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Abstract

THE ANALYSIS AND DESIGN OF CONCURRENT LEARNING ALGORITHMS ©R
COOPERATIVE MULTIAGENT SYSTEMS

Liviu Panait, PhD
George Mason University, 2006

Dissertation Director: Dr. Sean Luke

Concurrent learning is the application of several machesrling algorithms in parallel to
automatically discover behaviors for teams of agents. Ashim& learning techniques tend to
find better and better solutions if they are allowed addéldime and resources, the same would
be expected from concurrent learning algorithms. Surmgigj previous empirical and theoretical
analysis has shown this not to be the case. Instead, contleaning algorithms often drift
towards suboptimal solutions due to the learners’ coatiaptto one another. This phenomenon
is a significant obstacle to using these techniques to disamptimal team behaviors.

This thesis presents theoretical and empirical researetha causes the aforementioned drift, as
well as on how to minimize it altogether. | present eviderica the drift often occurs because
learners have poor estimates for the quality of their pésg&ibhaviors. Interestingly, improving a
learner’s quality estimate does not require more sophisttsensing capabilities; rather, it can be
simply achieved if the learner ignores certain reward imfation that it received for performing
actions. | provide formal proofs that concurrent learnitgpathms will converge to the globally
optimal solution, provided that each learner has suffityeatcurate estimates.

This theoretical analysis provides the foundation for tlesign of novel concurrent learning
algorithms that benefit from accurate quality estimatesstRihe estimates of learners employing
the biased cooperative coevolutionary algorithm are tgréaproved based on reward information
that was received in the past. Second, the informative gatipe coevolutionary algorithm
provides learners with simpler, functionally-equivalestimates at a reduced computational cost.
Finally, I describe the lenient multiagent Q-learning altfon, which benefits from more accurate
estimates when tackling challenging coordination taslstochastic domains.






Chapter 1: Introduction

Many complex real-world problems have certain charadiesisn common that make them
suitable for decentralized solutions. As a result, receary have witnessed increased interest in
the area of multiagent systems, which emphasizes the jelm@iors of agents with some degree
of autonomy. In this thesis, the range of problem domaingdit@mnally restricted to ones in
which multiple agents cooperate to accomplish common gdalsaster search and rescue is a
good example of such a problem domain; here, multiple ageol®ts) work together to locate
survivors of a disaster and to help with rescue operations.

In many cooperative multiagent domains, it is relativehaigthtforward to describe (at a macro
level) what one would like the team of agents to accomplisti. é&xample, agents in a disaster
search and rescue application should perform a thorougkswethe area, locate survivors as
quickly as possible, provide assistance with rescue dpesgtminimize damage to the robots,
etc. On the other hand, it is often extremely difficult to sfyet the micro level) what each
agent should do such that the entire team behaves as deBireadauses for this discrepancy are
twofold. First, there may be little connection between aréesmacro-level phenomenon and the
many simple agent actions and interactions that lead tbig.dften the case that unexpected and
sophisticated team behaviors emerge from basic agent inebaBecond, the complexity of the
multiagent solution can rise exponentially with the numbecomponents and their behavioral
sophistication.

For these reasons, machine learning approaches are a \ahbteative to hard-coding
behaviors for multiagent teams. Machine learning expla@gs to automate the inductive process:
getting a machine agent to discover on its own how to solverangiask or to minimize error.
Automation is attractive. Additionally, agents capableledrning might also be able to adapt
their behavior in the case of unexpected changes in theamagnt (for example, if one of their
teammates fails).

Unfortunately, recent theoretical and empirical resedrat shown that naive extensions of
single-agent learning algorithms to multiagent scenasften drift away from optimal solutions.
This is intriguing: most single-agent learning algorithans guaranteed to converge to the optimal
solution if properly set and given enough resources, butelguarantees mysteriously vanish
in multiagent domains. What causes this drift away from tpénoa? The answer to this
guestion is the primary focus of this thesis. Additionallyemonstrate that the isolation and
elimination of these causes facilitates the design of nawgltiagent learning algorithms with
superior performance.
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Before delving further into these issues, | start with briroductions to the areas of
multiagent systems and multiagent learning, followed byasgument on the significance of
research in multiagent learning. This chapter concludeth & summary of the research
contributions of this thesis, and an overview of the renrgjrahapters.

1.1 Multiagent Systems

The terms agent and multiagent are not well-defined in theareb community; this thesis uses
an admittedly broad definition of these concepts. An ageatéemputational mechanism that
exhibits a high degree of autonomy, performing actionssrertvironment based on information
(sensors, feedback) gathered from the environment. Mtiasystems involve several such
agents interacting with one another, and have proven aayaats in real-world domains that
feature agents with incomplete information about the emrmient, lack of centralized control,

decentralized and distributed information, and asynabmercomputatiofdenningset al., 1998.

The literature contains multiple taxonomies for multiageystems. For example, multi-
robot applications can be characterized based on team rsinge, communication topology
and throughput, team composition and reconfigurabilitg #e processing ability of individual
agents(Dudek et al, 1993. Agent characteristics (team heterogeneity, controlisectures,
input/output abilities) and system characteristics (faaraple, communication settings) are
considered the primary criteria to differentiate amongl-vearld applications of multiagent
systems to industry{Parunak, 1996 In (Stone and Veloso, 20P0the authors explicitly
distinguish four groups of approaches, divided by hetemedg versus homogeneity of the team,
and by communication versus lack thereof. Finally, mubiatgsystems can be characterized
based on types of environments, agents, and inter-ageraations(Weil3, 1997 { Weil3, 1999;
[Huhns and Singh, 1998

1.2 Multiagent Learning

| define multiagent learning as the application of machiaereg to problems involving multiple
agents. There are two features of multiagent learning thatigle merit for its study as a
separate field. First, because multiagent learning dedllspwoblem domains involving multiple
agents, the search space can be unusually large; and dueitddraction of those agents, small
changes in learned behaviors can often result in unprdaiicthianges in the resulting macro-level
(“emergent”) properties of the multiagent group as a whdkecond, multiagent learning may
involve multiple learners, each learning and adapting écibntext of others; this co-adaptation of
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the learners to one another represents a significant \oaolafia fundamental assumption of most
machine learning techniques.

While one might restrictively define cooperative domainseirms of joint shared reward for
all agents in the team, much of the literature tends to usechrhtoader notion of cooperation,
particularly with the introduction of credit assignmenis@issed in Sectioh2.2.1). | define
cooperative multiagent learning in terms of the intent & éxperimenter. If the design of the
problem and the learning system is constructed so as to fiilbpencourage cooperation among
the agents, then this is sufficient, even if in the end thdytdailo so. As an observation, learning
might obviously target competitive teams of cooperatingrag, such as in the game of soccer —
while a researcher might apply machine learning techniqaesearch for behaviors for all 22
agents (11 per each team), he or she would usually be iredr@stonly the behaviors for the
agents in one of the teams.

In this thesis, | ignore a large class of learning approadbesnultiagent systems, namely
ones where a single agent learns while the other agentsvimebare fixed. An example of such

a scenario is presented {@refenstette, 1991 This is single-agent learning: there is only one
learner, and the behaviors are plugged into only one agatiter than distributed to multiple
agents.

There are three main approaches to learning: supervisatiparvised, and reinforcement
learning. These methods are distinguished by the kind aftf@ek the critic provides to the
learner. In supervised learning, the critic provides theem answer. In unsupervised learning, no
feedback is provided at all. In reinforcement learning,dhigc provides rewards or penalties for

the answers a learner selects.
Because of the inherent complexity in the interactions oftiple agents, various machine

learning methods — notably supervised learning methodse-rat easily applied to the problem
because they typically assume a critic which can provideatients with the “correct” behavior

for a given situatiofi Given this difficulty, the vast majority of papers in thislfichave used
reinforcement learning methods. The reinforcement |egriiterature may be approximately
divided into two subsets: methods which estimate valuetfans, such as Q-learning, TD),
SARSA, etc; and stochastic search methods which direciisnlbehaviors without appealing to
value functions, such as evolutionary algorithms, sineda@nnealing, and stochastic hill-climbing.
In the stochastic search literature, most multiagent disiom concentrates on evolutionary
algorithms. The similarities between these two classes@afming mechanisms permit a rich
infusion of ideas from one to the other: the bucket-brigatiprithm (Holland, 1989, the

LA notable exception presented (Boldman and Rosenschein, 1998volves teaching in the context of mutual
supervised learners.
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SAMUEL system(Grefenstettet al., 199(0), and the recent Stochastic Direct Reinforcement policy
gradient algorithniMoody et al., 2009.

One simple multiagent learning approach is to employ a sitegirning process for the entire
team of agents. Sections T2 [T=T1.2.2 detail two such tqakai Another approach is to distribute
the learning process by endowing all team members withileguapabilities, such that each agent
tries to improve the performance of the entire team by imimgits own behavior. SectiofsT.P.3 -
24 summarize two straightforward extensions of tradal machine learning techniques for
such distributed learning tasks.

1.2.1 Evolutionary Algorithms

Evolutionary computation is the research field that studhes properties and applications of
evolutionary algorithms (EAs), which are techniques thaplya abstract Darwinian models of
evolution to iteratively refine candidate solutions to aegiyroblem. Evolutionary algorithms are
stochastic beam search methods: they employ randomnessjimction with sets of candidate
solutions to escape locally optimal solutions. The EA te&wtogy is borrowed from biology to
reflect the main source of inspiration for the field; for exdnmgandidate solutions are termed
individuals, sets of individuals are known as populaticarg] the creation of new solutions from
previous ones is usually referred to as breeding.

