible touch-
ing/occluding objects. First of all we perform a
sketch-driven segmentation of the scene by means
of a Deformation Tolerant version of the General-
ized Hough Transform (DTGHT). Using the DT-
GHT we select in the image some candidate seg-
ments to be matched with the user sketch. The
candidate segments are then matched with the
sketch checking the consistency of the correspond-
ing shapes.

1 Motivations and Goals

In this paper we present a new method for Content Based
Image Retrieval (CBIR) based on the analysis of the ob-
ject shapes. In [Anelli et al., 2002] we have proposed a
CBIR technique based on a Deformation Tolerant version of
the well-known Generalized Hough Transform (DTGHT). In
this paper we start from that work and we go further with
the objective to augment the system precision. We intro-
duce some segmentation rules corresponding to Gestalt prin-
ciples (see, for example, [Ullman, 1996] and [Koffka, 1935])
exploiting the continuity properties of the edge segments
and a more accurate matching method which compares the
searched shape with the image lines. We have obtained an
acceptance/rejection rule able to classify a data base image as
relevant or not relevant with respect to the user’s query.

The novelties of our approach with respect to similar sys-
tems is its capability to deal with every kind of real images,
without caring of light conditions, with not uniform back-
grounds and possible occluding objects.

2 Pre-Processing and Sketch Localization

Each image of the system data base is off-line pre-processed
in order to extract an edge map and to reduce the noise. We
perform a standard edge extraction and thinning process using
the Canny edge detector with Sobel 3 x 3 masks [Shapiro and
Stockman, 2001]. After this standard pre-processing, we use
two salience filters to erase those thick textured areas which
deteriorate the retrieval process (for details, see [Anelli et al.,
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2002]). From now on we call I the image’s edge map after
these pre-processing phases.

We are now interested in merging the pixels in I with
their neighbors in order to build line segments. We de-
fine a segment s as an ordered list of points belonging to I:
s =< p1,pa,...pn, > Suchthateachp; (i = 1,...,n) is adja-
centto p; 1 and p;41 in a 8-connected interpretation of pixel
adjacency. Moreover, p; and p,, (the segment end-points)
can alternatively be such that: (1) they have only one adja-
cent point; or (2) they are a junction with another segment, i.
e., they have more than 2 adjacent points. All the other points
pi (1 = 2,...,ns—1) have exactly 2 adjacent points. This seg-
mentation process is performed because pixels that are part of
the same continuous segment are more likely to belong to the
same object.

On-line, the system accepts a user drawn query represent-
ing the shape she/he is interested to find in the data base. The
sketch S is processed in order to extract the R-Table 7 [Bal-
lard, 1981]. We use the following algorithm:

Sketch Representation Construction(S)

1 Compute the centroid p, of S.

2 For each point py, (k = 1,...,m) of S,set:
T[k] ‘= Dr — Dk

where m = |\S| (m is the cardinality of .S).

Once the R-Table is computed, we compare such sketch
representation with the previously processed data base im-
ages with the aim to localize a region in each image which
maximizes the likelihood of the presence of a shape similar to
the sketch. This phase is important because we do not man-
ually select in the images the interesting objects from their
background like the most working CBIR systems presently
do. We adopt a Deformation Tolerant version of the General-
ized Hough Transform (DTGHT) [Anelli et al., 2002].

The main difference with the Generalized Hough Trans-
form (GHT)[Ballard, 1981] concerns the voting phase. Here
we increment all those accumulator’s positions belonging to
a bi-dimensional squared range centered in p,. (called the vot-
ing window W (p,.)), for each edge point p of I and each vec-
torv = p, — pin T. This is efficiently achieved using a
dynamic programming technique and splitting the voting pro-
cess in two sequential phases: the exact voting phase and the
spreading phase (for details, see [Anelli et al., 2002]). If M
is the point with the highest score in the final Hough accu-
mulator (A) after the spreading phase, then we take it as the
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most likely position for the center of mass of a possible shape
similar to S in I. In other words, if such a shape exists in I,
M is its most likely centroid. Experimental results presented
in [Anelli et al., 2002] confirm this assumption. Neverthe-
less, differently from the original GHT, in which the score of
the accumulator in its maximum is equivalent to the number
of points of S in I, with a DTGHT approach, due to the aug-
mented voting area, it is sometimes possible that a thick and
random distribution of points and segments in I can produce
a high value A[M] not corresponding to a shape really simi-
lar to S. In order to reject such cases, in the next section we
perform some tests on the segments distribution around M .

3 Verification Phase

In the following we assume that A is the point in I found as
described in Section 2, m = |.S| and W is the voting window.
The aim of the verification phase we are going to explain in
this section is to verify if the disposition of the segments in
1 around M is really perceptually similar to the S’ shape. In
order to avoid false positives, first of all we check the por-
tion of S which can be matched with segments in 1. This is
intuitively done by projecting S on I (let us call S’ such pro-
jection, with M its centroid), looking for segments on I in the
the neighborhood of S’ and marking the portion of S justified
by these segments. Furthermore, we need to take into account
inhibitory segments intersecting the neighborhood of .S’ but
not really following the shape S. In the following we give the
operational definitions for justifying and inhibitory segments.
A point p belonging to I is called a valid point if:

Fi e [L,m]:p+T[i) € W(M)A|bi(p) = ¢s(i)| <, (1)

where « is a suitable threshold and ¢;(p), ¢s(i) are, respec-
tively, the edge orientation of the point p in I and the edge
orientation of the i-th point of S. We call 7 a valid hypothesis
for p. A segment s; is a justifying segment if:

Vil > kalsil, )

where k; is a fixed threshold (presently k&, = 0.7) and V; is
the set of all the valid points of the segment s;. Let J be the
subset of I’s segments which are justyfing segments.

Finally, a segment s; is called an inhibitory segment if s;
is not a justifying segment and:

kslsi| > [Fi| > kalsil, 3)

where k3 and k- are two fixed thresholds (presently &k, = 0.2,
ks = 0.4) and F; is the set of all the points p in s; which
satisfy:

Jie[l,m]:p+T[i] € W(M). 4)
Let H be the subset of all the inhibitory segments of I. The
verification test is given by the logical and of the justification
test and the inhibitory test.

Justification Test(J)

1 For k € [1,m], set the local boolean vector B[k] := false.
2 For each s; € J do:

3  Foreach pointp € V; do:

4 For each valid hypothesis k, set B[k] := true.

5 Return:= [{ B[k] : B[k] = true}| > kam
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Table 1: Precision and recall scores for the three users. The
columns show, for each user, the precision and recall values
obtained for each query type.

