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Abstract

This thesis presents two improvements to the Observed Situation—Action Pairs and
the Nearest Neighbor Rule (OSAPs and NNR) modeling method. Reevaluative stereo-
typing with switching deals with poor prediction accuracy resulting from modeling
with few OSAPs by using a stereotype to model others, and incorporating periodic
reevaluations and the ability to switch between stereotypes or to the basic modeling
method to ensure the validity of a chosen stereotype and of the stereotyping process
itself. Compactification of OSAPs through kd—tree structuring deals with poor mod-
eling efficiency resulting from modeling with many OSAPs by structuring OSAPs
according to a kd-tree and using a Pseudo-Approzimate Nearest Neighbor search for
modeling.

Our experiments shows that using a correct stereotype improves modeling perfor-
mance and reevaluations and switching prevent incorrect stereotypes from causing
substantial damage, and that compactification can improve modeling efficiency — but

may affect modeling performance.

iii



Acknowledgements
This is dedicated to my parents and sisters. Special thanks to Dr. Jorg Denzinger

for being an excellent supervisor, and to anyone who may have had to put up with

my weird mood swings.

iv






9.1
9.2
9.3
9.4
9.5
9.6

10.1

11.1

11.2

11.3

11.4
11.5

List of Figures

Buildinga kd-tree, Level 1 . . . - « v v o v 4 v ¢t s s v 060w 5 o
Building a kd-tree, Level 2 . . . . . . ... ..o
Building a kd-tree for NN Searches, Level 0 . . . . . .. ... .. ..
Building a kd—tree for NN Searches, Level 1 . . . . . . ... ... ..
Building a kd-tree for NN Searches, Level 2 . . . . . . ... .. ...

Building a kd—tree for NN Searches, Level 3 . . . . . . . .. ... ..
Various Agent Shapes. . . . . . . . . . .. ... oL

Variant Descriptions for Correct Stereotyping Series . . . . . . . . ..
Variant Descriptions for Reevaluation and Switching Between Similar
Stereotypes Series . . . . . . . . ...
Variant Descriptions for Reevaluation and Switching From Stereotyp-
ing to OSAPs and NNR Series . . . . . . ... ... ... ... ... ..
Variant Descriptions for Preliminary Compactification Series . . . . .

Variant Descriptions for Combination Experimental Series . . . . . .

el



List of Definitions

ANt .. 7
Reactive Agent ............ i 8
Proactive Agent ... 9
Multi—Agent System ............. ... 10
Cooperative M A S ... . 10
Competitive M A S .. ... 10
Modeling Another Agent’s Behavior .............. .. ... ... .. ... ... 13
Stereotype Schema ............ ... 60
Intermediate Agent Performance .......... .. .. ... .. ...l 66
Switch Time ... ... 67
Compactification ............. ... 73
Compactified OSAPS ... ... 88
True Nearest Neighbor Search .......... ... .. ... ... ... ... ... 90
Pseudo—Approximate Nearest Neighbor Search .......................... 90
Offline Learning ...............ouiuiiiiiiii e 105
Online Learning ......... ... ...ttt 105
Worse Intermediate Performance in OLEMAS .......................... 110
Overall Hunter Performance ............... ... ... ... ... .. ...... 115
Modeling Efficiency ..............ooiiiiii i 116

xii



List of Abbreviations

IDBPE woecinuionsnimans snns samnnessssmeismssians Observed Situation-Action Pairs
ININIR: 65 05008 50050 00505 50056 6 w0 Nearest Neighbor Rule
PANN cciicmuianissinicmmmnmmnnemmnennns Pseudo—-Approximate Nearest Neighbor
TN True Nearest Neighbor
M A S Multi-Agent System
IMMBBOP .................. Ideal-Model-Based-Behavior-Outcome-Prediction
MMTB i cnuisnaisunssaniisnneannssmone Mutual Modeling of Teammate Behavior
L 1 A Behavior Hidden Markov Models
F DT Feature Decision Tree
BBS Behavior-Based System
P S Prototype Selection
CNIN Condensed Nearest Neighbor
SN N L Selective Nearest Neighbor
RININ Reduced Nearest Neighbor
ENN Edited Nearest Neighbor
RENN .. Repeated Edited Nearest Neighbor
K-IN N k-Nearest Neighbors
VS Variable Similarity Metric
M S Model Class Selection
TIBL .. Typical Instance Based Learning
DROP ... ...l Decremental Reduction Optimization Procedure
PG e Prototype Generation