An evolutionary algorithm begins with an initial populati@f random individuals. Each
member of this population is then evaluated and assignedeséit(a quality assessment). The
EA then selects a set of fitter-than-average parents ans dltem via crossover and mutation
operations to produce a set of children, which are addedetpdipulation, replacing older, less fit
individuals. One evaluation, selection, and breedingeyxlknown as a generation. Successive
generations continue to refine the population until timexkagisted, or until a sufficiently fit
individual is discovered. There are many sources of additionformation on evolutionary
algorithms; good choices includBack, 1996] De Jong, 2006; Fogel, 1999; Goldberg, 1989;
[Holland, 1975} Koza, 1992; Michalewicz, 1996

1.2.2 Q-learning

Q-learning(Watkins, 198D is particularly useful in domains where reinforcement infation
(expressed as penalties or rewards) is observed after arsagof actions has been performed.
Q-learning associates a utility Q with ea@ja) pair, wheresis a state of the environment, aad

is an action that the agent can perform when in gaide agent updates the Q values at each time
step based on the reinforcement it has received. The upolatelfa is




Q(s,a) « Q(s, &) +a (rt+1+ ymaxQ(s+1,8) — Q(St,at)> (1.1)

where the agent has just been in st®fdhas performed actioa, has observed rewarg, and it
has transitioned to the new (current) stgte;; a is the learning rate, angis a discount factor
for incorporating future rewards into the utility estimat&ction selection is usually based on a
stochastic process; popular choices includediggeedy exploration (select the best action with
probability 1— &, or a random action otherwise) and the Boltzmann explanatselect action

a in states proportionately ter<§’a), whereT is a “temperature” parameter that controls the
greediness of the selection process). Q-learning hasircayte@arantees of convergence under

theoretical conditions, which include performing eachicactan infinite number of times in

each state, as well as proper settings for the learning(Veiéekins and Dayan, 1992; Singt

al., ZOOd. For more information on Q-learning and other reinforcetriearning téchniques,

good starting points includéSutton and Barto, 1998; Bartt al, 1990;Kaelblinget al, 1996;
Sutton, 19818

1.2.3 Cooperative Coevolutionary Algorithms

Coevolution is an intuitive and easy-to-study extensiorewjlutionary algorithms for domains
with multiple learning agents. Cooperative coevolutignalgorithms (CCEAS) are a popular

approach for domains where agents succeed or fail togéffhesbands and Mill, 7991; Potter

and De Jong, 19§.4 Here, each agent is given its own population of individualsc,:h such
individual representing a possible behavior for that ag€&@€EAs usually assume that only the
performance of the entire team can be assessed; as a consgqoaee individual (behavior) for
each of the team members is required for evaluation. Fitasssssment works as follows: for
each individual in an agent’s population, one or more tuples are formed usamgl individuals
(termed collaborators) from the other agents’ populati@ither from the current generation,
or from the previous one). These collaborators can be sampledomly or selected based on
performance (if the collaborators were evaluated in theipus generation, the better ones might
be used preferentially). The fitnessia$ then computed based on the performance obtained from
evaluating the teams with the behaviors indicated by thaskes. As a consequence, the fitness
assessment is context-sensitive and subjective. Aside éwaluation, the learning processes are
independent of one another. In this thesis, | assume thatihelations evolve concurrently, which
is closer to the asynchronous nature of multiagent syst&msadditional details on CCEAs, the

readers are referred {Potter, 1997; Wiegand, 204




1.2.4 Multiagent Q-learning

Multiagent Q-learning represents a straightforward esitamof Q-learning to domains involving
multiple agentd[Claus and Boutilier, 1998 Here, each agent is given its own Q-value function
for (state,action) pairs. All agents choose their actioependently and concurrently, perform
them in parallel, and all observe the same reward assoamtedhe joint action. In contrast to
single-agent Q-learning, but similar to CCEAs, the infotim@an agent observes is subjective —
it depends on the actions chosen by other agents. The remfarthiation is then used by each
agent to update its Q-values. Usually, agents cannot perediich actions their teammates have
chosen.

1.3 Significance of Research

Multiagent systems are gradually becoming the main saiutiaa variety of real-world problems
where centralized solutions have proven infeasible or gtilmal. For example, reconnaissance
missions might be approached at comparable costs withreith&rge, complex and expensive
plane, or a swarm of cheap unmanned air vehicles: the swaahl socceed, even if enemies
destroy half the agents in the swarm, while the mission mighjeopardized if a single missile
hits the wing of the large plane. Other practical applicagiof multiagent systems include

cooperative mapping and target observat{Bassett, 2002; Parker, 2000; Luké al, 2009,
vehicle traffic managemerfEesseret al, 1987;[Nunes and Oliveira, 2004; Dresner and Stone,
2004|mrk management and
routing (Weihmayer and Velthuijsen, 1994; Boyan and Littman, 199%r@maniaret al, 1997;
Wolpert et al, 1999, electricity distribution managemefi¥argaet al, 1994; Schneideet al,

1
1999, and meeting schedulif§halupskyet al., 2002 Crawford and Veloso, 20040 name but

a few.
Many fields have finally adopted multiagent models and fraorks/due to their inexpensive

computational brawn. These include models of social, igalit and economic behavior;
population-, systems-, and cellular-biology models andog&cs; and video-game and virtual-
reality agents, and simulations for animation. Multiagieatmeworks have come into their own
with the onset of the Internet, cluster computing, and pegreer architectures.

Along with multiagent systems in general, multiagent |l@agrnwill be called upon to assist
in the development of multiagent behaviors, particuladyttze complexity of the environments
and the emergent behaviors become such that hand-coddtsslare not easily obtainable.
Take for example the emerging field of computational sod@res, which uses computer based
multiagent models to gain insight into past, present, ataréuhuman societies. Research in this
field relies on hardcoding agent behaviors to replicata-ntenan social interactions, which is a




7

very challenging task. For example, how should agents thimkact, and what existing conditions
are necessary, for a state or an empire to emerge? Multisepening techniques could provide
assistance with this process by automating much of thelséaragent behaviors. This approach
will hopefully speed progress in computational social sces, as well as in many other research
fields that have adopted multiagent systems.

Progress in multiagent learning can also provide valuaidpiration for other research areas
where decompositions of the learning tasks are possibleis i§hbecause certain multiagent
learning techniques, such as the ones discussed in this,tkssentially address the problem of
decomposing complex search spaces into simpler compai@btse tractable to existing machine
learning techniques.

Last, and certainly not least, research in multiagent legrwill provide further insight into
the human learning process. | argue that only a small partuofam learning is in isolation,
usually because there are limits to what one can solve albtost often, learning is performed
through interactions with teachers, colleagues, or coarstkand the range of problems that can be
solved together is significantly broader. It has been no&ddrb that there are certain features that
distinguish multiagent learning methods from the tradiéiblearning techniques in single-agent
domains. As such, research in multiagent learning will mlewnique and valuable information
about specific characteristics of our own learning mecimasuis

1.4 Summary of Research Contributions

This thesis makes four significant contributions to the ragknt learning research. They are
summarized below.

e It establishes theoretical guarantees of convergence todhglobal optimum for certain
multiagent learning algorithms. | claim that multiagent learning might drift to suboptimal
solutions simply because each learner has a poor estimatadayuality of its possible
behaviors, and | extend certain theoretical models to atdctar increasingly accurate
estimates. Using these models, | prove that multiagenilegealgorithms are guaranteed to
converge to the global optimum, if properly set and if givewwegh resources. This result
extends prior theoretical research, showing that claimgherexistence of uncontrollable
pathologies that plague multiagent learning can be simgiibated to improper settings.
Additionally, the theoretical analysis indicates thatkieg to improving multiagent learning
algorithms is to make sure each learning process has anade@stimate for the quality of
its behaviors.

e It demonstrates the advantages of biasing cooperative cogutionary algorithms. |
propose and analyze several approaches to combine pastiaedtanformation in order
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to improve a learner’s estimation for the quality of its babes. | show that some biasing
schemes might be very sensitive to different settings,embihers are not. | then show that
several multiagent learning algorithms can be enhancddasbiasing mechanism to achieve
significantly better performance.

¢ It details a novel multiagent learning algorithm that benefits form simpler, functionally-
equivalent estimates that can be obtained with reduced comypational costs.In addition,
learners take an active approach to improve each otheifaass for the quality of their
behaviors, and as a consequence, they are able to shift morputational resources to
searching for better behaviors. | provide empirical resstiiat demonstrate the advantages
of this approach in domains where each agent has an infirtité aetions to choose from.

e It introduces a novel multiagent learning algorithm for stochastic domains. | address
the more difficult task of achieving good quality estimatesdomains where the reward
information is noisy. In particular, | show that learners d@nefit from showing lenience
to one another, especially at early stages of learning.pggse a lenient multiagent learning
algorithm that significantly outperforms other statedod-art algorithms, particularly as the
level of noise increases.

The thesis also includes two other important contributions

e It provides a broad survey of the cooperative multiagent leaning literature. Previous
surveys of this area have largely focused on issues comnspetific subareas (for example,
reinforcement learning or robotics). These communitieeehasually worked on similar
issues, with little or no cross-fertilization of ideas. Tihesis provides an extensive survey
of multiagent learning work in a spectrum of areas, inclgdmeinforcement learning,
evolutionary computation, game theory, complex systergentamodeling, and robotics.
| identify two broad categories of multiagent learning ayjgohes, each with its own special
issues: applying a single learner to discover joint sohgito multiagent problems, or using
multiple concurrent learners. | also expose critical oEsnieés that the research community
needs to address before multiagent learning methods achielespread applicability to
real-world problems.

e It provides graphical illustrations of why concurrent learners might perform
suboptimally. | present intuitive graphical illustrations to support ttlaim that certain
algorithmic decisions might lead to learners having pooelity estimates for their
behaviors. This argument is supported further by the vizai@bn of the basins of attraction
to optimal and suboptimal solutions for learners with iasiagly accurate estimates.



1.5 Dissertation Layout

The remainder of the dissertation is structured as follo@kaptel 2 provides a comprehensive
survey of the state of the art in cooperative multiagentiieay. | identify two primary classes
of multiagent learning approaches: team learning and comculearning. The former applies a
single learner to discover behaviors for all agents, whike latter employs multiple learners in
parallel.

ChaptelB presents a theoretical analysis of why certaisuwroent learning algorithms may
fail to converge to the optimal solution, even when givenimited resources. | claim that
such problems might arise from individual learners haviongrpestimates for the quality of their
behaviors. | then employ a formal mathematical model to yameathe impact of increasingly
accurate estimates onto the overall performance of themsyst

The following three chapters describe novel multiagentiegy algorithms that benefit from
accurate estimates. Chapidr 4 presents a biasing approadhptove quality estimates for
cooperative coevolutionary algorithms by combining pasl aresent information. ChaptElr 5
details another novel multiagent learning algorithm thanddfits from the identification and
exploration of informative actions — actions that, when s#o by a learner, provide the others
with valuable information on how to accurately estimate thmlity of various areas of their
search spaces. In Chaplér 6, | present a natural extensibiesd ideas to environments where
noisy information provides an additional challenge toeas’ having accurate estimates of which

actions are better than others.
Finally, Chaptefl7r summarizes the thesis and suggestgidimedor future work.
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Chapter 2: The State of the Art in Cooperative Multi-Agent
Learning

Researchers have traditionally approached multiagemhitea from a number of different

directions: temporal difference learning, evolutionapmputation and stochastic optimization,
cellular automata and other “swarm complexity” models,otais, and game theory. This has
led to non-interacting communities, and advances in ona has usually had little impact on
learning methods in other areas. In this chapter, | provictEnaprehensive overview of cooperative
multiagent learning, and | identify major open researchessor the field. An extended version

of this survey is available ifPanait and Luke, 200%a

| argue that there are two major categories of cooperativdagent learning approaches. The
first one,team learning applies a single learner to search for behaviors for theestdam of
agents. Techniques in this category are more along the dhaditional machine learning, but
they may have scalability problems as the number of agenteases. To keep the search space

manageable, team learning techniques might assign idéhéhaviors to multiple agents in the
team.
A second category of techniques uses multiple concurranhileg processes. | term this set

of approachesoncurent learningConcurrent learning approaches typically employ a |ladiore
each team member, thus reducing the joint space by proggtiimo N separate spaces. However,
the presence of multiple concurrent learners makes theamient non-stationary, which poses
problems to many machine learning techniques.