Query User 1 User 2 User 3 Average
Car 094 | 0.65 | 0.81 1 091 | 081 | 0.88 | 0.82
Pistol 1 070 | 093 | 0.70 | 0.86 | 0.60 | 0.93 | 0.74
Racket | 090 | 050 | 0.73 | 0.85 1 095 | 0.86 | 0.76
Watch | 0.28 | 0.10 | 066 | 0.30 | 0.75 | 0.15 | 0.54 | 0.18
Bottle | 0.60 | 045 | 0.75 | 0.60 | 0.93 | 0.7 | 0.76 | 0.58
Guitar { 093 | 0.75 | 094 | 0.80 | 0.66 | 0.50 | 0.85 | 0.68

In the above algorithm k4 is a threshold, currently fixed to
0.7. We check in this way that at least a portion k4 of S is
present in I in the right position with respect to M.

Finally, the following is the inhibitory test:

Inhibitory Test(H,J) := X, cm|si| < Xs,elsi]-

4 Experimental Results

We have tested our method with a data base composed of 283
images randomly taken from the Web. They show a great va-
riety of subjects: 26 cars, 22 horses, 20 guitars, 20 pistols, 20
tennis rackets, 20 saxophones, 20 bottles, 20 watches, 15 cru-
cifixes, 10 vases. Moreover, the data base contains different
other subjects such as: animals, faces, landscapes, airplanes,
boats, fruits, mushrooms, cups and so on.

No simplifying assumption has been done about images:
they usually have not uniform backgrounds and often the re-
trieved objects are occluded by other objects. No manual seg-
mentation has been performed on the images.

We paid attention to choose as users people not aware of
the data base images’ shapes. Indeed, only one of the three
users in Table 1 has had the possibility to observe the reposi-
tory images before his drawings (User 3). Each user has per-
formed six queries. The drawn subjects are: a car, a pistol, a
tennis racket, a watch, a bottle and a guitar. We report our re-
sults in Table 1. Average precision and recall for all the three
users and all the queries are, respectively: 0.80 and 0.62.
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Abstract

Pervasive robotics will require, in a near future,
small, light and cheap robots that exhibit complex
behaviors. These demands led to the devel opment
of the M2-M4 Macaco project - arobotic active vi-
sion head. Macaco is a portable system, capable
of emulating the head of different creatures both
aesthetically and functionally. It integrates mech-
anisms for social interactions, autonomous naviga-
tion and object analysis.

1 Motivation

One approach of Al isthe development of robots whose em-
bodiment and situatedness in the world evoke behaviors that
obviate constant human supervision [Brooks, 1999]. With
this in mind, we developed the M2-M4 Macaco project,
which is described in this paper. M2-M4 Macaco is arobotic
active, modular and compact system. This creature was de-
signed to fi tdifferent mobile robot platforms or act as a stand-
alone system. Another design goal was the portability of both
the mechanical and electronic devices and its brain. Macaco
characteristics make it a portable, fully operational robotic
head whenever not assembled to a mobile platform, able to
act asasocia agent. A simple communications interface en-
ables operation onboard mobile platforms, turning the robot
into an autonomous, sociable machine.

Research robots are enclosed most of the time at lab facil-
ities in which they are developed, most often operating just
for demonstration goals. We expect in a near future to have
both the robotic head and its brain physically present at ex-
hibitions/seminars, interacting socialy. This new approach
with complex, portable research robots will lead to commer-
cial applications and increasing synergy among roboticists.
Eventually, pervasive robotics - robots present everywhere to
perform avariety of tasks - will be possible as smaller, lighter
and cheaper robots become available.

1.1 TheRobotic creature

This robotic mechanism was designed to resemble a biolog-
ical creature, exploiting several features of an evolutionary
design, but adding others (such as a thermal camera for hu-
man detection and night vision) for improved performance.
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Figure 1: (Left) The M4 Macaco robot, designed to resemble a
dog's head. (Right) The M4-Macaco robotic head and processing
hardware assembled to a Magellan mobile platform.

Figure 2: (Left) M2-Macaco, a biological inspired robotic head,
designed to resemble a chimpanzee head. (Right) M2 robotic body
built by the MIT LegLab.

The replacement of a few M2-M4 Macaco's aesthetic com-
ponents allows for the metamorphosis of a dog-like (M4 -
see Figure 1) into a chimpanzee-like (M2 - see Figure 2)
robot. The weight of the head, including motors, gears and
gyro, is~ 1.6 K g. The hardware consists of nine small CPU
boards with Pentium 111 at 800MHz, all modules connected
by an Ethernet network. Four cameras and a total of nine
framegrabbers are used for video acquisition.

2 Implementation

Security is one possible operational scenario for this ac-
tive head. For this class of applications, Macaco robot was
equipped with a behavioral system capable of searching for
people or faces, and to further recognize them. In addition,
human gaze direction might reveal security threats, and thus
a head gaze detection algorithm was developed. Probable tar-
gets for such gazings are other people and mostly important,
explosives and/or guns. Therefore, salient objects situated in
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the world are processed for 3D information extraction and
texture/color analysis. Current work is also underway for ob-
ject and scene recognition from contextual cues.

Another scenario includes search and rescue missions by
a mobile robot, which requires additional navigation capa-
bilities in rough terrain. Finally, real world applications are
often characterized by strong light variations or the absence
of light. This is taken into account through thermal image
processing for people detection and for night navigation.

2.1 Visual Pre-Attentive System

Although the real world does not avail precise or singularly
adequate perceptual information, unique interpretations of
the world can be constructed using an attentional mechanism.
A logpolar attentional system was developed to select rele-
vant information from the cameras output, and to combine it
in asaliency map (see Figure 3). This map is segmented into
three regions of stimuli saliency - the attentional focus.

A Z iR

Figure 3: The basic feature maps (Color Processing, Skin Detec-
tion, Optical Flow and Edge Detection) are weighted and summed,
yielding the saliency map. The focus of attention is obtained from
segmenting this map.

Macaco's robotic eyes are equipped with a set of basic
movements made by frontal eyed, foveal animals. Ballistic
movements are executed without visual feedback; Vergence
to atarget is maintained by adisparity signal from stereo im-
ages, and Vestibulo-ocular-refex (VOR) stabilizes the cam-
eras using data from the inertial sensor.

2.2 Post-Attentional Vision

The brain for the M2-M4 Macaco robotic head consists of
a fexible, modular and highly interconnected architecture
that integrates social interaction, object analysis and func-
tional navigation modules, as shown in Figure 4 - the post-
attentional modules are described in detail in [Arsenio, 2003],

e Object Analysis. Texture and Color Segmentation algo-
rithmsrunin parallel, and are integrated with 3D object
reconstruction to obtain a rendered object model.

e Social Mechanisms: For the robot to achieve a convinc-
ing socia role, the vision system is equipped with face
detection and recognition modules, together with an al-
gorithm for the detection of human gaze direction.

e Navigation: Although 3D information is lost with low
visibility, the platform is still able to operate thanks to
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a thermal camera. A navigation algorithm based on
monocular cues runs at frame-rate, for night navigation.

2.3 Architecture

The software architecture includes, besides the Visual At-
tention system, releasers from body sensors and motiva-
tional drives that modulate attentional gains. Action is de-
termined by competing behaviors, which also share resources
to achieve multi-behavior tasking.
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Figure 5: M2-M4 Macaco software architecture.

