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a| 00| 1,2
b | 1,21 0,0

JGs P SN LSJL.”’ LS.):SJl:’ Jae

si  S; | ki(e) ki(d) Prilc] Pr;[d]
a c 1 0 1 0
b d 1 1 5 D
a d 1 2 1/3 2/3
a d 1 3 1/4 3/4
a d 1 4 1/5 4/5

Example of fictitious play.
The matrix is shown above and the values at successive times,
each on a different row, are shown on the table above.

The first row corresponds to time 0.

Note that only i is using fictitious play, j plays the values as in the s; column.
i’s first two actions are stochastically chosen.
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Example of fictitious play.
A game matrix with an infinite cycle.

si 85 | ki(c) ki(d)  kj(a)  k;(b)

1 1.5 1 1.5
a c 2 1.5 2 1.5
b d 2 2.5 2 2.5
a c 3 2.5 3 2.5
b d 3 3.5 3 3.5
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A stable steady state is one
that, after suffering from a
small perturbation, is pushed
back to the same steady state
by the system’s dynamics.
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Simplex Plot:

Visualization of the evolution of
populations in replicator dynamics
of the above game (with 3 actions):
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* The US-L* algorithm infers a DFA that is consistent with the sample of the
opponent’s behavior

e The US-L* algorithm extends the model according to the three guiding
principles:
* Consistency: The new model must be consistent with the give sample
* Compactness: A smaller model is better
* Stability: Should be similar to the previous model as much as possible

Prepared by Kazim Fouladi | Fall2017 | 3¢ Edition

P






o)

$ g8l (sedlis gy GilboLs | uals

roleais slagiumw

REDUCING COMMUNICATION BY LEARNING

nlaale e SlbLil LU GalS slaghss 31 (S 5 psSabs

Prepared by Kazim Fouladi | Fall2017 | 3 Edition

P



-

oy ‘,.LQL:A.'.:: Sl
$ g8l (sedlis gy GilboLs | uals

silay 4ad Jlio
REDUCING COMMUNICATION BY LEARNING: CONTRACT-NET

clay Sl 5o
col 0 5Y (s o Mely (Broadcasting) SlSaa i
09 o oedpombile JSdio 4 Laddil 5 b ) sase wlaaS Gl 531 L

pols 0ul 1S (i yuT (6 Subs Al b (5 Suls 5y (e Cilaato aunsilSe S

.JJJJTCA_L‘.-J‘L}G:\ULJ LAJALchLJ.u643:\.‘93J;Lsugfb|33AJJAJJ4SJASGAJJB‘JLAJALC ®
ﬁpbé‘dwﬁﬁ:&@mdﬂ‘ﬁw@u&\g hd

JF@QJM‘@L:‘JC)L.a‘\su‘_‘.ﬁ:&‘c;‘).ud‘}yfLr.t:\-.tédya:\w‘)| ¢

Prepared by Kazim Fouladi | Fall2017 | 3¢ Edition

P



oY

-

roleais slagiumw

Qb )l (gddiw gd (5 yaSubs 8 g

IMPROVING LEARNING BY COMMUNICATION

e e

YU el UL f a3 5 Sl

Learning Based on High-Level Communication

Prepared by Kazim Fouladi | Fall2017 | 3¢ Edition

P

Ol oo Sl ) gulaal 43 5 yiSuly

Learning Based on Low-Level Communication

satie€ ole Ml Jobis  Jbis (sl



of

Qb )l (gddiw gd (5 yaSubs 8 g

-

roleais slagiumw

Jl&i_ﬁJl&i 64_.\.4‘.} dtLA
EXAMPLE: PREDATOR-PREY DOMAIN

-a¥iwa Q-learner a o K
caola g sane pliu Shhul s KE s

Prepared by Kazim Fouladi | Fall2017 | 3 Edition

P

O O OO






Prepared by Kazim Fouladi | Fall2017 | 3 Edition

oF

j\/t MORC

AN&CLAYPOOL PUBLISHERS

A Concise Introduction

to Multiagent Systems
and Distributed Artificial
Intelligence

Nikos Vlassis

Nikos Vlassis,

A Concise Introduction to Multiagent Systems and
Distributed Artificial Intelligence,

Morgan & Claypool, 2007.

Chapter 7

&~
)”}; b/

CHAPTER 7

Learning

In this chapter we briefly address the issue of learning, in particular reinforcement learning
which allows agents to leamn from delayed rewards. We outline existing techniques for single-
agent systems, and show how they can be extended in the multiagent case.

71 REINFORCEMENT LEARNING

Reinforcement learning is a generic name given to a family of techniques in which an agent
tries to learn a task by directly interacting with the environment. The method has its roots in the
). In the last

two decades, reinforcement learning has been extensively studied in artificial intelligence, where

study of animal behavior under the influence of external stimuli

the emphasis is on how agents can improve their performance in a given task by perception

and trial-and-error. The field of single-agent reinforcement learning is mature, with well-

understood theoretical results and many practical techniques (FBert=cl iklis, y
. s, ).

On the other hand, multiagent reinforcement learning, where several agents are simul-
taneously learning by interacting with the environment and with each other, is still an active
area of research, with a mix of positive and negative results. The main difficulty in extending
reinforcement learning to multiagent systems is that the dynamics of concurrently learning
systems can be very complicated, which calls for different approaches to modeling and analysis
than those used in single-agent systems.