To illustrate the difference between the two, consider tipglieation of evolutionary
computation to the disaster search and rescue scenario. aA tearning approach using
evolutionary computation encodes the behavior of the endgam in each genetic individual,
and the fitness evaluates how good the team behavior is @&egdalthe performance measure
provided as feedback. A concurent learning approach usiotutionary computation (i.e. a
cooperative coevolutionary approach) emplbypopulations, each searching for a single agent’s
behavior. However, the performance measure must now betapped among the various agents
(for example, dividing the team reward equally among thenteeembers, or on a per-merit basis —
exactly how much each agent has contributed to the searcteaade operation). The agents will
improve their behaviors independent of one another, bu htihe or no control over how the other
agents decide to behave.

When a single learner is employed, most research has foouseitie representation of
candidate solutions that the learner is developing: in@adr, the degree of heterogeneity among

11
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the team members. Sectionl2.1 covers this research. FolipBectiofi ZI2 focuses on concurrent
learning. Research in this area concerns with how to divédentreward to each learner, the
analysis of the dynamics of concurrent learning processed,the benefits of modeling other
agents in order to improve cooperation.

Communication adds an entirely new level of sophisticatmal difficulty to multiagent
learning research. As such, | dedicate Secfion 2.3 to ordguds the connection between
inter-agent communication and learning. The chapter entls avdiscussion of three areas in
multiagent learning, namely adaptive dynamics, problecodgosition, and scalability, which
present significant open research questions that have $eéar insufficiently addressed by the
community. This is covered in SectibnP.4.

2.1 Team Learning

Team learning techniques apply a single learner to disdwefeaviors for all the agents in the team.
Such an approach makes most machine learning techniquily r@aailable for their application
to multiagent systems. Team learning is additionally isé&ng in that because the agents interact
with one another, the joint behavior arising from theseratons can be unexpected: this notion is
often referred to as the emergent complexity of multiaggsttesns. There is another advantage of
team learning, although it might become more evident afsmugsing the difficulties of concurrent
learning techniques: as it involves a single agent, teamilegapproaches sidestep the difficulties
arising from the co-adaptation of several learners (a msgare for concurrent learning).

Team learning has some disadvantages as well. A major pnoisi¢he large state space for
the learning process. For example, if agent A can be in anp@flates and agent B can be in any
of another 100 states, the team formed by the two agents carelsanany as 1@00 states. This
explosion in the state space size can be overwhelming faritgamethods that explore the space
of state utilities (such as Q-learning), but it may not asstically affect techniques that explore
the space of behaviors (such as evolutionary computaflba) 1999{ Salustowicet al., 1997;
[Salustowiczet al., 1998; Sen and Sekaran, 1996 second disadvantage is the centralization of
the learning algorithm: all information and resources nedae available in a single place, where
the learning is performed. This can be burdensome in domdiege data is inherently distributed,
especially when privacy constraints on sharing the datar@sent.

Team learning may be split into two broad categoriesnogeneouandpurely-heterogeneous
team learning. Homogeneous learners develop a single dgéat/ior which is used by every
team member: this reduces the search space (a unique belsavépresented, as opposed to
one for each agent), but it might prevent agents from speiiglto particular tasks. Purely-
heterogeneous team learners develop a unique behavioadbragent: they must cope with a
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larger search space, but hold the promise for better solitiorough agent specialization. There
exist middle-ground approaches between these two cagsgdior example, dividing the team into
groups, with group mates sharing the same behavior. Sudabages, which | terrhybrid team
learning methods, reduce the number of behaviors that relke kearned (as opposed to purely-
heterogeneous teams), while still allowing for agent sgeaztion (in contrast to homogeneous
teams).

To illustrate the differences among these approachesjdmmgossible applications of team
learning to the disaster search and rescue domain. Theedewghing process is concerned with
improving the performance of the entire team of agents. A#$ sit needs to somehow encode
the agents’ behaviors—how each agent will behave in anatsito it might encounter. Given
the fact that the learning algorithm needs to search forettaggent behaviors, large teams of
agents result in enormous, usually intractable, searcbespaAs such, a purely-heterogeneous
team learning approach might only be used with very smalllmensof agents. Alternatively, a
homogeneous team learning technique assumes that allsdygere the same behavior, thus the
learner needs to only encode this single behavior. Thidteesua relatively small search space.
However, this reduction might eliminate good solutionsrthe space that the learning algorithm
is actually searching. Indeed, it may be helpful for somen&gyeo act as scouts and search for
survivors, while the other agents specialize at only asgjstith the rescue operations. As a
homogeneous team learning approach cannot representaudiorss, it will not discover them
either. As mentioned earlier, this team decompositionatea automatically taken advantage of
by a hybrid team learning approach with agents grouped lasrestouts or rescuers.

Choosing among these approaches depends on whether spe@ed needed in the team
or not. Experiments reported i{Balch, 1998; Bongard, 20D(0; Pottef al, 2007 address
exactly this issue, and | discuss their findings here, evengh some of them fall in the area
of concurrent learning. Balch suggests that domains whagdesagents can perform well (for
example, cooperative foraging) are particularly suitedhiomogeneous learning, while domains
that require task specialization (such as robotic soccexr)naore suitable for heterogeneous
approachefBalch, 1993 . His argument is bolstered by the report that heterogensitybe better
in inherently decomposable domaif®ongard, 2000 Experiments with increasingly difficult
verS|ons of a multiagent herding domain obtained by addiedattors, as reported (F\’otteret al,
200]) indicate that domain difficulty might not be a determinatbr requiring a heterogeneous
approach. Instead, the results show that heterogeneoasgibedmight be preferable when solving
the domain requires more than one skill.
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2.1.1 Homogeneous Team Learning

In homogeneous team learning, all agents are assigneddaldmthaviors, even though the agents
may not be identical (for example, different agents miglketa different amount of time to
complete the same task). Because all agents have the samadiethe search space for the
learning process is drastically reduced. The approprstenf homogeneous learning depends on
the problem: some problems do not require agent specializtt achieve good performance. For
other problem domains, particularly ones with very largebars of agents (“swarms”), the search
space is simply too large to use heterogeneous learning, ieheterogeneity would ultimately
yield the best results.

In straightforward examples of successful homogeneous tlemrning, the evolution of

behaviors for a predator-prey pursuit domain is reporteHayneset al, 1996; Haynes and
Sen, 1995 Haynest al, 1995a] Haynest al, 1995h; Haynest al, 19959. When using
fixed algorithms for the prey behavior, the results indi¢htd the evolved behaviors have similar
performance as the best human-coded greedy predatorthlgeri However, learning can also
discover the behavior for a prey that evades all previousported hand-coded, greedy, and
evolved predators.

Agents can act heterogeneously even in homogeneous teanintgaif the homogeneous
behavior specifies sub-behaviors that differ based on amt’ageitial condition (location, etc.) or
its relationship with other agents (“always follow agen}. Zor example, the use of evolutionary
computation techniques for a team formation problem is éxachin (Quinnet al, 2002. Here,
three agents start from random positions but close enougértee one another. They are required
to move the team centroid a specific distance while avoidiigseons and remaining within sensor
range. The authors investigate the roles of team membersrbgving the agents one at a time.
They conclude that the rear agent is essential to sustaimmotion, but it is not essential to the
other two agents’ ability to maintain formation. The middfgent is needed to keep the two others
within sensor range, and the front agent is crucial for tearmétion. Therefore, even though the
agents are homogeneous, they specialize (based on tlaivegdositions) to perform better as a

team.
Other research compares different machine learning mstlgdapplied to homogeneous

learning; for example, the PIPE and CO-PIPE algorithmsigtians of evolutionary algorithms)

are compared to Q-learning (with all agents using the santeb@) in(Salustowiczet al., 1997;
[Salustowiczet al, 199§. The results indicate that Q-learning has serious learpnodplems,
attributed by the authors to the algorithm’s need to seaochafvalue function. On the other
hand, both PIPE and CO-PIPE search directly in the policgesad show good performance.
A contradicting result is reported ifWiering et al, 1999, where a modified Q-learning
outperforms both PIPE and CO-PIPE. Which machine learmalgrtique is better, and under what
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circumstances, is still an open question.

A cellular automaton (CA) is an oft-overlooked paradigmifomogeneous team learning (only
a few CA papers examine heterogeneous agents). A CA coos$iateeighborhood (often a row
or grid) of agents, each with its own internal state, plusatestipdate agent behavior (the rule)
applied to all the agents synchronously. This rule is uguadised on the current states of an
agent’s neighbors. CAs have many of the hallmarks of a ngdtia system: interactions and
communications are local, and behaviors are performegerdently. A good survey of existing

work in learning cellular automata rules is presente{Mrichell et al. 1998).

One common CA problem, the Majority (or Density) Classificattask, asks for an update
rule which — given initial configurations of agents, eachrdgeith an internal state of 1 or 0 —
correctly classifies as many of them as possible based orheih#te initial configuration had
more 1s than Os or more Os than 1s. This is done by repeateplyirap the update rule for
several iterations; if the agents have converged to alhks;ule is said to have classified the initial
configuration as majority-1s (similarly for 0s). If it hastremnverged, the rule has not classified
the initial configuration. The goal is to discover a rule tblassifies most configurations correctly
given specific standard settings (in terms of number of agesite of neighborhood, etc). Due
to the complexity of the emergent behavior, it is exceptilyrdifficult to create good performing
solutions by hand. For a benchmark problem using a spectfioggthe best human-coded result,

of 82.178% accuracy, was proposed|Daset al, 1994. Much better results have been produced
with evolutionary computation methods: a rule with accyr@2 326% obtained by using genetic

programming is reported iAndre et al, 1996. At present the best known result, with accuracy

86.3%, was obtained via competitive coevoluti@uille and Pollack, 1998
Finally, many homogeneous team learning papers are catténe increased power added by
indirect and direct communication abilities. | discusshsliterature in Sectiof 213.