3 Conclusions

We presented the project of a portable robotic head, mod-
ular at the mechanical, hardware and software levels. Al-
though equipped with a complex cognitive system, its small
weight and compact size allowsit to beincorporated into mul-
tiple mobile platforms, and also to be used as a portable au-
tonomous sociable robotic creature.
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1 Introduction

Due to recent advancesin robot hardware, there is a
greatdemandfor vision-basedobot localisationtechniques
[DeSouzandKak, 2004. We presenta probabilistic sen-
sormodelfor camera-posestimationin hallwaysandother
known structurecervironments Givena 3D geometricamap
of the ernvironment, we want to find an approximatemea-
sureof the probability that a given cameraimagehasbeen
obtainedat a certainplacein the robot's operatingerviron-
ment. Our sensomodelis basedon featurematchingtech-
niquesthat are simpler than state-of-the-arphotogrammet-
ric approachesThis allows the modelto be usedin proba-
bilistic robot localisationmethods,suchas Monte Carlo lo-
calisation(MCL) [Dellaertet al., 1999. We have combined
photogrammetridechniquedor featureprojectionwith the
flexibility androbustnes®f MCL. Moreover, our approachs
sufficiently fastto allow for sensorfusion. Thatis, by using
distancemeasurementBom sonarsandlaserin additionto
the visual input, we may be ableto improve localisationac-
curagy. We have usedoursensomodelwith MCL to trackthe
positionof a Pioneer2 robot navigatingin a hallway. Possi-
bly, ourapproacttanbeusedalsofor localisationin cluttered
ernvironmentsandfor shape-basedbjectdetection.

In the next section,we briefly describehe component®f
the visual-sensomodel. We concludewith a discussionof
experimentakesults.

2 Sensor Model

A visual-sensomodeldescribeghe probability of obtaining
a particularcameramagegiventhe cameras poseanda ge-
ometricalmap of the ervironment. Ratherthan comparing
cameraimage and the expectedview at the pixel level, we
gainedimproved robustnesausing image features. We de-
cidedto useline sggmentshecausehey canbedetectedcom-
paratvely reliably under changingillumination conditions.
As world model,we useawire-framemodelof the operating
ervironment,representeéh VRML. Theindividual process-
ing stepsaredepictedn Figurel.

Representation. Eachstraight-linefeatureis represented
as a single point (p, 6) in the 2D Hough spacegiven by
p = xcosf + ysinf, whereend-pointsare neglected. In
this representatiortruncatedor split lines have similar coor
dinates.
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Figurel: Processingtepsof thevisual-sensomodel.

Similarity measures. The correspondencef imageand
modelfeaturess evaluatedby a similarity measureln gen-
eral, sucha measuremay take into accountthe differences
in orientationbetweencorrespondindine segmentsin im-
ageandmodel,or their distanceanddifferencein length. In
thefollowing, we presentwo simpleandefficient similarity
measuresThefirstis solelybasednthedistanceof line seg-
mentsin theHoughspace We consideonly thoseimagefea-
turesaspossiblematcheghatlie within arectangulacell in
the Hough spacecentredat the modelfeature. The matches
are countedandthe resultingsumis normalised. The map-
ping from the expectation(model features)to the measure-
ment(imagefeatures)accountgor the factthatthe measure
shouldbe invariant with respectto objectsnot modelledin
the provided mapor unexpectedchangesn the operatingen-
vironment. Invarianceof the numberof visible featuresis
obtainedby normalisation. Specifically this centred match
count (CMC) measursscyic is definedas:

some = (U [HoD) #25 min (1 #27 m(he, b))
m(a,b) = |pa—pp] <tp A|0a — O]l <t

wherethe predicatem definesa valid matchusingthe dis-
tanceparameterst,,, ty) andthe operator# countsthe num-
ber of matches.Generallyspeakingthis similarity measure
computesthe proportion of expectedmodel Hough points
he,€H. thatare confirmedby at leastone measuredmage
Houghpointh,,,; € H,, falling within tolerance(t,, t5). Note
that neitherendpointcoordinatesior lengthsare considered
here. The secondmeasurds basedon a comparisorof the
total length valuesof groupsof lines, which we namegrid
length match (GLM). Split lines in the image are grouped
togetherusinga uniform discretisatiorof the Houghspace.
This methodis similar to the Hough transformfor straight
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Figure2: Performancef CMC onatrtificially createdmages.

lines. Thesamds performedor line segmentsobtainedrom
the 3D model. Again, the mappingis directional,i.e., the
world modelis usedasreferencejn orderto obtaininvari-
anceof noise,clutter, anddynamicobjects.

Obtaining probabilities. Ideally, we want a monotoni-
cally decreasingimilarity measurastheposeestimateof the
hypothesisdepartsfrom the actualcamerapose. By averag-
ing over a large numberof different,independensituations,
anabstractiorfrom specificposesand ernvironmentalcondi-
tionsis gained.To obtaincommensurablealues we express
the modelin termsof relative robot coordinatesnsteadof
absoluteworld coordinates.The probability returnedby the
visual-sensomodelis obtainedfrom the similarity value by
normalisatiorwithin therangeof the posedeviation.

3 Experimental Results

We have evaluatedthe proposedsensomodelandsimilarity
measuref aseriesof experiments.

Using artificially generated images. First, we simulated
the featureextraction stepsfrom realimagesby duplicating
the right-handbranchof Figure 1. By introducinga pose
deviation Al systematicallywe investigatedits influenceon
the similarity values.For visualisationpurposes/Ax and Ay
werecombinednto a spatialdeviation At. For themeasures
CMC andGLM, over 15 million randomcamergposesvere
coupledwith arandomposedeviation. As shavn in Figure2,
the simulationof CMC shaws a unique, distinctive peakat
zerodeviation with monotonicallydecreasingimilarity val-
uesasthedeviationincreaseskFor GLM, we obtaineda peak
thatis considerablymore distinctve. This conformsto our
expectationsincetakingthelengthof imageandmodellines
into accountpenalisesncidentalfalsematches.

Toward more realistic conditions. In orderto learnthe
effect of distortedandnoisyimagedataon our sensomodel,
we repeatedhe experimentsabove but applieddistortionsto
the syntheticallygeneratedeaturesbeforematching.Theer-
ror modelcomprisedandomsplitting, duplicationandshift-
ing, andadditionof linesyieldingtypical, noisyfeaturemaps.
Theresultsobtainedfor the two measureslid not differ sig-
nificantly from thefirst setof experiments.

Using real images from the hallway. As the resultsob-
tainedin simulation might be questionablewith respectto
real-world conditions,we conductedanotherset of experi-
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mentsusing real images. We gatheredimageswith a Pio-
neer2 robotin the hallway off-line andrecordedheline fea-
tures. More than3200imagesweretaken from 64 different
(z,y) locations. Likewise asabove, the sensormodelwas
computedfor pairs of poses. Resultsreferringto the same
discretizedposedeviation wereaveraged.The resultof em-
ploying the GLM measuras givenin Figure3. Again, GLM
yieldedaremoredistinctive peakcomparedo the curve ob-
tainedusingCMC.