In this chapter we will outline the theory and some standard algorithms for single-
agent reinforcement learning, and then briefly discuss their multiagent extensions. We must
unavoidably be laconic as the literature on the topic has grown large; the reader is referred to
the book of (2

7) for a more detailed treatment.
7.2 MARKOVDECISION PROCESSES
In Chapter 2 we described a generic utility-based framework that allows an agent to behave

optimally under conditions of uncertainty. In this section we describe a framework that allows
an agent to Jearn optimal policies in a variety of tasks.
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Chapter 5

Learning in Multiagent Systems

Machine Jearning algarithms have achieved impressive results. We can write software
that processes larger amounts of data than any human can and which can learn
to find patterns that escape even the best cxperts in the fdd As such, it i only
reasanable that 2t soma point we will want to add learning agents Lo our multiageny
system_ Thara are sovaral sconarics in which one might want to add these learning
agents

Many multiagent systems have as their geal the exploration or monitoring of 1
given spce, where ench agent has only a loeal view of its own area. In these scenarios
we can envision that each agent learns 1 map of its world and the apents further
share their maps in order to aggregate a global view of the field and cooparatively
decide which areas need further exploration This is a form of cooperative leaming.

Azother scenario is in competitive environments each selflsh agent Lries (o maxi-
miize its own utility by learning the other agents” behuviors and weaknosses. In these
envirouments we are interested in the dynamies of the system aud in determining
f the agents will reach a stable equilibrium. At their smplest these soenarios are
ropeated games with learning agents.

To summarize, agents might learn because they don’t know everything about
their environment or beeause they don't know bow the other agents bebave. Fur-
thermore, the learning can happen in a cooperative emvironment where we also want
the agents to share their learned knowledge, or in 4 campetitive environment where
wa want them to best each other. W present analysis and algorithms for learning
agents in these various environment

51 The Machine Learning Problem

Befure delving into multiapent learning we first present o high level view of what
we mean by machinge learning. The word “learning” as nsed easually can have
many differont meanings, from remembering 1o deduetion, bt machine learning
researchers have a very specifle definition of the machine learning problem

The poal of machine Jearning research s the development of algorithms that
increase the ability of an agent to mateh a set of iNpts to their corresponding
outputs {Mitehell, 1997). That is, we assume the existence of 1 large set of examples
E. Ench example ¢ ¢ E s a pair € — |a,b] whore @ € A represants the input the
agent receives and b € Bis the output the agent should produce when receiving this
input. The agent must find a function | which maps A — I for as many examples
of A as possible. For cxample, A could be a set of photo portraits, B could be the
sot. {male, famale}, and each siement ¢ tolls the program if a panticular photo is
of 4 man or of 2 woman_ The maching learning algorithm would bave to learn 10
0 between 2 photo of 2 man and that of & woman
lled test the sel E is usually first divided inio a training set which
ining the agert, and 4 testing set which is used for testing the per-
formarice of the agent. However, in some scenarios it is impossible to first tmin
the agent and then test it. In these cases the training and testing examplos are
interleaved The agent’s perfbmance & as an an onguing manner.

Figure 5.1 shows a graphical repsesentation of the maehine learning problem. The

59

MACHINE LEARNING
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G Learning in Multiagent Systems

Sandip Sen and Gerhard Weiss

6.1 Introduction

Learning and intelligence are intimately related to each other. It is usually
that a system capable of learning deserves to be called intelligent: and conversely,
i system being considered as intelligent is, among other thi
be able to | Leaming always
behavior based on past experience. More precisely,

gs, usually expected to
improvement of future
cording to the standard

ws to do with the

artificial intelligence { A1) point of view learning can be informally defined as follows:
The acquisition of new knowledge and motor and cognitive skills and
the incorparation of the acquired knowiedge and skills i future system
activities, provided that this acquisition and incorporation is conducted
by the system itself and leads to an improvement in its performance
This definition also serves as a basis for this chapter. Machine learning (ML), as
one of the core fields of AL is voncemed with the computational aspects of learning
in natural us well ns technical systems. It is bevond the scope and intention of

this chapter to offer an introduction to the broad and well developed field of ML.

Instead, it introduces the reader into learning in multiagent systems and, with that,
into a subfield of both ML and distributed Al (DAL). The chapter is written such
that it ean be nnderstood withont requiring familiarity with ¥

The intersection of DAL and ML constitutes a young but important aren of
b snd application. The DAL and the ML communities largely ignored this
area for a long time

rese

there are exceptions on both sides, but they just prove the

mainly concerned with multis
avior typically wi
in detail and therefore were more or less fixed. On the other hand, work in ML

Gerhard Weiss (ed.), primarily e
Multiagent Systems: A Modern Approach to st sl o st

s disapy

Distributed Artificial Intelligence, and stendily increadug

publications in this area; see [23, 24, 43, 45, 64, 66, 68 for collections of papers

MIT Press, 1999. related to leaming in multiagent systems. There are two major reasons for this
attention, buth showing the importance of bringing DAL and ML together:
Chapter 6
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rule). On the one hand, work in DAL v

ent systems

whose structural organization and functional be determined

It with learning ns a centralized and isolated process that oceurs in
wce of DAL nnd ML

reaof learning in multiagent systems receives broad

e, and to

ttention. This is also reflected by the growing mumber of
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