2.1.2 Purely-Heterogeneous Team Learning

In purely-heterogeneous team learning, a single learies to improve the team as a whole by
learning a unique behavior for each of the agents. This &gbrallows for more diversity in the
team at the cost of increasing the search sfi@ced, 200D. The bulk of research in heterogeneous
team learning has concerned itself with the requiremenifdihe emergence of specialists.
Several approaches to evolving teams of predator agentingha prey are analyzed in

(Luke and Spector, 1996Here, the authors compare homogeneity, heterogeneityrastricted

breeding (agents could only breed with like agents from otis@ms), and heterogeneity with no
breeding restrictions. The authors suggest that the ctsdrbreeding works better than having
no restrictions for heterogeneous teams, which may im@y tihe specialization allowed by the
heterogeneous team representation conflicts with the agfent genotype mixture allowed by the
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free interbreeding. Similarly, genetic programming islaggpto develop a team of soccer playing
agents for the RoboCup simulator (Andre and Teller, 1999 The individuals encode eleven
different behaviors (one for each player). The authors aisation that the crossover operator
(between teams of agents) was most successful when penigprestricted breeding.

The evolution of homogeneous and heterogeneous teamsefpreédator-prey pursuit domain
is investigated in(Haynes and Sen, 1996b; Haynes and Sen, 1997a; Haynes and9S&i).
The authors present several crossover operators that mayope the appearance of specialists
within the teams. The results indicate that team heteratyeoan significantly help despite
apparent domain homogeneity. The authors suggest tham#lyi$e due to deadlocks generated by
identical behaviors of homogeneous agents when positiorbe same location. Haynes and Sen
report that the most successful crossover operator allosay crossover operations between
behaviors for different agents, a result that contradietdindings described ifLuke and Spector,

1996; Andre and Teller, 9

The so-called “one-population” coevolution can be usedh\Wwiéterogeneous team learning in
an unusual way: a single population is evolved using an arglievolutionary algorithm, but
agents are tested by teaming them up with partners chosandam from the same population,
to form a heterogeneous ted@ull, 1997). In (Miconi, 2001, members of teams selected from
such a coevolving population are evaluated based on how mvacse the team performs when
that member is not in it. The author reports the appearansqu#Eds and “subspecies” within the
team. The results also indicate that the overall performari¢his approach is superior to that of
a homogeneous team learning algorithm (this is supportetéogxperiments ifQuinn, 20013).
It is not clear, however, where one-population cooperatoavolution should be categorized. It is
clearly a single learner (one EA population), yet the metéxtibits many of the game-theoretic

oddities discussed in SectibnP.2.
Unfortunately, scaling heterogeneous team learning gelaumbers of agents is extremely

difficult, especially for large swarms of agents. SearcHorgnore than a dozen agent behaviors
is usually intractable with current computational capéibg. Certain simplifying assumptions are
required to reduce the complexity of the search; for exangtlleough all agents may not share the
same behavior, large numbers of them might. Such approacbe®vered next.

2.1.3 Hybrid Team Learning

In hybrid team learning, the set of agents is divided intesa\groups, with each agent belonging
to exactly one group. All agents in a group have the same b@h&@ne extreme (a single group),
is equivalent to homogenous team learning, while the otkgeme (one agent per group) is
equivalent to heterogeneous team learning. Hybrid teamilggthus permits the experimenter
to achieve some of the advantages of each method.
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In (Cuke, T998[ Lukeet al, 1997, the authors report on evolving soccer teams for the RoboCup
competition, and mention that the limited amount of timeilabde before the competition
diminished the probability of obtaining good heterogerseteams. Instead, they compare the
homogeneous approach with a hybrid combination that divithe team into six groups of
one or two agents each, and then evolves six behaviors, angrpep. The authors report
that homogeneous teams performed better than the hybridagp but mention that the latter
exhibited initial offensive-defensive group specialiaatand suggest that hybrid teams might have
outperformed the homogeneous ones, if learning was giver titoe.

Faced with the specialization/search-space tradeoffé@mten heterogeneity, Hara and Nagao

present an automated grouping technique called Autonligtidaefined Groups (ADG)YHara and

Nagao, 199i) In ADG, the team of agents is composed of several groupsmbgenelous agents
(similar to(Cuke, 1998[ Lukeet al,, 1997); however, ADG automatically discovers a good number
of groups and their compositions. Additionally, the acgdigroup structure may give insights into
the cooperative behavior that solves the problem. The asithacessfully apply this technique to
a simple load transportation problem and to a modified tibeldvdomain. A similar approach is
reported inf[Bongard, 2000) where GP individuals contain partitioning instructionsthe creation

of groups.

2.2 Concurrent Learning

The alternative to team learning in cooperative multiaggstems is concurrent learning, where
multiple learning processes attempt to concurrently impnoarts of the team. Most often, each
agent has its own unique learning process to modify its hehavihere are other degrees of
granularity of course: the team may be divided into “groypesgich with its own learner (for
example, in[Potteret al,, 2007).

Concurrent learning and team learning each have their cloar:jpnd detractors. Concurrent

learning might outperform both homogeneous and heteragerteam learning, as shown(Bull

and Fogarty, 199" Tba, 1996. Iba, 1998 contrast, team learning is preferable in certain other
situations(Miconi, 2003. When then would each method be preferred over the othefPahsen
and Wiegand, ZOd3the authors argue that concurrent learning may be preééeirathose domains
for which some decomposition is possible and helpful, anérwit is useful to focus on each
subproblem to some degree independently of the others. ddson for this is that concurrent
learning projects the large joint team search space oneratg) smaller individual search spaces.
If the problem can be decomposed such that individual agembors are relatively disjoint, then
this can result in a dramatic reduction in search space acohiputational complexity. A second,
related advantage is that breaking the learning processimaller chunks permits more flexibility
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in the use of computational resources to learn each pro@ssibe they may, at least partly, be
learned independently of one another.

The central challenge for concurrent learning is that eaealmler is adapting its behaviors in
the context of other co-adapting learners over which it lmsantrol. In single-agent scenarios
(where traditional machine learning techniques are apbl&), a learner explores its environment,
and while doing so, improves its behavior. Things changé witlltiple learners: as the agents
learn, they modify their behaviors, which in turn can ruitet agents’ learned behaviors by
making obsolete the assumptions on which they are basedsi@pdistic approach to deal with
this is to treat the other learners as part of a dynamic enment to which the given learner

must adapt. This idea was used in early multiagent learntegature (Schmidhuber, 1996;
[Schmidhuber and Zhao, 1996; Zhao and Schmidhuber,)18e6 things are more complicated in
concurrent learning: the other agents are not merely chgngut are in fact co-adapting to the
originial learner’'s adaptation to them. Therefore, thendgjeadaptation to the environment can
change the environment itself in a way that makes that vesptation invalid. This is a significant
violation of the basic assumptions behind most traditionathine learning techniques.

The concurrent learning literature breaks down along wffe lines than the team learning
literature. This is because each agent is free to learn ahgrand thus the heterogeneity of the
team becomes an emergent aspect rather than a design détisomcurrent learning. | argue that
there are instead three main thrusts of research in the beeacurrent learning. First, there is the
credit assignmenproblem, which deals with how to apportion the reward olgdiat a team level
to the individual learners. Second, there are challenggseidynamics of learningSuch research
aims to understand the impact of co-adaptation on the legumiocesses. Third, some work has
been done omodeling other agentgs order to improve the collaboration with them.

2.2.1 Credit Assignment

When dealing with multiple learners, one is faced with trektaf divvying up among them the
reward received for their joint actions. The simplest Soluis to split the team reward equally
among each of the learners, or in a larger sense, divide Werdesuch that whenever a learner’s
reward increases (or decreases), all learners’ rewardsase (decrease). This credit assignment
approach is usually termed global reward.

There are many situations where it might be desirable tgassiedit in a different fashion,
however. Clearly if certain agents did the lion’s share eftdsk, it might be helpful to specially
reward them for their actions, or to punish others for laggmeSimilarly, global reward might
not scale well to increasingly difficult problems because tbarners do not have sufficient

feedback tailored to their own specific actiofWolpert and Tumer, 2001 In other situations
credit assignment must be done differently because gleland cannot be efficiently computed,
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particularly in distributed environments. For exampleairobotics foraging domain, it may not be
easy to gather the global information about all items disced and foraged.

If we're not to equally divide the team reward among the agjewhat options are there, and
how do they impact on learning? One extreme is to assess gaalisaperformance based solely
on its contribution. This approach discourages lazinesaus® it rewards agents only for those
tasks they have actually accomplished. However, agentedaave any rational incentive to help
other agents, and greedy behaviors may develop. | call pipgoach local reward.

In (Balch, 1997} Balch, 1999the author experiments with different credit assignmelitjes
to explain when one works better than the others. He argussldbal reward leads to faster
learning rates, but not necessarily to better results tharagjreward. For one problem (foraging),
local reward produces better results, while in anotherdtictsoccer) global reward is better. The
author suggests that using local reward increases the hamedy of the learned teams, which
in turn indicates that the choice of credit assignment efratshould depend on the degree of
specialization that is desired for the resulting team.

A few other credit assignment schemes have been proposeelhs Iw (Mataric, 1994}
the agents’ separate learning processes are improved Hyimiowgn individual local reinforcement
with types of social reinforcement: observational reinément is obtained when observing and
imitating behaviors of other agents; agents might receicarious reinforcements whenever
other agents are directly rewarded. (f@hanget al, 2003, each agent assumes the observed
reward signal is a sum of the agent’s direct contribution soiche random Markov process that
estimates the contributions of teammates. Each agent gmpli&alman filter to separate the
two terms and to compute its true contribution to the glolealard. The authors show that this
reward filtering approach provides a better feedback fanliag in simple cooperative multiagent
domains. Yet another credit assignment mechanism appadgsman agent’s contribution to
the team reward based on how the team would have fared differevere that agent not
present. This is termed the Wonderful Life Utility, and itshaeen shown superior to both local

and global reward, particularly when scaling to large nurels agentd(Tumer et al, 2002;
Wolpert and Tumer, 2001

The wide variety of credit assignment methods have a sigmfionpact on the coverage of
research in the dynamics of learning, which follows in thetrsection. The initial focus will be
on the study of concurrent learning processes in fully coatpee scenarios (when using global
reward). But as just mentioned, global reward may not alweyk best for concurrent learning
agents: instead, various other schemes have been propbeseever, these credit assignment
schemes may run counter the researchers’ intention for gleata to cooperate, resulting in
dynamics resembling those in general-sum scenarios, vanehlso discussed.