Application to Monte Carlo localisation. Thegenericn-
terfaceof the sensomodelallowsit to be usedin thecorrec-
tion stepof Bayesianocalisationmethodsfor example,the
standardversionof the MCL algorithm. In this experiment,
therobothadto follow a pre-programmedoutein the shape
of adoubleloop in the corridor. Onits way, it hadto stopat
pre-definedpositions,turn to a nearbycorneror openview,
take animage,turnbackandproceed Uponeachimagecap-
ture,theweightsof all sampleaverecomputedaccordinghe
visual-sensomodelusingCMC. The preliminaryresultsare
very promising.Thebesthypothesifor therobot's posewas
approximatelyat the correctposemostof the time. We no-
ticedthatrotationalerrorhasastronginfluenceonthedegree
of coincidentalfeaturepairs. This effect correspondso the
resultsabove, wherethe figuresexhibit a muchhighergradi-
entalongthe axis of rotationaldeviation than alongthat of
translationadeviation. This finding canbe explainedby the
effect of motion on featuresn the Houghspace.Hence,the
strengthof our model lays at detectingrotationaldisagree-
ment. This property makes it especiallysuitablefor two-
wheeldriven robotslike our Pioneerbearinga much higher
rotationalodometryerrorthantranslationakrror.
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Improving Speech Recognition on a Mobile Robot Platform through the use of
Top-Down Visual Queues

Robert J. Ross, R.P.S. O’'Donoghue and G.M.P. O’'Hare

Abstract ence. On a practical level the simplistic use of hand-held
or head-mounted microphones can dramatically improve per-
. . : formance. Another approach uses dialog systems based
Speech Recogpnition (ASR) technologies failto pro- o finjte state grammaFr)pmodeIs or frame gystgms to antic-
vide adequate performance. for apphcat.lons S.UCh as ipate user utterances from dialog construdfstsui, 1999;
human robot dialog. Despite substantial evidence  gigcnoff 2001. Although these approaches do offer a sub-
that speech recognition in humans is performed in - gia ytia| improvement on a purely black-box approach to ASR,
a top-down as well as bottom-up manner, ASR sys- they impose tight constraints on the usability and flexibility of
tems typically fail to ca_1p|tal|ze on this, instead rely- the system as a whole.
Il?lgtl’?il; ?)g; é?I\),/\,Ztggf,g%?{eb?;éo?SgpoT:tES c()jv(\)/:ggée N_aturally the partial failure of ASR technology in a noisy
based approach to improving ASR in domains such environment doe; not only pose problems for the mobile
as mobile robotics. A simple implementation is robo'uc's.commumty. Problems with mono—modal speech
presented, which uses the visual recognition of ob-  '€cognition systems have been recognized for many years,
jects in a robot's environment to increase the prob- ~ 2nd many attempts have been made to improve recogni-
ability that words and sentences related to these ob- 110N guality through the use of low-level visual information.
jects will be recognized. In [Chibelushiet al., 20_02 Chibelushi, Deravi and Mason
present a comprehensive review of these approaches. Algo-
rithms providing sources of visual information center mostly
1 Motivation & Proposal on those which perform lip-reading or the analysis of facial

Through the mapping of an acoustic signal to a string ofdesture. Tht_a technlqugs discussed in the review paper can
words ASR systems are a key tool in the control of mobileP€ characterized as being low-level or data driven in nature,
devices such as robots and PDAs, particularly in cases wheith @ division being drawn on whether information should
manual control is not appropriate or feasible. However deP€ combined before integration into a model, or whether two
spite the substantial improvements in ASR reliability which Separate low-level models should first be formed before a
have been made in the last ten years, results can still be vefgneral abstraction is made.
poor in noisy environments. Most ASR systems are built The trend towards integrating low level visual and audio
around a statistical, data driven architecture which fails tdnformation reflects clear evidence of this phenonimon in hu-
capitalize on sources of information other than the input aumans. The McGurk effect is perhaps the best known example
dio signal and static vocabulary. Many hybrid architecturesof this, where the audio presentation of the sound 'BA" along
utilizing lip-reading algorithms have emerged in recent yeargvith the visual lip movements of the sound 'GA' typically
[Chibelushiet al, 2004, but these are dependent on a userresults in a listener perceiving the sound 'OMcGurk and
directly facing a communication interface. MacDonald, 1976 However there is also a growing body
ASR is becoming an increasingly more important tool in Of evidence that indicates that humans use high level context
the development of service and mobile robots. This can genand semantic effects to improve our speech recognition per-
erally be accredited to the ease of use a natural language ifermance[Tanenhaugt al, 1995; Simpson, 1994 Further
terface should bring to human-machine interactions. Howmore it is commonly observed that in conversation we will
ever in practice the speech recognition systems available fa@iften reference particular themes, and discuss objects in his
to produce sufficient accuracy for natural interactions. Thes@r her local environment.
failings result from a wide range of environmental distortions Inspired by this evidence of context and high level seman-
and noise, including a) interference from the robot’s drivetic priming of speech recognition in humans, we propose the
systems, b) reverberations c) multiple user interference (thenprovement of ASR systems on mobile robots through the
so-called cocktail party effect). use of a top down context priming model, rather than relying
Users of ASR in the robotics community have generallyon workarounds based on strict dialog systems or user held
taken two approaches to counteracting sources of interfemicrophones. The initial model described below is based on

In many real-world environments, Automatic
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the premise that users commonly discuss objects in their locddnguage TeangiRooney, 2001L The internal design of the
environment. Specifically our model proposes that upon théhree main agent types will now be outlined, followed by a
visual recognition of an object in the environment, the prob-discussion of their typical interactions and usage.

ability of recognition of words associated with that object Low Level Speech Recoanition Agents These adents
should be increased. This is achieved through direct com. " =275 pl * radit 9 | ASR 9 o ¢ 9 Lol
munication between software agents responsible for visugl0™< &t the level of traditiona systems to convert au
processing and speech recognition. Although such a mod io signal from the outside world to simple strings of text or

is simplistic it acts as a stepping stone towards the furtheEl'J?lzaS;ish '2‘1 ?;lrr]nbee(r)fo; Ig\é"clﬁ\:gcgpﬁﬁi%z ?c?glrllfs h?lii)eolbkietgn
improvement of ASR by context effects. 9 9 P 9 y

employed included both well-known systems like Sphinx and
. ViaVoice, as well as a less popular but potentially more pow-
2 Implementation erful and open hybrid systeni€arson-Berndsen and Walsh,

The research presented here has been conducted as part of 2090.