MO A Modified Chang’s Algorithm

NGE .. Nested Generalized Exemplar
TS Truth Maintenance System
BR . Belief Revision
BU Belief Update
KBS Knowledge Based Systems
BW B Ball Within Bounds
BOB . Ball Overlap Bounds
OLEMAS ... .. Online Evolution of Multi-Agent Systems
SAPS . Situation—Action Pairs
G A Genetic Algorithm
N Steps
A Time
ST, 55 5 0 0 2 5 B R S 0 8 R B Success Rate
TRDE. anosomsinnsionesomunsnesssn s amnsasne o s 65 6655w 554 Time per Step
N 50 65 5 80 R R B 8 B 3 R B R A Variant Number
BBIZE coicmsnunsnimnnissss snnnssnsssnsiansieniiunus s w8s s dmss n s sw5is Bucket Size
Pre—-COMPAtE . oncomsmamnsionermmensmmnimens minimum pre—compactification steps
N A e Not Applicable

xiv



Chapter 1

Introduction

In human society, achieving some idea about the decision making processes of others
is a very useful and sometimes even necessary endeavor for human beings interact-
ing with one another. And just like so many other aspects of the human world
which are mirrored in the electronic world, the same can be said about computer
agents within a Multi-Agent System. Whether it be a cooperative agent scenario
where communication is limited, expensive or risky, or a competitive agent scenario,
where the gain of one agent requires the loss of another — the better an agent models
other agents, the better are its chances of successfully achieving its goals. Ideally, an
agent that must model another would have access to the internal and private deci-
sion making mechanisms governing it. Realistically this is rarely the case, so using
observations is probably the best method of obtaining information about another
agent. It is probably also the most popular method, with a slew of different obser-
vation based modeling techniques being researched. Modeling others with Observed
Situation—Action Pairs and the Nearest Neighbor Rule (OSAPs and NNR) is one such
technique presented in [DKO00] — it combines observed pairs of situations and actions,
a similarity measure on situations and the use of the Nearest Neighbor Rule for mod-
eling others. The technique is relatively simple, purely observation based and can
handle situations that have never even been observed — but falls far short of human
capabilities in terms of both success rates and efficiency. Poor success rates seem to

arise if there is diversity in the situation space but only few observations available,



leading to inaccurate predictions. At the opposite end of the extreme, inefficiency is
a side effect of having very many observations, all of which are considered within the
Nearest Neighbor similarity calculation, which slows down the search and selection
process that ultimately yields a prediction of the modeled agent’s behavior. It is ap-
parent that these cases require more ”thought” than the original method provides,
and require an increase in the knowledge an agent has for dealing with them.

In this thesis, we evaluate improvements that deal with the problems arising
from using the basic method of OSAPs and NNR in the face of having extreme
numbers of observations, by increasing the knowledge a modeling agent incorporates
into dealing with those extreme cases. Two new concepts developed for increasing
an agent’s "know how” and improving these weaknesses are reevaluative stereotyp-
ing with switching and compactification of observations through kd—tree structuring.
Reevaluative stereotyping with switching was developed for improving modeling ac-
curacy when observations are scarce, and was inspired by the study of stereotypes in
human psychology. Primarily, it involves the selection and usage of a predefined be-
havior model (or stereotype) for modeling another agent, with periodic reevaluations
of stereotype choices and of the stereotyping process itself to ensure their validity,
and the flexibility of switching between various stereotypes or to the original mod-
eling method to combat the potential damage caused by bad stereotype selections.
Compactification of OSAPs through kd—tree structuring was developed for amelio-
rating the poor efficiency exhibited by using OSAPs and NNR when observations
are abundant. It involves structuring OSAPs according to a kd—-tree and conducting
a Pseudo-Approzimate Nearest Neighbor (PANN) search for modeling. The PANN

search only applies the NNR on one set of OSAPs that are within the same vicinity



as the situation requiring modeling, i.e. on a subset of the full OSAP set. The
pseudo—code for both these concepts can be found in Section 9.6 of Chapter 9.

We tested our improvements with the OLEMAS system, a simulation of the well-
known Pursuit Game in which modeling agents solve variants of the game through
online learning of cooperative behavior. The modeling method used is OSAPs and

NNR, with the following conditions in place:

1. Situations are represented as vectors of k features, where |k| is fixed.

2. Situations are completely observed, so that there are no missing situation fea-

tures.
3. All situation features are relevant and are equally relevant.
4. At least one observation must be made before usage of the method.

5. All situations are composed of the same features.

For reevaluative stereotyping with switching and compactification of OSAPs the

same conditions must hold. The former has an additional requirement:
1. At least one stereotype that may describe a modeled agent’s behavior exists.

When reevaluative stereotyping with switching was incorporated within OLE-

MAS, the main goals were to show that:

1. Few OSAPs could identify a correct stereotype.

2. Modeling with a stereotype that correctly described a modeled agent’s behavior
allows a modeling agent to achieve its goal in less steps or with a higher success

rate compared to just using OSAPs and NNR.