To understand why credit assignment policies can complithé dynamics of learning,
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suppose two foraging agents are rewarded solely based @péeel at which they are gathering
items. A narrow bridge separates the source of items fronldbetion where items are to be
deposited. If both robots arrive at the bridge at the same,tiwiat is the rational thing for them to
do? If they have a local credit assignment procedure, raghvlling to let the other go first: that

would cost time and would decrease its own credit. This igmesTent of social scientists’ notion
of being in the individual interest of none (none of the rabwants to let the other go first), but

in the collective interest of all agents (both robots loaseetif they struggle to get on the bridge
first) (Cichbach, T99j

2.2.2 The Dynamics of Learning

When applying single-agent learning to stationary envitents, the agent experiments with
different behaviors until hopefully discovering a glolyadiptimal one. In dynamic environments,
the agent may at best try to keep up with the changes in theoemaent and constantly track the
shifting optimal behavior. Things are even more complidatemultiagent systems, where the
agents may adaptively change each others’ learning emagats.

The range of tools to model and analyze the dynamics of coaiculearners is unfortunately
very limited. | believe two tools have the potential to pawifurther understanding on such
issues. The first one, evolutionary game theory (EGT), nsoithel learners as concurrent decision

processes in an ideal scenario where they are given untimésource§Maynard Smith, 19§2;

[Hotbauer and Sigmund, 1998EGT was successfully used to study the properties of catiper
coevolution(Wiegand, 2004 and to study trajectories of concurrent Q-learning preesJuylset

al., 20037t Hoen and Tuyls, 20041 employ the EGT model extensively in Chagier 3. The other
tool is a framework to model and predict the behavior of coret multiagent learner@/idal

and Durfee, 199|m03 he system uses parameters such as rate of behavior
change per agent, learning and retention rates, and thatratieich other agents are learning as
well. Combining this information permits approximatingtérror in the agents’ decision function
during the learning process.

Many studies in concurrent learning have investigated tloblpm from a game-theoretic
perspective. An important concept for these investigatisnthat of Nash equilibrium, which
is a joint strategy (one strategy for each agent) such thaingde agent has any rational incentive
(in terms of better reward) to change its strategy away froengquilibrium. As the learners do
not usually have control over each others’ behaviors, orgatliances to escape this equilibrium
is not trivial. For this reason, many of the investigatioisoncurrent learning are concerned
with proving that the algorithms converge to Nash equilibripoints. However, especially in
approaches specific to cooperative multiagent systenssalso helpful to ask whether the agents
actually found a globally-optimal collaboration, or onlgaboptimal Nash equilibrium.
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If one uses only global reward, the rewards received by agarg correlated, and so
increasing one’s reward implies increasing everybodystesvard. In such cases, it is relatively
straightforward to check that the concurrent learning apgin has converged to the globally
optimal team. | discuss this literature next. Following, dver learning in more general
settings where the relationship among rewards receive@dmyérs is less clear. Such research
is particularly apropos to learning in combination withditeassignment schemes other than using
the global reward.

Fully Cooperative Scenarios

Theoretical investigations of the dynamics of learning aseally performed on very simple
multiagent domains, employing a few (usually two) agentéanéed number of actions for each
agent, and environments with only a few (if any) states. Harghe convergence of concurrent Q-
learners to global optimum is not always achieved even wheragents can immediately perceive

the actions of all other agents in the environmé@faus and Boutilier, 1998 This result is
disturbing, given the fact that agents usually do not hawh ssomplete information about the
team and the environment. Follow-up research has propogseohber of alterations to concurrent
multiagent Q-learning to increase the probability of firgdihe global optimum. For example,
estimates of the highest reward observed for each actioweglsas the frequency of observing
those rewards in the past, can be used to update an ageitis (h@iuer and Riedmiller, 200)Qor
its exploration strategyKapetanakis and Kudenko, 2002a; Kapetanakis and KuderikiZp
Alternatively, a stochastic sampling technique that isrgoteed to converge to optimal Nash

equilibria in deterministic domains is introduced(@rafman and Tennenholtz, 200owever,
the algorithm is polynomial in the number of actions of thertg, and it also assumes certain a
priori coordination of the agents’ learning processes éhents agree to a joint exploration phase,
followed by jointly exploiting the action that yielded maxum reward).

Scaling up to environments with states is computationadijnanding as well. The Optimal
Adaptive Learning algorithm is guaranteed to converge tinogd Nash equilibria if there are a
finite number of actions and stat@&ang and Sandholm, 20D2 Unfortunately, the optimality
guarantees comes at a cost in scalability: the overall ilegrask is decomposed into a set of
simpler components that is usually exponential in the nurobagents. Environments where the
state can only be partially observed (usually due to thetag@mited sensor capabilities) represent
even more difficult (also more realistic) settings. The @fdinding the optimal policies in partially
observable Markov decision process is PSPACE-comffed@adimitriou and Tsitsiklis, 1987
and it becomes NEXP-complete for decentralized partidilyeovable Markov decision processes
(Bernsteiret al,, 2000). Preliminary research on concurrent learning algorithonséich domains

is presented ifPeshkiret al, 2000; Nairet al,, 2009.
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Research in cooperative coevolutionary algorithms hae abddressed similar problems,
although usually in the context of making the learning tasktable by decomposing the search
space in multiple, simpler subspaces. Some work here hasdmge on tuning parameters of the
system in order to increase the performance of the algor(Bufi, 1997;[Bull, 1998; Wiegand
et al, 200]5. Recent work has analyzed the conditions under which cuﬁmlaril systems
gravitate towards suboptimal Nash equilibria, rather taviding globally optimal solutions for
the team as a whole. For example, certain cooperative asgwory algorithms may converge to
suboptimal solutions even when given infinite computatioesource§Wiegand, 2004; Wiegand
etal, 2oozém. This pathology, termed “relative overgeneraliz:altios”dUe
to the fact that each of the concurrent learners tends teipsefutions (agent behaviors) that work
reasonably-well in general, rather than solutions thahfglobally optimal team behaviors.

Several variations attempt to sidestep such difficultiesor &ample, the coevolutionary
algorithm might be augmented with a “hall of fame” repositaonsisting of theN best teams

discovered so fafGordin et al, 1997;[Puppalaet al, 19989. In this case, individuals are
evaluated by pairing them up with teammates chosen from hhik of fame; this approach
generally outperforms ordinary cooperative coevolutiethnds. A related approach is reported

in (Blumenthal and Parker, 204vhere learners periodically provide representative iensfor
the other learners to use for training.

To summarize, concurrent learning in fully cooperativensems is extremely difficult, even
in very simple problem domains. Many of the algorithms oftenverge to suboptimal solutions,
either because they perform heuristic searches in NP-amproblems, or simply because of
certain unfortunate pathologies such as the relative evenglization. One approach to design
better concurrent learning algorithms is to restart thenitipie times, and to only take the

best solution. This approach is explored (Merbeecket al, 2003;[Verbeecket al., 2005,
where coordinated restarts of suboptimal learning algor#tare combined with action exclusions
(similar to tabu search) to guarantee convergence to thmthjooptimal solution. Unfortunately,
the restarts may require a significant amount of time.

General Sum Games

Due to unequal-share credit assignment, increasing thardeaf an agent may not necessarily
result in increasing the reward of all its teammates. Indemdh credit assignment can
inadvertently create highly non-cooperative scenarias. sich reasons, general sum games are
applicable to the cooperative learning paradigm, evenghao some situations such games may

not be in any way cooperative. Following the early work(inttman, 1994, there has been
significant research in concurrent learning for generat-stochastic games. Most work in the
area has been in normal-form games where players act smaoltgly, which | cover next.
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Hu and Wellman introduce a distributed reinforcement legyalgorithm where agents do not

learn just a single table of Q-values, but also tables foothlér agent{Hu and Wellman, 19989a
(revised and extended ifBowling, 2000 Hu and Wellman, 2003 This extra information is
used later to approximate the actions of the other agentalt@mative approach is presented in

(Nagayukiet al, 2000), where agents approximate the policies, rather than thesalb Q-values,

of the other agents. Yet another extension, EXORL, is intoed in(Suematsu and Hayashi,

2002 to learn optimal response policies to both adaptive and fpaities for the other agent.
The Friend-or-Foe Q-learning algorith(fittman, 2003 attempts to find either a coordination
equilibrium (with cooperative agents) or an adversaria (wmith competitive agents). Correlated-

Q (Greenwald and Hall, Z003elies on the “correlated equilibrium” solution concepthigh
assumes additional coordination among agents via a mexthdaispecify what action each agent
should play.

As argued in[Bowling and Veloso, 2001; Bowling and Veloso, 200arning agents should
have two desirable properties, namely rationality (thenagbould converge optimally when the
other agents have converged to stationary strategies)amveigence (under specified conditions,
all agents should converge to stationary strategies). Ttieoes then present the WoLF learning
algorithm that exhibits these two properties. AdditiopallMoLF varies the learning rate from

small and cautious values when winning, to large and agigeesalues when losing to the other
agents.

In (Noweet al, 2007, two agents participate in a repeated game with two NasHiledai In
one Nash equilibrium, one agent receives more reward theaattter, and the situation is reversed
in the other equilibrium. The authors propose a “homo-aguatinforcement approach, where
communication is used to alternate between the two unfdimap points in order to fairly share
the rewards received by the two agents. An extension of tgaighm for games with multiple

states is described {{Peeterst al, 2009).

2.2.3 Teammate Modeling

A final area of research in concurrent learning is teammatdetmgy: learning about other
agents in the environment so as to make good guesses of #pacted behavior, and to be
able to cooperate with them more effectively. Such an ampros used in(Boutilier, 1996;
[Chalkiadakis and Boutilier, 2003where a Bayesian learning method is employed for updating
models of other agents. A similar agent modeling approactsisting of learning the beliefs,

capabilities and preferences of teammates, is presenf&iirgadi and Gmytrasiewicz, 199RAs
the correct model cannot usually be computed, the systemsshcset of such models together with
their probability of being correct, given the observed s of the other agents.
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As other agents are likely modeliygu, modelingthemin turn brings up the spectre of infinite
recursion: “Agent A thinks that agent B thinks that agent Alkis that agent B thinks that ...".
This must be rationally sorted out in finite time. One applo&cto categorize agents based

on the complexity they assume for their teammdiédal and Durfee, 1997 A 0O-level agent
does not perform any direct reasoning about its teammadiey ére rather treated as part of the
environment). A 1-level agent models its teammates asél-égents. In general, an N-level agent
models its teammates as (N-1)-level agents.