SAID (Speaking Autonomous Intelligent Devices) Projectin A problem encountered in using the more popular speech
University College DubliffRosset al, 2004. The focus of  recognition toolkits, is that most operate using either a BNF
this project is to examine how the two very different com- grammar of predicted sentences, or in a completely free-form
putational paradigms of speech recognition and autonomougictation mode. A middle ground where the adjustment of
agents can benefit from each other in the production of intelprobabilities on words and sentences was not achieved easily.

ligent speech enabled devices. The model developed here has,; 4| Object Recognition Agent- Each robot has on on

therefore been constructed for a complete mobile robot platy 4.4 color CCD camera. This camera is controlled by low
form, rather than having been implemented as a stand-alongye| software and drivers to provide video footage of the out-
algorithm. side world. A Visual object recognition agent was built which
Although the model presented has been developed for gmioys color segmentation and edge-based feature detection
mobile robot with a vision source, the basic principle is oty qrithms to scan for key objects in the robot's field of view.
hard_—wwed to the mobile robot dpmam. The prlnqlple can t_’eThe visual recognition agent passively scans the environment
applied anywhere where there is a source of high level ingq yre_defined objects such as chairs, colored balls, and large
formation which can be used to dynamically prime a speechygice features. Upon detection of any such object this visual
recognition systems. Specificly the Speech Priming agéNetection agent communicates its observation to any agents

discussed below can be applied on any mobile device whic{ynich have previously requested to be kept informed of its
has access to spatial knowledge of the outside world (whethgy,

: . . . ndings.
acquired through passive visual detection or not).
Speech Recognition Priming Agent The third agent type

2.1 Platform acts as the key filtering mechanism between the visual recog-

Experiments are carried out using a team of Nomaidc Scodfition of objects and the adjustment of word recognition prob-
Il robots, refitted with on-board computers, vision, and soundPilities in the lower-level speech recognition agents.
systems. The control system for the robot is provided through Th€ @gent employs a semantic network type structure to
MARC, an experimental Multi-Agent System based architec-Preduce strings and groups of probable words for recognition
ture [Ross, 200R This architecture like many social robot pased on the priority of identified exter_nal objgcts. Spem—
architectures views individual robots as inteliigent agents idicly; the network has been prepared with details of objects
a social community. However MARC is original in that all €ommonly found in an office environment, along with asso-
aspects of any one robot's control, from high level planningCiated verbs, prepositions and pseudonyms. When informed
and user modeling to low level movement and reactive controfat there is gpackagen the robots proximity, this agent can
are encapsulated through a community of intentional deliperProvide a list of words and phrases which are likely to be spo-
ative agents (SeVooldridge, 200Dfor a good introduction ken in connection with such a package e.g. deliver, box. The
to the theoretical models, arf@ollier, 2001 for details of ~Model can be altered to produce recommendations for varying
a concrete development and runtime environment for thesBeriods and priorities basgd on relatlvg importance of objects
agents.). Although the robot control architecture contains &"d the robots current actions respectively.

large number of diverse agents, discussion here will be lim- A typical usage scenario involves the Speech Recognition
ited to those agents specificly connected with speech recogeriming Agent making an initial request with the Visual Ob-

nition with visual priming. ject Recognizer for reports on any key objects recognized in
the environment. If and when provided with reports of objects
2.2 The Agents in the robots vicinity, the Speech Recognition Priming Agent

The speech recognition and visual priming system consistwill build up a revised list of words which it might expect

of a number of agents which provide a) basic speech recogné& user to utter. The Speech Recognition Priming Agent will
tion, b) passive visual object recognition and c) speech recoghen attempt to inform the speech recognition agent of this
nition priming through the use of a simple semantic modelrevised list. The relevant speech recognition agent can then
Despite the fact that these individual agents are internallghoose to take note of these values in speech recognition, or
highly data driven, coupling between the agents is loose withignore them as it sees fit.

all inter-agent communication via the agent communication Based on the advice from the Speech Priming Agent, the
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formed command. These incorrectly formed commands are J.S.D. Mason. A review of speech-based b.|modal recogni-
typical of slight mispronunciations, or environmental distor-  ton: IEEE Transactions on Multimedia(1):23-37, mar

tions. Badly pronounced utterances range from slight mis- 2002.
pronunciations of nouns and verbs, to the replacement of onCollier, 2001 Rem W. Collier. Agent Factory: A Frame-

word with a different but proper word as with work for hte Engineering of Agent Oriented Applications
Where is the mall PhD thesis, University College Dublin, 2001.

rather than [Herzog and Wazinski, 1994G. Herzog and P. Wazinski.
Where is the ball Visual TRAnslator: linking perceptions and natural lan-

In initial tests the utilization of the context priming model  guage descriptions.Artificial Intelligence Review8(2-
clearly produces more reliable results than those produced 3):175-187, 1994.

when the vision system is disjoint from the speech recognif\atsui, 1999 Toshihiro Matsui. Integrated natural spoken

tion components. dialogue system of jijo-2 mobile robot for office services.
In AAAI/IAAI pages 621-627, 1999.
3 Related Research [McGurk and MacDonald, 1976Harry McGurk and John

The integration of audio and vision is becoming more pop- g@f?ggf;%a geegrllggfsllps and seeing voicedlature

ular in recent years and is being approached from a number

of angles. In addition to the low-level integration of audio [Rooney, 2001 C.F.B. Rooney. A formal syntax & se-
and visual information as discussed eadi@hibelushiet al., mantics for teanga. Technical report, University College
2004, related research on the integration of audio and vi- Dublin, 2001.

sual information includes Deb Roy’s work on the learning of [Rosset al,, 2004 Robert J. Ross, Bryan McEleney, Robert

words from sights and soundRoy, 1999., and the genera- ~ Kelly, Tarek Abu-Amer, Michael Walsh, Julie Carson-
tion of natural language from a visual representaliderzog Berndsen, and Gregory M.P. O'Hare. Speaking au-
and Wazinski, 1994 tonomous intelligent devices. lin Proc. 13th Irish

Conference on Artificial Intelligence & Cognitive Science
4 Initial Conclusions & Future Work (AICS 02) 2002.

iy . [Ross, 200P Robert Ross. Marc - the multi-agent robot con-
Although speech- recognition systems can often produpe N> trol architecture. Technical Report, Oct 2002.
accurate results in real-world environments, accuracy in th ) )
mobile robot domain can be improved through a knowledgdR0Y: 1999 Deb Kumar Roy. Learning Words from Sights
based priming of speech systems. The model presented here@nd Sounds: A Computational ModePhD thesis, MIT,
was based on the premise that users often discuss objects in 1999.
their local environment. Through the visual recognition of[Simpson, 1994 Greg B. Simpson. Context and the process-
objects ASR systems were 'primed’ for specific topics of con-  ing of ambiguous words. Iklandbook of Psycholinguis-
versation. Such a technique is novel and should be contrasted tics, chapter 10, pages 359-374. Academic Press, 1994.

with low level bi-modal speech recognition systems. [Tanenhaust al, 1999 M.K. Tanenhaus, M.J. Spivey-
Although the model presented here is simple, the principle  knowiton, K.M. Eberhard, and J.E. Sedivy. Integration of

of using high level data sources to improve ASR performance yisyal and linguistic information in spoken language com-
can easily be extended to other data sources and platforms. prehensionScience268:1632-1634, 1995.