3. The ability to reevaluate stereotype selections and switch between stereotypes
if necessary allows a modeling agent to achieve its goal in less steps or with a
higher success rate than when just using a similar, but incorrect stereotype (i.e.
reevaluations and switching prevent damage caused by similar, but incorrect

stereotypes).

4. The ability to reevaluate the stereotyping process itself and switch to using
OSAPs and NNR if necessary allows a modeling agent to achieve its goal in
less steps or with a higher success rate than when just using a completely
incorrect stereotype (i.e. reevaluations and switching prevent damage cause by

only incorrect stereotypes).

For compactification of OSAPs through kd-tree structuring, the main goals were

to show that, in OLEMAS:

1. Using a kd-tree as a means of achieving a compactified set of OSAPs, and
using those compactified OSAPs for modeling can improve modeling efficiency
(i.e. decrease the time necessary for modeling) when there are very many

observations.

Our experiments show that when a correct stereotype is available, stereotyp-
ing significantly improves the performance of modeling agents. When very similar
stereotypes are available, only one of which is correct, reevaluation and the potential
for switching between stereotypes quickly corrects erroneous choices of a stereotype.
When no correct stereotype is available, reevaluation and the potential to switch to
the basic method of using OSAPs and NNR saves modeling agents from the dan-

ger of basing predictions on completely incorrect stereotypes. Our experiments on



compactification through kd-tree structuring show that the efficiency of the basic
modeling method generally improves (shown by decreased run times) when observa-
tions are abundant. However, the kd—-tree structuring and PANN search cause a loss
of information which affects modeling performance — sometimes negatively, but also
positively at times.

This thesis presents the background information on the motivational concepts
behind our improvements, discussions on the improvements themselves, and their
experimental evaluation. It is divided as follows: Chapters 2 and 3 present gen-
eral overviews of the field of Multi-Agent Systems and the process of modeling other
agents within such systems respectively. Chapter 4 summarizes previously researched
modeling methods, in addition to similar concepts such as plan recognition, behav-
ior recognition and event tracking. Chapter 5 reviews the concept of stereotyping
in psychology and Chapter 6 discusses a number of compactification techniques.
Chapter 7 provides a very brief overview on the area of Knowledge Management.
Detailed descriptions are provided for reevaluative stereotyping with switching and
compactification of observations through kd-tree structuring in Chapters 8 and 9
respectively. Chapter 10 is an introduction to OLEMAS, the testbed used for the
experiments conducted. The experimental evaluation of our improvements are pre-
sented in Chapter 11. Finally, Chapters 12 and 13 conclude the thesis and outline

relevant areas that could blossom into future research.



Chapter 2
Introduction to Agents and Multi—Agent Systems

In order for this research to be comprehendible to a diverse audience, many of whom
may not be familiar with the field of Multi-Agent Systems (MAS), an at least rudi-
mentary understanding of agents and MAS is necessary. This chapter provides an

overview and some formal definitions on the subjects.

2.1 What is an Agent?

This section introduces the concept of an agent.

2.1.1 General Agent Properties

There is no completely agreed upon definition of what an agent is, what characteris-
tics it may employ, or even what terminologies may be used to address agent issues.
But it may not be too risky to say that in computer science, an agent is a computer
program which operates in order to complete some goal, and operates according to
a specific set of actions that are based on its own observations of the environment
it exists in and on internal knowledge, i.e. knowledge only the agent has access to.
These actions and knowledge are only applicable within a specific set of scenarios.
An agent therefore is a goal oriented and social entity, equipped to deal with some
virtual environment (i.e. computer system), and is autonomous, i.e. can function as

an individual, or a “standalone” entity within a system.



For a more formal description of agenthood, an agent can be represented as Ag
= (Sit,Act,Dat). Sit refers to the set of situations Ag can encounter, and Act refers
to the set of actions Ag is able to perform. Dat represents the set of possible values
for Ag’s internal data, or knowledge. This component can be further broken down
into Datyy,n, Datg, and Daty,. Dat,,, consists of the possible values of an agent’s
personal data - the knowledge it has about itself. Datg is the sure knowledge Ag has
about other agents, data that is definitely correct, unlike Dat,, which refers to the
unsure knowledge Ag has about others, data that is assumed and may be incorrect.

With these properties in order the following definition can be stated:

Agent An agent Ag is a goal oriented, autonomous and social computing entity

situated within a virtual environment and comprised of a triplet : Ag =

(Sit, Act, Dat).