The use of O-level, 1-level and 2-level modeling agents iestigated in(Mundhe and

1 1
Sen, 2000 The authors report a very good performance for the O-lesainers, suggesting
that teammate modeling may not be necessary in some domésasilar results showing

good coordination without modeling other agents are regboih (Sen_and Sekaran, 1998;

ISenet al, 1999, where two robots learn to cooperatively push a box withithee being aware
of the other’s presence. Experiments in which 1-level egyerddel each others’ action probability

distributions are presented(Banerjeeet al, 2000]{ Mukherjee and Sen, 200y creating models
of one another, the agents develop a beneficial form of mtrust. The advantages of modeling
other agents and recursively tracking their decisionsdfitrer agents or groups of agents) are also
briefly discussed ifTambe, 1995

When dealing with larger numbers of teammates, a simplerefimaglapproach is to presume
that the entire team consists of agents identical to the fimgdeagent. This approach,
complemented with a case-based learning mechanism fomdeaith exceptions from this

assumed behavior, is detailed(iHayneset al,, 1996;[Haynes and Sen, 1996a; Haynes and Sen,

19969.
When learning models of other agents in a multiagent legredenario, the resulting behaviors

are highly sensitive to the agents’ initial beli€f$u and Wellman, 1996; Wellman and Hu, 1998
Depending on these initial beliefs, the final performance tmabetter or even worse than when
no teammate modeling is performed at all— agent modeling pn@yent agents from converging

to optimal behaviors. A similar conclusion is reportedifu and Wellman, 1998b the authors

suggest that the best policy for creating learning agents iminimize the assumptions about
the other agents’ policies. An alternative is to automdiiadiscover if the other agents in the
environment are cooperating with you, competing with yauam@ in some other relationship to
you. The application of reciprocity concepts to multiaggminains where not enough information

on the intentions of other agents is known a priori is ingeged in(Sekaran and Sen, 1995;

[Sen and Sekaran, 1999 he authors apply a stochastic decision-making algorittahencourages
reciprocity among agents while avoiding being taken adgatof by unfriendly agents. The
results indicate that those agents that prefer not to catpend up with worse performance. As

pointed out in(Nowak and Sigmund, 1998there are two types of reciprocity: direct (agent A
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helps another agent B and so expects B’s help in the futuckalirect (an agent helps another in
return for future help from other agents). Such reciproiitproves an agent’s “reputation”. The
authors argue that a necessary condition for cooperatitiraighe “degree of acquaintanceship”
(the probability that an agent knows another agent’s réjmmpshould exceed the ratio of cost of
altruistic help relative to the benefit to the recipient. Bamanalysis can be done without the need
to model reputation per se: (ffo, 1997, game-players are pitted against one another, where each
agent had access to a history of his opponent’s previousracsigainst other players.

| conclude this section with work in agent modeling under ommication. A communication
protocol for agents to subcontract subtasks to other ageatalyzed iflOhkoet al, 17997). Here,
each agent tries to decompose tasks into simpler subtadhks@adcasts announcements about the
subtasks to all other agents in order to find “contractorsd wan solve them more easily. When
agents are capable of learning about other agents’ taskigabilities, communication is reduced
from broadcasting to everyone to communicating exact ngesst only those agents that have
high probabilities to win the bids for those tasks. A relag@groach is presented (Bui et al,,
1999;/Bulet al, , Where Bayesian learning is used to incrementally updatetsaf other
agents to reduce communication load by anticipating theeuré actions based on previous ones.
Case-based learning has also been used to develop sutg@ssfulans based on one’s historical
expectations of other agents’ actid@arland and Alterman, 2004

2.3 Learning and Communication

Communication is a necessity for some problems; for oth@symunication may nonetheless
increase agent performance. | define communication vergdiyo altering the state of the
environment such that other agents can perceive the mddificand decode information from
it. Among other reasons, agents communicate in order tadawate more effectively, to distribute
more accurate models of the environment, and to learn dubtdistions from one another.

But are communicating agents really multiagent? Stone alds¥ argue that unrestricted
communication reduces a multiagent system to somethingdgghic to a single-agent system
(Stone and Veloso, 20P0They do this by noting that without any restriction, the@gecan send
complete external state information to a “central agenty execute its commands in lock-step,
in essence acting as effectors for the central agent. Aaeaent is not even necessary: as long
as agents can receive all the information they need to kndwutahe current states of all the
other agents, they can make independent decisions knowangjly what the other agents will
do, in essence enabling a “central controller” on-boarcheadividual agent, picking the proper
sub-action for the full joint action. Thus, a true multiag@noblem necessitates restrictions on
communication. At any rate, while full, unrestricted conmaation can orthogonalize the learning
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problem into a basic single-agent problem, such an appn@aghres very fast communication of
large amounts of information. Real-time applicationseast place considerable restrictions on
communication, in terms of both throughput and latency.

Explicit communication can also significantly increase search space for the learning
method, both by increasing the size of the external statéahl@to the agent (it now knows state
information communicated from other agents), and by irgirgpthe agent’s available choices
(perhaps by adding a “communicate with agénaction). As noted in(Durfee et al, 1987,
this increase in search space can hamper learning by marettimmunication itself may help.
Thus, even when communication is required for optimal perénce, the learning method must
disregard communication, or hard-code it, in order to sifyghe learning process for many
applications. When learning in a predator-prey pursuit dioinfor example, experiments in

(Cuke and Spector, 199&ssume that predators can sense each other’s position ter nvhat

distance separates them, while a blackboard communicatioeme is used instead (iBerenjl

and Vengerov, ZOOOHO allow the agents to know other agents’ locations.

2.3.1 Direct Communication

Many agent communication techniques employ, or assumextannal communication method
by which agents may share information with one another. Théhad may be constrained in
terms of throughput, latency, locality, agent class, et@riples of direct communication include
shared blackboards, signaling, and message-passing. it€heure has examined both hard-
coded communication methods and learned communicationadst and their overall effects on
learning.

Cooperating learners can use communication in a varietyayswn order to improve team
performance, as indicated (fian, 1993. For example, agents can inform others of their current
state by sharing immediate sensor information. Anotheraaah is for agents to share information
about past experiences in the form of episodes (sequencéstadé,action,rewajdpreviously
encountered by the agent) that others may not have expedsmt. Yet another alternative is for
agents to share knowledge related to their current pol{¢émrsexample, cooperating Q-learning
agents might communicatstate,action,utility values).

Some research, particularly in Q-learning, has simplyyrex] that the agents have access to
a joint utility table or to a joint policy table to which eacham contribute in turn, even though
the agents are separate learners. For example, a coopeledining setting where multiple
agents employ communication to use and update the same litvestigated ir(Berenji and

Vengerov, 2000a The authors suggest that the simultaneous update of aatenticy reduces
early tendencies for convergence to suboptimal behavioesgue that this is an implicit hard-
coded communication procedure: the learners are teachotgaher learned information.
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Much of the remaining research provides the agents with anaamication channel but does
not hard-code its purpose. In a simple situation, agentsalbuolary may consist of a single
signal detectable by other agef@®agner, 200D In other work, mobile robots in a cooperative
movement task are endowed with a fixed but undefined comntisnicazocabulary (for example,

in (Yanco and Stein, 199B. The robots learn to associate meanings with words in wvario
trials. When circumstances change, the robots learn tesatljeir communication language as

appropriate. A similar approach is reported(hm and Giles, 2000to learn a language for
communication in a predator-prey domain. The authors udackiboard communication scheme
and present a rule for determining a pessimistic estimateeminimum language size that should
be used for multiagent problems. The emergence of a spantarmherent lexicon that may
adapt to cope with new meanings during the lifetime of thentgyis reported ifSteels, 1996a
Further, agents are able to create general words throu¢gctieé agreement on their meanings

and coveragéSteels and Kaplan, T999Similar approaches to evolving communication languages
are presented ifiCangelosi, 2001, de Boer, 1997; Saunders and Pollack,| 19@gjs, 1995;
[Steels, 19961; Steels, 1996c; Steels, 1097, Steels| 2O0GWE, 2009.

Many such methods provide an incentive to the agents to canvae (perhaps by sharing the
resulting reward). However, reward incentives are not s&aey for the agents to communicate
(Ackley and Littman, 1994

2.3.2 Indirect Communication

Indirect communication involves the implicit transfer afarmation from agent to agent through
modifications of the external world. Examples of indirectmeounication include: leaving
footsteps in snow, leaving a trail of bread crumbs in ordefirtd one’s way back home, and
providing hints through the placement of objects in the emment (perhaps including the agent’s
body itself).

Much of the indirect communication literature has drawnpiretion from social insects’
use of pheromones to mark trails or to recruit other agemsta‘sks(HoIIdobIer and Wilson,

1990 Pheromones are chemical compounds whose presence arehtranon can be sensed

by fellow insectdBonabeatet al, 1999, and like many other media for indirect communication,
pheromones can last a long time in the environment, thouey itiray diffuse or evaporate. In
some sense, pheromone deposits may be viewed as a largbddadlor state-utility table shared
by all the agents; but they are different in that pheromoma@sonly be detected locally.

Several pheromone-based learning algorithms have beqrosed for foraging problem
domains. A series of reinforcement learning algorithmsehadopted a fixed pheromone
laying procedure, and use current pheromone amounts fati@dd sensor information while
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exploring the space or while updating the state-actiontytdstimates(Leerink et al., 1995;
[Monekosscet al,, 2002; Monekosso and Remagnino, 2001; Monekosso and Remoa@®02).
Evolutionary algorithms have also been applied to leardceafion/exploitation strategies using
pheromones deposited by hard-coded mechanisms. For exaafd can tune the agents’ policies
in an application involving multiple digital pheromon¢Sauteret al., 2002 Sauteet al, 200J).
A similar idea applied to network routing is presentedWhite et al, 17999).

Another research direction is concerned with studying Ywaiedgents can learn not only to use
pheromone information but to deposit the pheromones in@yatmanner. This question was first
examined in AntFarm, a system that combines communicaiemplveromones and evolutionary

computatior(Collins and Jefferson, 19P2; Collins and Jefferson, )98htFarm ants use a single
pheromone to mark trails toward food sources, but use a cesnfmapoint themselves along
the shortest path back to the nest. Related algorithms #élbiegood performance at various
foraging tasks are detailed (Ranait and Luke, 2004a; Panait and Luke, 200%bese algorithms
use multiple pheromones, and in doing so they eliminate xipdicit requirement for agents to
precisely know the direction towards the nest from any ocatRather, the agents use pheromone
information to guide themselves to the food source and badké nest. Agents using these
algorithms are able to optimize paths, and also to cope viasiiazles and dynamic environments.