Taking advantage of user and task domain modeling is an OtﬁNooldridge 200D Michael Wooldridge. Reasoning about

vious next step. With this in mind, immediate future work ; ) X
includes the expansion of the semantic model, and the addi- Eggg”al AgentsThe MIT Press: Cambridge, MA, USA,

tion of general task domains.
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Comparing image-based localization methods

Robert Sim and Gregory Dudek
Centre for Intelligent Machines, McGill University
{simra,dudek}@cim.mcgill.ca

Abstract a position estimate more accurate than the density of training
) ) data, using either global image featurB¥dyaret al., 1994;
This paper compares alternative approaches to pose  poyrraz and Crowley, 1999or sets of local image features

estimatior_1 using visual cues from_the environr_nent. ([Sim and Dudek, 20d]. In this paper we compare the per-
We examine approaches that derive pose estimates  formance of some of these alternatives..

from global image properties, such asincipal
components analysi®CA) versus from local im- 3 Localization Methods

age properties, commonly referred tdasdmarks
We also consider the failure-modes of the different Framework We assume the same framework for all of the

methods. Our work is validated with experimental methods presented below. First, a set of training images has
results. been collected from known poses in the environment. A
model, or models, are constructed by building an interpolant
over the set of training poses. We employ bilinear interpola-
1 Introduction tion of the observation space over the Delaunay triangulation

A considerable amount of research has been conducted &rﬁ the pose space. The cost of constru_cting Fhe triangulation
the problem of using vision to localize a robot in a known and any other preprocessing of the training images (such as

environment. Two basic approaches have emerged; the firgta\;:\ll(r']ng features) 'f refterred foas abféhne CbOStI)'I't distributi
correlates global properties of the image, such as a principal €n a pose estimate IS required, a probabiiity distribution

components subspace projection; whereas the second Conla_computed using a multl-resolunon_ grld-b_a_lsed dlscre_tlza-
lates a set of local properties, or landmarks. Each approac&}%ﬂ of the pose space. At each grid position a predicted
has its own strengths and weaknesses, and is based onits 0 servation Is generatgq a'nd compared V\."th the ac:tual ob-
assumptions about the environment. It is often argued that eervation. The probability is computed using Bayes’ Rule,

cal feature-based representations are more robust to scene %Xpereby, atssunlntngtﬁ unlf%rnglglz.)tr |or,fttrk1]e pg)bablllt'gy of a pose
namics and illumination variation than globally-derived rep- IS proportional to the probabiiity of the observatiogiven

resentations. It is also widely assumed that feature-based a 1€ pose.
proaches require less online computation time than global ap- , p(alz) o« plzlg) - _ ,
proaches. Once a cell with maximal probability is determined, a higher

The goal of this paper is to critically examine a selectionresolution discretization is computed in the neighborhood of
of image-based pose estimation methods and compare thefi@t cell, and the process recurses until a desired level of res-
for their performance under a variety of conditions. We con-0lution is achieved. By setting the maximum discretization

sider accuracy and running time as the two major indicator4C @ fixed value, we fix the number of times the likelihood
of performance. function is evaluated, thus allowing us to benchmark the per-

formance of the method. This running time is referred to as
2 Previous Work theonline cost
Pose estimation from monocular vision data is non-intrusive3-1 ~ Global Methods

and conceptually appealing as a research direction. Poskdge Density Out first globally-based method computes a
tion estimation entails a combination of estimating local dis-map of the local edge density of the image. The density is
placement with recognizing familiar locations. It has beenapproximated by convolving the image edge map with a wide
approached as both a coarse place-recognition problem (e (3 pixels) Gaussian kernel. The edge map is relatively re-
based on color histograms for familiar locatidifirich and  sistant to illumination changes, and measuring edge density
Nourbakhsh, 2000 and also as a problem of recognizing a propagates edge information locally. Depending on the width
set of local features associated with a specific location (for exef the kernel, a linear combination of neighboring training
ample[Seet al,, 2004). In several approaches, authors haveedge densities can loosely approximate the motion of edges
suggested interpolating between familiar locations to producas the camera moves.
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Principal Components PCA operates by computing a low- Mean| Max [ Tot. Online T Online
dimensional subspace of the space spanned by the trainifg Err. | Em | Train'g | Preproc, Loc’zn
images. For this work, we employ the first twenty principal{- (cm) | (cm) | Time(s)| (sfimg) | (s/img)
components. _When. pose I|k_eI|hpods are com.pqted'onhne, Edge Density 822 | 224 314 0.309 381
only the low-dimensional projections of the training inputs

. ; . . . NN (EdgeDens)| 11.1 | 22.3 n/a n/a n/a
are interpolated. The input observation must be projected intd pca 6.06| 12.4| 2170| 0234| 0.208
the subspace; an operation that is performed once; and subsenN (PCA) 97| 223 n/a n/a n/a
guent comparisons are between low-dimensional vectors. [ Local Methods

DynamicLM 8.49 | 23.09 1581 145 19.8

3.2 Local Methods FixedLM 7.61| 19.7| 1529 10.6 17.9
The alternative to computing global image features is to ex- o
tract a set of local image features, or landmarks, and model Table 1: Localization results fddormalset.

their behavior as a function of position. Local features must

be selectedandtracked and subsequently they ameodeled  Training We used a robot to collect 121 images in a grid

Finally, when online they must bmatchedo features in the pattern at 20cm intervals, over a 2m by 2m area (Figure 1a)).

input observation. Once matching is complete, the individ-Ground truth was obtained by mounting a laser pointer on the

ual estimates from different landmarks must be combined imobot and measuring by hand the position of the laser point

a robust manner. on the floor. As such, the ground truth is accurate to "0.5cm.
We use the landmark-based method proposed by Sim and The same set of training images was provided to each lo-

Dudek[Sim and Dudek, 2041 That model selects landmarks calization method for preprocessing and training, and the run-

using saliency, and, once they are tracked across the trainingng times for this phase were recorded.

space, models the landmark behaviors as a function of pose.

The models compute a linear interpolant of the landmark atyerification A set of 29 verification images were collected
tributes over the triangulation of the pose space. ~with the robot from random locations at the same orientation
We employ two versions of the landmark model; the first, 55 the training images. Ground truth was measured by hand.
referred to asDynamicLM models the appearance of the The images were collected under the same illumination con-
landmarks as a function of pose, and thus matching may regitions and observed the same static scene. These images
quire several instantiations of the landmark before it is suczonstitute ouNormal verification set. Gaussian white noise
cessfully matched. The second, referred tBiasdLM , fixes  \as added to these images to creatéodsy verification set
the landmark appearance, speeding up the matching, but rg=igure 1a)), and a set of occluders were randomly painted

ducing the range of poses that the landmark can model.  into the images to generate tv@cclusionsets (Figure 1b)
_ and 1c)). The first set of occluders consists of white noise,
4 Experimental Approach and the second consists of solid tiles.