2.1.2 Real World Example — Properties of a Human Hunter Agent

Both the formal and informal agent properties may be more easily understood with
the help of a real-world example, using a human subject as an agent. As an allusion
to our application testbed, consider a deer hunter, on the prowl within some forest
searching for her family’s winter food provisions. For the time being, assume that
she only operates alone, that she has a gun as a weapon and finally that the hunter is
wearing attire appropriate for the foliage filled setting. This hunter is goal oriented
because she has a specific goal to achieve, namely to kill a deer and return it to
her camp. She is also considered social because of her ability to operate within
the ”society” of the forest environment (bugs and all), and finally is autonomous

because no other hunter is necessary for the lone hunter to attempt to achieve her



ultimate goal. Given that for the hunter, a sit € Sit may contain the following data
: (deer position in relation to hunter position, number of bullets in gun), some
elements from this hunter’s Sit set may be : (North,0) and (NorthEast,2). On the
other hand a situation like : (below the ice glacier,60000) would not be a situation
the hunter could encounter (since ice glaciers can’t be found within forests and no
gun can contain 60000 bullets). Some of the act € Act for the hunter may include
: shoot gun, run, crouch. But the action fly over tree tops would not be a part
of the hunter’s possible actions. For the hunter’s Dat, an example of an element
from her Dat,,, could be the objective of the hunt : shoot a deer, or the number of
deer that have been killed : three deer dead, an element from her Datg; could be :
deer run quickly and an element from her Dat, : if a deer is facing North,

it well run away in that direction.

2.1.3 Agent Decision Making

How Ag actually makes decisions according to the previously discussed components
varies with whether the agent is reactive or proactive. A reactive agent is one which
performs every action in direct response to some stimulus, i.e. it reacts to the situa-
tion at hand. Therefore the decision function that governs Ag’s choice of actions can
be defined as f4, : Sit — Act. In contrast, a proactive agent takes a more indepen-
dent stance by incorporating both the situations it encounters and the knowledge
arising from its internal data into choices, so its decision making mechanism is more
like gaq : Sit X Dat — Act.

Therefore our definitions of these two types of agents are:

Reactive Agent A reactive agent is an agent whose decision making mechanism is



governed only by situational information, and so is defined as : f4, : Sit — Act.

Proactive Agent A proactive agent is an agent whose decision making mechanism
is governed by situational information and its internal knowledge, so is defined

as : gag : Stt X Dat — Act.

It should be mentioned that these definitions exemplify the extremities in terms of
agent decision making, and that agents with both reactive and proactive character-
istics are not impossible. This would be the case if some of an agent’s actions were
purely based on the situations it encounters while others were influenced by its Dat.
In any case however, just how important the differentiation between a reactive and
proactive agent is will be made clear when discussing the problem of modeling other

agents in Chapter 3.

2.1.4 Real World Example — Decision Making in a Human Hunter Agent

Again, the real world example of a deer hunter can be used to clarify the difference
between a reactive and proactive agent. Assume the deer hunter is reactive, an
element from her strategy could be : f(North,2) = shoot gun. In this case every
time a deer happens to be directly North of the hunter and her gun is loaded with
two bullets, she will shoot the gun — and as long as those situational criteria hold,
nothing can get in the way of that happening. On the other hand, assume the hunter
is proactive, two elements from her strategy could be : g(North,2,0 deer dead) =
shoot gun or g(North,2,1 deer dead) = don't shoot gun in which case the hunter
would use both the situational criteria and her knowledge of how many deer she has

killed to decide on whether to shoot the gun or not.
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2.2 What is a Multi-Agent System?

This section briefly introduces the concept of a Multi-Agent System.

2.2.1 Multi-Agent System Properties

Similar to the concept of an agent, there is no agreed upon definition or fixed set of
characteristics to describe a MAS. But generally, it can be thought of as comprised
of multiple agents (A = (Ago, .., Agn—1)) situated together in an environment (Env),
who are in some way interacting with each other within the environment, or within
parts of it. Formally, we can denote a MAS as: M AS = (A, Env).

Given this, the definition of a MAS is:

Multi—-Agent System A Multi-Agent System consists of a virtual environment

and more than one computer agent operating within that environment, or

MAS = (A, Env).

More specifically, MAS can be divided according to the ”atmosphere” of the society
the agents work in and the interactions between one another. When interactions are
only positive, the MAS can be termed cooperative. Conversely, a competitive MAS

allows for only negative interactions between agents.

Cooperative MAS A cooperative MAS consists of multiple agents that collaborate
in order to achieve one goal (also known as a collaborative environment), or

work separately to achieve non-conflicting goals.

Competitive MAS A competitive MAS consists of multiple agents that aim to

achieve conflicting goals, or the same goal which cannot be achieved by all.