Finally, evolutlonary computation is shown to automaticaliscover such algorithms |fPana|t
and Luke, 2004b

Another approach to indirect communication among agemnslies using the agents’
body positions themselves to convey meaning. As argueffMifson, 197%5; Ouinn, 2000b
communication “is neither the signal by itself, nor the @sge, [but] instead the relationship
between the two”, and as such, communication does no regudetlicated channel. One form
of indirect communication involves foraging robots that ukeir bodies to mark the path that
other robots should follovfWerger and Mataric, 1999 Alternatively, robots in a collaborative
movement scenario might coordinate by communicating #apted roles of leader or follower
via sequences of moves; for example, after initial phaseaighment, the robots use rotation
and oscnlatory back-and-forth movements to decide whdddehe way and who foIIowéQumn
2001t)

2.4 Open Research Issues

Multi-agent learning is a new field and as such its open rekaasues are still very much in flux.
This section singles-out three important open questicatsied to be addressed in order to make
multiagent learning more broadly successful as a technique
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2.4.1 Adaptive Dynamics and Nash Equilibria

Multi-agent systems are typically dynamic environmentshwwnultiple learning agents vying for
resources and tasks. This dynamism presents a uniquergpaliet normally found in single-
agent learning: as the agents learn, their coadaptatioméoanother effectively changes the
learning goalposts. How can agents cope with an environmikeete the goalposts are constantly
and adaptively being moved?

Much of the past literature has concerned itself with corentrlearning algorithms that
converge. However, such convergence might be in many cades optimal but to suboptimal
solutions. For example, the theoretical analysi§Wiegand, 200 reports on the existence of
undesirable pathologies that plague concurrent learngayithms and make them drift away from
optimal solutions. Additionally, the research(lnchbach, 1996; Shohaet al., 2004 suggest that
it might be the very rationality of the learners that makesnitprefer suboptimal solutions.

These issues are critical for significant advancementsimthitiagent learning field. What are
the underlying causes for pathologies reported to haurtwoent learning? Moreover, how can
such pathologies be eliminated to allow concurrent legrailgorithms to search for the optimal
solutions? Can such learners exhibit rationality, or sthdiey be created to exhibit some degree
of irrationality?

The research in this thesis centers on addressing thesequestions. In Chaptdd 3, |
present a theoretical analysis revealing that concurearners might drift away from optimal
solutions simply because the learners might incorrectiymesge that actions associated with
optimal solutions are in fact worse than actions assocwatddsuboptimal solutions. Following,
Chapterd ¥ H6, | detail novel concurrent learning algorghiimat benefit from correcting the
learners’ estimates. Interestingly, one primary charetie of these corrections is in some sense
“irrational”: | show that agents are better off if theynore certain information.

2.4.2 Problem Decomposition

The state space of a large, joint multiagent task can be dwdming. As a consequence,
multiagent learning algorithms might be applied to explgigantic search spaces. This poses
a significant challenge for the learning task. How can thecbespace be reduced to render it
tractable for multiagent learning algorithms?

An obvious way to tackle this is to use domain knowledge topdiimthe state space, often
by providing a smaller set of more “powerful” actions custpead for the problem domain. For
example, an application of Q-learning to select from haoded reactive behaviors for robot
foraging tasks (such as avoid, head-home, search or diperpresented ifMataric, 1994D;
[Mataric, 1993. Another alternative has been to reduce complexity by k&oaily decomposing
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the problem, and hence the joint behavior, into separateplsr behaviors for the agents to
learn. Such decomposition may be done at various levelofdeasing team behaviors into
sub-behaviors for each agent; decomposing an agents’ ioelato sub-behaviors; etc.), and the
behaviors may be learned independently, iteratively (etgending on the earlier one), or in a
bottom-up fashion (learning simple behaviors, then gnogjmto “complex” behaviors).

One such approach is to learn basic behaviors first, therhegt in stone and learn more
complex behaviors based on them. This method is commonlyviknas layered learning,
and was proposed ifStone, 1997[ Stone, 19P&nd successfully applied to robotic soccer.
Further applications of the technique to keep-away soccerrgported in(Gustafson, 2000;
[Gustafson_and Hsu, 200[L; Hsu and Gustafson, |2002; WhitesdnStone, 2008 Another
approach, shaping, gradually changes the reward functimm favoring easier behaviors to
favoring more complex ones based on those easy behaviolsh Bses a shaped reinforcement

reward function (earlier suggestedMataric, 199J) which depends on the number of partial steps
fulfilled towards accomplishing the joint tagBalch, 1999. The author shows that using either

shaped or local reward leads to similar results, but the éominastically reduces the learning time
as well. A related method, fithess switching, adaptivelyhgjes the reward function to favor those
behaviors the learners have made the least progre&&hamg and Cho, 1998

Shaping, layered learning, and fithess switching, are ntitagent learning techniques, though
they have often been applied in such a context. Less work das done on formal methods
of decomposing tasks (and behaviors) into subtasks (shévi@s) appropriate for multiagent
solutions, how agents’ sub-behaviors interact, and howdneh learning of these sub-behaviors
may be parallelized. Consider robot soccer as an examplige wis true that agents must learn
to acquire a ball and to kick it before they can learn to passhill, their counterparts must
also have learned to receive the ball, and to ramp up difficafiponents may simultaneously co-
adaptively learn to intercept the ball. Few papers have ee&ahhow to form these “decomposition
dependency graphs”, much less have the learning systemogetleem automatically. Yet,
understanding these interactions is important in ordeatalfelize the learning process, to simplify
the search space, and to produce more robust multiagentibeia One notable exception is
reported in(Guestrinet al,, 2002): here, the authors note that the actions of some agents may
be independent in specific situations. They suggest takilvgrdage of this fact by partially
decomposing the joint Q-values of agents based on a codiaingraph that heuristically spells
out which agents must interact in order to solve the problEmns partial decomposition represents
a middle-ground between learning a full joint utility talaled learning separate independent tables.
Also, a different hierarchical approach to simplifying theer-agent coordination task is suggested
in (Makaret al, 2001 ] Ghavamzadeh and Mahadevan, 20@here agents coordinate their high-
level behaviors, rather than each primitive action they p&yorm.
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Concurrent learning techniques provide an intuitive divathd-conquer approach to
simplifying the multiagent learning task: the overall sgaspace is divided into multiple simpler
subspaces, and each of them is explored in parallel. Thd oomeurrent learning algorithms that
are detailed in this thesis represent significant contiobstthat help this problem decomposition
technique work better.

2.4.3 Scalability

Scalability is a problem for many learning techniques, mgeeially so for multiagent learning.
The dimensionality of the search space grows rapidly withribmber of agents involved, the
number and complexity of agent behaviors, and the size ohétwork of interactions between
them. This search space grows so rapidly that one cannottleaentire joint behavior of a large,
heterogeneous, strongly intercommunicating multiaggsetesn. Effective learning in an area
this complex requires some degree of sacrifice: either bgtisg the learned behaviors among
individual agents, by reducing the heterogeneity of theneggeor by reducing the complexity of
the agents’ capabilities. Techniques such as learningidiybams, decomposition, or partially
restricting the locality of reinforcement provide promigisolutions in this direction, but it is not
well understood under which constraints and for which pgobtlomains these restricted methods

will work best.
Scaling multiagent learning techniques to large teams amdptex problem domains is a

challenging task indeed. And while the research in thisisrei®es not go beyond artificial problem

domains involving only two agents, | argue that it has sigatit impact on scaling multiagent

learning techniques to more complex scenarios. My argunedéias on the observation that hybrid

team learning provides a decomposition of the overall legrtask that appears susceptible to
further parallelization: one learning process might beoaisgsed with each group to search for

the behavior that all agents within that group share, ansgettearning processes could proceed
in parallel. | believe that the advancements in the desigooofcurrent learning algorithms as

presented in these thesis provide a significant boost tangcsilich a concurrent hybrid learning

approach to complex problem domains and large teams ofagent
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Chapter 3: A Theoretical Analysis of Concurrent Learning

In a single-agent scenario, the learner evaluates diff&etmaviors, each indicating what action (or
sequence of actions) the agent should perform in speciiatgins. Upon performing such actions,
the learner receives rewards that are used to update itgygassessment associated with one
or multiple behaviors. For example, an agent employingugiah computation uses individuals
to encode different behaviors, and then updates the fitfesach individuals based on rewards
received upon acting according to that individual. Sinijlaan agent employing Q-learning (or
any other temporal difference learning method) uses thangswreceived upon performing actions
in the environment in order to update the utilities it hasoagged for immediate and future
rewards that would be received upon performing that actibne objective of the learner is to
identify a behavior that maximizes the rewards the agerdives. For simplicity, consider that
each behavior represents a single action; consequerdliedimer needs to identify the action that

receives maximum reward.
Many such single-agent learning algorithms have guarandéeconvergence to the global

optimum under idealized conditions (which usually inclydeper settings and enough resources).
For example, formal models employing infinite populatioravédr been used to establish such
guarantees for evolutionary algorithrfdose, 199). Similarly, Q-learning (and most temporal
difference learning methods in general) will converge te tiptimal policy when using proper
learning rates and exploration polici@atkins and Dayan, 1992; Singt al.,, 2000).

As discussed in Chaptdd 2, these guarantees of optimaliy uafortunately lost for
straightforward extensions of many single-agent learralgprithms to concurrent multiagent
learning. Such problems were often reported in empiricpkeexentation. In addition, previous
theoretical analysis suggested that concurrent learigayithms might drift towards suboptimal
solutions due to undesirable pathologies, even when thgsethms are given unlimited resources
(Wiegand, 200

What drives learning algorithms away from global optima ialthagent domains, given their
convergence guarantees in single agent scenarios? Angwlis question is the focus of the
present chapter. Secti@n 3.1 provides intuitive illugtra of how a learner might estimate the
quality of its actions in a simple two-agent coordinationlgem. These illustrations indicate that
learners might incorrectly estimate that actions assediatith optimal solutions are inferior to
other actions. These poor estimates are the primary caus®hcurrent learning drifting away
from optima. The key to providing convergence guaranteethiEse algorithms becomes a matter
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of providing each learner with accurate estimates for thedityuof its actions. In Sectiorls 3.2 -

B3, | present a theoretical analysis of the impact of aceugatimates onto the convergence of
concurrent learning algorithms. Using an abstract mattieaidramework, | prove that improving
the learners’ estimates results in an increase in the pidaihat they will converge to the

optimum. Interestingly, learners can achieve more acewgstimates if they simply ignore certain
reward received upon performing their actions.