A second set of ten images was collected under low-
light conditions from random locations. Ground truth was
recorded by hand. These images are referred to afiuhe-
nationverification set (Figure 1d)).

Each localization method was applied to each verification
set, and the mean error between the maximum-likelihood
(ML) estimate and ground truth was compiled on a per-
method, per-set basis. The computational cost of preprocess-
ing the input images and computing the ML estimate was also
recorded. For each image, the multi-resolution grids were
evaluated at a total of 2300 distinct poses.

Measuring performance Consider the expected error us-
ing a method that selects the nearest training image with
100% accuracy. Thimagic numbercan be computed to be
7.6cm for our experiments. A mean error of less than 7.6cm
could be considered to be successful at interpolating over the
training set. In practice a nearest-neighbor implementation
is unlikely to be perfect, and will generate larger errors. We
have applied a nearest neighbor (NN) approach to the two
Figure 1: Images from a) the training set (top,left), b)global methods on thidormalset.

theNoisyverification set (top,right), c) th®cclusionset with

noisy occluders (middle,left), d) th@cclusionset with solid 5 Experimental Results

occluders (middle,right), and e) thiminationset (bottom).  Taple 1 depicts the results for tieormalset. The mean lo-
calization error, maximum outlier, and offline and online run-
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Mean Max . Mean Max .
(cm) (cm) Estimates (cm) (cm) Estimates|
Global Methods Global Methods
Edge Density 8.4 21.9 | 29/29 Edge Density 30.9 103 | 10/10
PCA 5.9 11.9 | 29/29 PCA 149 217 | 10/10
Local Methods Local Methods
DynamicLM 11.8 26.4 | 29/29 DynamicLM 105 204 | 10/10
FixedLM 11.0 27.9| 6/29 FixedLM 138 271 | 9/10
Table 2: Localization results fofoisyset. Table 5: Localization results fdlumination set.
?gre;]e;n ?2% Estimates 6 Discussion and Conclusions o
Global Methods Both PCA and the landmark-based methods present signifi-
Edge Density 60.3 215 | 29/29 cant offline costs, calling into question their practicality for
PCA 11.2| 217 29/29 applications such as simultaneous localization and mapping.
Local Methods However, PCA was robust to some types of adverse imaging
DynamicLM 22.0| 205 29/29 conditions, and was demonstrably faster in computing online
FixedLM 27.3 180 | 28/29 pose estimates.
While the Edge Density method was less accurate than
Table 3: Localization results for noisycclusionset. PCA, it took significantly less time to train, at the cost of

slower online performance. However, the ongoing increase

ning times are depicted. For the two global methods, neaﬂ—gg?yptgjr:cﬁ;?i?s makes global methods such as these increas-
est neighbor results are also tabulated for comparison. om&/ Finally, the -Iandmark-based methods presented a smooth

the PCA and FixedLM methods approach the magic m.meerdeegradation in performance as the imaging conditions be-
The nearest neighbor approaches perform poorly against t ame increasingly adverse. In general, these methods per-

magic number. As expected, PCA presents a large offlin > ; .
computational cost, but very low online cost. %ormed well, but were significantly more expensive online

Table 2 depicts the results for thepisyset. In the case due to the cost of matching and frequent invocation of the

of the landmark-based approach, we have indicated error r andmark prediction model. Online performance of these ap-

sults for only those images where at least one landmark w. roaches depends to a large extent on the nature of the pre-

. o iction model itself.
I e e e el Vi have preserted a comparson of several ocalzaton
ages. Both global methods saw an improvement in perfor[neth_o_ds in a known environment against a variety of imaging
mance conditions. The results challenge some widely held assump-
Table 3 depicts the results for t@clusionset with noisy tions about the various advantages and disadvantages of local

occluders. The local methods perform significantly worse,and global methods.

despite improved matching output in the FixedLM case. PCAB f
continues to perform well, but the edge density approach i ererences
confounded by the introduction of regions of high edge den{Nayaret al, 1994 S.K.Nayar, H. Murase, and S.A. Nene. Learn-

sity. ing, positioning, and tracking v_isual appearancePrtac. IEE_E
Table 4 depicts the results for ticlusionset with solid gg\”fl\/?;‘y'?l%%cfcs and Automatiguages 3237-3246, San Diego,

occluders. The local methods demonstrate a degradation in _
performance, although not as great as for the white noise odPourraz and Crowley, 1999. Pourraz and J. L. Crowley. Conti-

cluders. There is also a reversal in performance for PCA ver- Nuity properties of the appearance manifold for mobile robot po-
sus Edge Density sition estimation. IrProceedings of the 2nd IEEE Workshop on

Table 5 indicates the results under altered illumination con- Efégipt'on for Mobile Agenis. Collins, CO, June 1999. IEEE
ditions. While all of the methods perform poorly, the Edge '

Density approach suffers the least degradation. [Seetal, 2004 S. Se, D. Lowe, and J. Little. Global localization
using distinctive visual features. Froc. Int. Conf on Intelligent

Robots and Systems (IRQBages 226-231, Lausanne, Switzer-

Mean | Max . land, October 2002.
Estimates

(cm) | (cm) [Sim and Dudek, 2041R. Sim and G. Dudek. Learning genera-
tive models of scene features. Rvoc. IEEE Conf. Computer
PCA 96.3 229 | 20/29 \Zfbscl)(inlzérllszF;zit;z;n Recognition (CVPR)ihue, HI, December
Local Methods ' '

DynamicLM 12.1| 486 | 29/29 [Ulrich and Nourbakhsh, 2000lwan Ulrich and Illah Nourbakhsh.
FixedLM 15.6 100 | 28/29 Appearance-based place recognition for topological localization.
In Proc. IEEE Intl. Conf. on Robotics and Automatigrages
1023-1029. IEEE Press, April 2000.

Global Methods
Edge Density 105 30.8 | 29/29

Table 4: Localization results for solidcclusionset.
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Quantum Computation and Image Processing: New Trends in Artificial
Intelligence

S.E. Venegas-Andraca and S. Bose
Centrefor QuantumComputationDepartmenbf Physics University of Oxford
ParksRoad,Oxford OX1 3PU,U.K.
{sven@as,s.bosé @qubit.og
http://www.qubit.ogy

Abstract

Theanalysisanduseof visualinformationis afirst
ordertask for Al researchers.Due to the archi-
tectureof classicalcomputersand to the compu-
tational compleity of state-of-the-aralgorithms,
it is requiredto find betterwaysto store, process
andretrieve informationfor imageprocessingOne
plausibleand exciting approachis Quantuminfor-
mationProcessindQIP). In this posterwe present
aninitial steptowardsthe definition of an emeg-
ing field, QuantumimageProcessingby shawving
how to storeanimageusinga quantumsystemas
well assomeof the uniquepropertiesof that stor
ageprocesglerivedfrom quantummechanicsaws.

1 Introduction

In 1985DeutscH Deutsch 1985 developedatheoreticaima-
chine namedUniversalQuantumTuring Machine(UQTM),

thatis, a machinebasedon quantumtheory capableof per

forming computationsandshaved that suchmachinewasa
generalizatiomf auniversalTuring machinelt is alsoshavn

in [Deutsch,1989 thata quantumcomputer(QC), thatis, a
physical systemcapableof performingcomputations@ccord-
ing to the rules of quantummechanicscanperformcertain
tasksfasterthanits classicalcounterpart.DeutschandJozsa
[Deutschand Jozsa, 1999 and Shor [Shor 1994 shaved

concreteproblemswheresuchspeed-ups possible.

Among QC propertieswe find:

1. Superposition of states. Thebasiccomponenbf aQC
is a qubit, thatis, a physicalentity (suchasan electron
or aphoton)thatcanbe mathematicallyepresentedsa
vectorin a 2D Hilbert spacef?. Thegenerafform of a

qubitis

[¢) = al) + Bly)
whereq, 3 arecomplex numbersconstrainedy |a|? +
|8]> = 1 and {|z),|y)} is an arbitrary basisof >
[Nielsenand Chuang,200d. Thus, |+) is a superpo-
sition of states|xz) and |y), and therefore|i)) can be
preparedn an infinite numberof ways by varying the
valuesof « and 5. Seefigure 1.a. In contrast,classi-
cal computerameasurebit valuesusingonly onebasis,
{0,1} andtheonly two possiblestatesarethosethatcor
respondo the measuremerdutcomesy) or 1.

POSTER PAPERS

2. Entanglement. Entanglemenis a specialcorrelation
amongquantumsystemshat hasno paragonin classi-
cal systems.Entanglemenis seento be at the heartof
QIP uniguepropertiesandanexampleof it isits rolein
QuantumTeleportatior] NielsenandChuang200d.

Thepreviouspropertiesnayhavedeepimplicationsin sev-
eralfields of ComputerSciencejn particularin Artificial In-
telligence(Al) bothontheoreticale.g.fasteralgorithmsand
securdranmissionsandtechnologicabpheregcurrenttech-
nologyis now beingbuilt takinginto accounguantumeffects
dueto componensize).

The purposeof this posteris to proposean initial stepto-
wardsthe integrationof QIP techniquesn imageprocessing
and, asa future work, in relatedfields as ComputerVision
andPatternRecognition.

[0> [0>
i |W>=g|0>+B1> +>
>

(a) L (b) >

Figurel: . MathematicaRepresentatiofor a qubit
a) Thecanonicaktounterparbf classicabits {0, 1} in QIPis {|0) , | 1) }. An arbitrary
qubitcanbewrittenas|¥) = a |0) + 3 |1), where|a|? + |G]* = 1.
b) Notethat|¥') canbewritten asa linearcombinationof aninfinite numberof bases,
in particularasa combinationof either By = {|0),|1)} or Bo = {|+),|—)},

where|+) = [|0) +[1)]/vZand|—) = [|0) — [1)]/V2.

2 Storing an image in a qubit array

2.1 Visual Information Storage in a Multi Particle
Quantum System

Let @ = {]q1);.1a2)5:---.|an),} be a set of qubits.

Our goal is to storevisual informationin @. In orderto

take advantageof H? properties,allowed quantumstates

usedto store visual informationin a qubit |¢;) are M =

{10}, 1), 1) 1)}
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— > |W>

Figure2: . Frequeng to quantumstateapparatus
Schematico®f an apparatusapableof detectingelectromagnetifrequenciesandpro-
ducingasetof quantumstatesasoutput. |¢) beinganoverall stateof thatsetof qubits

We definea machineB that dividesthe whole frequeny
rangeof the visible spectrainto a partition Fy, Is, ..., F)y
and assignsa qubit array (thatis, a setof spatially ordered
gubitstates)), to eachpartitionsubsetF; (seefigure2). Note
that B mustactasabijective functionbetweerfrequeng par
tition subsetsF; andsetsof qubit states®;, i.e. it is notal-
lowedto have the samequbit statedistribution for two differ-
entfrequeny subsetsSo,for eachpixel from a givenimage,
B produces particularqubitarrayfrom theset{Q;}.

Let ussupposehatmachineB produceonly qubit states
|0) and|1). Thus,the numberof colorsthat canbe repre-
sentedn anarrayof n qubitsis 2", justlike in the classical
case(for grayscaleor primarycolorvaluesfor instance)ut,
if we include qubit states|+) and |—), thenthe numberof
differentcolorsthatcanbe storedis 22".

However, qguantummechanicshas a constraint: reading
(that is, measuring)non-orthogonaktates(as |0) , |1), |+)
and|—) are)is a probabilisticprocess.Thus,if only oneba-
sisis usedto measurall statesin M, informationretrieval
will not be accurate.In addition, the postulatesof quantum
mechanicsstatethatthe post-measuremeiguantumstateis,
in generaldifferentfrom the pre-measuremenuantunstate
(they areequalif andonly if the pre-measuremenmfuantum
stateis equalto oneof theorthogonaklectorsof themeasure-
mentbasis).

In order to perform accurate measurementswe now
introduce per each pixel, a set of control qubits C =
{lp1)11p2)g s+ -5 1Pn), }- 10) and|1) arethe only allowed
guantumstatesfor elementsn C. The purposeof this new
elementis to use qubit |p;) to knaw which basishasto be
usedto performa measuremenon |¢;) (a generalizatiorof
this schemeis to allow the quantumprogrammetto choose
only onestoringbasisfor eachpixel). So,by measuringubit
|p;) in the canonicalbasis,it is possibleto performaccurate
measurementsFormally speaking,the obsenable usedto
measurecontrol qubits [p;) is A1 = a1 |0) (0] + £1 [1) (1].
The obsenablesusedto measurequbits|q;) are,in the case
theoutcomein measuringd; wasa; thenAs = a |0) (0] +
B2 1) (1|, whilein thecaseheoutcomewasf;, thenwe mea-

sured,’ = oo’ [+) (+] + B2’ |-) (—|.

2.2 Quantum secrecy vs Eavesdropping

It is relevant to point out the fact that having no a priori
knowledge of which measuremenbasishasto be usedto
readinformationin qubits|¢; ) introducegwo verycorvenient

1564

properties:secrey and eavesdroppingdetection. Indeed,if
an eavesdroppetriesto readthe informationin |g;) without
reading|p;), two mainadvantagesvith nocounterparin clas-
sical computersarefound: a) the eavesdroppeihasan only
50% chanceof readingaccurateinformation (if he/shefails
to choosethe right measuremenasis,he/shewill getonly
a randomoutcome),andb) the post-measuremestateof a
measuremenperformedwith a wrong basisallows usto de-
tect eavesdroppind Bouwmeesteet al., 2001]. This means
thatin orderto provide securgransmissiorof information,it
is sufficient to sendonly control qubits |p;) via securecryp-
tographicscheme.

3 Future Work

Next stepsinclude the use of entanglementor gray level
andcolorimageseggmentation.The basicideais to entangle
gubitswith similar colorsandto developquantumalgorithms
for imagesegmentation.
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