3.1 A Learner’s Estimation for the Quality of Its Actions

Imagine a simple scenario where two agents learn to codslitiaX is the set of actions that the
first agent can choose from, aivdis the set of actions available to the second agent, the sask i
for the agents to independently choose one action eachx@agy) such as to maximize the joint
rewardf (x,y) that they receive. The learning task proceeds as followsntsgndependently and
concurrently choose an action each, and they both receaveaime reward information without

knowing which action the other agent has selected. The ageset this information to assess the
quality of the actions and to decide which actions they sthemplore next. The learning proceeds
over multiple repetitions of this process involving corremt action selection, reward observation,
and belief update.
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Figure 3.1: A bimodal joint search space for two concurreatriers.
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Figure 3.2: A desirable estimation provides precise caiali# information about the location of the optimal
peak.

Figure[31 illustrates a search space of joint rewards famgpls coordination game. The
figure shows two peaks of different sizes. The lower peakessts a suboptimal solution, and
the wide coverage of that peak implies that solution qualitgnges only a little when either agent
chooses a slightly different action. The higher peak reprssthe global optimum; its smaller
coverage implies that the solution quality may change tgpiceither agent chooses a slightly
different action. Both peaks are Nash equilibria— modidyaither thex or they value (but not
both) would lead to a decrease in the function value. Thidieaghat if both agents decide to
choose actions corresponding to a Nash equilibrium, neghéhem has a rational incentive to
choose any other action on its own.

In concurrent learning, the reward an agent receives isdbaee just on the action it has
chosen, but also on other, likely unknown, actions madedsteammate. This other learner is also
receiving reward that is partially dependent on the actairte first learner. Thus, each learner
cannot make an objective quality assessment of a givennadierause it would depend on the
action of the other learners. Instead the learner might raadubjective estimation of the quality
of that action based on the rewards that learner has rectvetat action. As a consequence,
an agent’s estimation changes with time: some actions naigbéar better or worse than others,
depending on which actions the teammate is exploring atahegime.

Imagine if the learners were permitted to test their actiormbination with every possible
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action for the other learner. It turns out that that if eachrier bases his estimation on the
maximum reward receivable over this large (possibly indnget of actions, then their quality

estimation provides accurate information about the locatbf the optimal peak: the actions
corresponding to this optimal peak are assigned higheitguhahn any other action. Figufe_B.2
illustrates such a desirable estimation (computed as ctedmsg(x) = maxey f(X,y)) that an
agent might have for its actions in the two-agent coordamatjame depicted in FiguteB.1. Based
on this illustration, | hypothesize that concurrent leasneach employing this desirable quality
estimate, will independently converge to actions corradpa to the global optimum, if there
is only one optimum in the joint action space. Secfion B.2dviges the formal proofs for this
hypothesis for cooperative coevolutionary algorithms.

However, this desirable estimate requires an exhaustp®eation of the joint search space.
In practice, an agents’ estimate depends only on a limitedbau of rewards it has received. The
most common approach involve an agent updating the estibzsted on a single reward. For
example, an agent employing the Q-learning algorithm wollate the utility of its actions every
time a reward is observed following the selection of thatoactThis is similar to a CCEA where
the fitness of an individual (action) equals the reward reszkiwith only a single collaborator
(actions for teammates).

Estimating the quality of an action based on a single rewsugtoblematic for two primary
reasons. First, the estimation might be very noisy, giveat thidely different rewards can
be received for the same action depending on the actionsechog the teammate. Second,
miscoordination penalties might significantly lower theemge (expected) reward for actions
corresponding to the global optimum. For these reasonsnatitg the quality of an action
based on multiple rewards might be a better approach. Fongeaagents might randomly select
their actions several times, then estimate their qualisedaon some aggregation of the observed
rewards. Three aggregation methods are discuss@liegandet al, 2007): using the minimum
(a very conservative approach), the maximum (a very opticnépproach), and the average (an
intermediate setting between the two extremes).

Figure[3.3B illustrates a learner’s quality estimates whgngithese three aggregation methods.
Here, 5, 20, and 100 actions for the teammate are randondgted| with replacement using the
uniform distribution (this is a good approximation for thehavior of many learning algorithms
at early stages of learning, assuming no information adwusearch space is available a priori).
Given the non-determinism in the selection process, | tapmee times to have some information
about the amount of noise (there are three curves on eack gfaiphs).

All information about the global optimum completely varéshwhen using the minimum
(Figure[3Ra)): actions corresponding to this peak appear worse tharetbogesponding to
the suboptimal peak. Were the agents to learn using this gstimate, it would be expected
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Figure 3.3: One learner’s estimation for the quality of its@ns, using the (a) minimum, (b) average, and
(c) maximum of 5, 20, and 100 joint rewards, respectively.

that they converged to the suboptimal solution, simply beeaach of them estimates the actions
corresponding to this solution as being better than anyra@itteons the agents can choose. In fact,
it would be surprising if the learners having this estimateverged to the globally optimal peak!
The situation is fairly similar when using the average toraggte the rewards (FigureIp3).
This time, the learner’s estimate contains some informatlmout the presence of both peaks in the
joint search space. However, the actions correspondirftetglbbal optimum still appear slightly
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worse than the ones corresponding to the top of the subogtea&. It would again be surprising

if learners using this quality estimate converged to thégloptimum. Note, however, that many
theoretical models of multiagent learning employ only sestimates (for example, the theoretical
model of cooperative coevolutionary algorithms detailedWiegand, 2003 as well as that of
multiagent Q-learning ifTuyls et al, 200§). As a consequence, it should be expected that poor
guality estimates cause drift towards suboptimal solstimn these theoretical models, as well as
for the concurrent learning algorithms that they approxéena

Finally, Figure[33Bc) illustrates quality estimate of an agent that assessesualyqof an
action as the maximum of multiple rewards received for tigtiba. This estimates allow an agent
to discern that the actions corresponding to the globahapt are preferable over other actions.
Using more rewards decreases the noise in the estimatengnigknore accurate. This contrasts
the situation involving rewards aggregated via the mininamthe average: more rewards also
decreased the noise in the estimate in those cases, butdhty @il actions associated with the
suboptimal peak remained higher (Figlré(3,®)).

Note also that using the maximum reward resembles in sonse $ka notion ofenience the
agentignores the lower utilities that it observes, and asBs the maximum one. | argue that this is
common when people learn. Consider a simple situation wlare and David learn to play soccer
together. Let's assume that they do not have any a priorinmétion about each other’s skills. At
some point, John attempts a pass that allows David to retigviall in a very favorable position
(for example, alone with the goalie). However, David is nbleato receive the ball properly
because he was not expecting the pass. Given the failurewmfdbllaboration in this particular
instance, should John assume that the pass was bad in genérlat it should be avoided? Or
should John be lenient with his teammate and hope that hepeiiform better once they learn
more about each other’s skills? | argue that the seconchaltige is much more common, and, as
will be shown throughout this thesis, more beneficial to ég#mt learn concurrently.

To summarize, concurrent learning algorithms might drfaig from optimal solutions simply
because learners have poor estimates for the quality ofctters. However, the graphical
illustrations of these estimates can be used only to a oedaient due to their significant
limitations. One primary limitation is that they fail to dape the dynamics of the multiagent
learning process: the teammates are assumed to seleaisaatizandom, rather than via their
own learning process. Another limitation is that thesesiitations do not represent rigorous
tools to analyze multiagent learning in general, althougtytare certainly very intuitive. In
the remainder of this chapter, | overcome these limitatibpsformalizing the impact that
increasingly accurate quality estimates have on concuteanning algorithms. To this end,
employ the evolutionary game theory toolkMaynard Smith, 1982 Hofbauer and Slgmund
1998 EGT is an abstract mathematical framework based on dyraﬁrsmstems that provides
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elegant models for the dynamics of certain concurrent iegnprocesses, and has been previously
employed to analyze undesired pathologies in cooperatieatutionary systeméWiegand,
20045, and to visualize the learning trajectories for multiagedearning('t Hoen and Tuyls, 4,
[Tuylsetal, 2009. | extend both of these models to provide each learner witteraccurate quality
estimates, and | analyze the guarantees and limitationseofesulting algorithms. Secti¢nB.2
presents the enhanced EGT models for cooperative coemaduti algorithms, while Sectidn-3.3
covers the extended EGT model for multiagent Q-learning.

3.2 EGT Models for CCEASs

| begin with an overview of the EGT model for cooperative aaationary algorithms detailed in

(Wiegand, 200t Consider the application of CCEAs to solve a simple tworag@eordination
game, such as the one in Figurel3.1. Here is how one could @pPlAs to address the
coordination game:

e Each agent is assigned a population of individuals.

¢ Individuals in one population represent actions that tpatcgic agent can perform in the
environment.

e A genotype is equivalent to a specific action (engove-leftor shoot-the-ba). Each
individual represents a genotype, but multiple individuad the same population might
represent the same individual (in that case, the agent is lkaly to perform that specific
action).

e The fitness of an individual reflects the quality estimaté the agent assigns to that action.
Remember that the estimate is subjective — it reflects théitgud that action when in
combination with other actions of the teammate.

The EGT model assumes each agent has only a finite set of a¢tiazhoose from (the set
of genotypes is finite). However, the EGT model assumes Heatwo populations are infinite,
and it computes the proportions of genotypes in the pomuratat each generation. If the first
agent has a finite nhumber of distinct actions (genotypes) to choose from, its poportagt
each generation is an element of the ABt= {x < [0,1]" | >_' ;% = 1}. A higher proportion
X indicates that the agent is more likely to choose actiosiven that the second agent might
have a different set (of siz@) of actions to choose from, its population is an element efgét

AM = {ye [0,1M| ZTzlyj = 1}. The fitness computation in the EGT model involves the game

payoff matrixA, where theg;; element represents the reward for the joint actiof). Assuming
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both agents are equally rewardedljs used to compute the fithnesses in one population, and the
transpose oA is used for the other population. Equatignd BT3.4 desdtib EGT model for

CCEAs, as expressed (#iegand, 200%

m
u? = Y ay) (3.1)
j=1
W i@' ® (3.2)
[ i% -
i=1
0
(t+1) U 0
- () o
S uy
0
(t+1) Wi (t)
o= | e Y (3.4)
(Zﬂnly&t)wl(:) )

wherex® andy® represent the proportions of genotypes (actions) in the projulations at

generatiort, andxt1) andy*D represent the new proportions at the next generatiofh. For
simplicity, the equations only model the dynamics of coapiee coevolutionary systems under
the pressure of selection.

The EGT model can be separated into two phases. First, thesditof each genotype is
computed for the two populations (Equatidnsl] 3.1 3.2)e fitmess of an individual with
genotypsd is estimated as the mean payoff over pairwise collaboratwith every individual in
the other population. Note that the genotype proportioasiaed for this computation, given that
the populations are infinite. Second, the distribution$iefttvo populations at the next generation
are computed (EquatiofsB.3 dndl 3.4 model the effects osfitpmportional selection).

Equationd 311 E314 describe a deterministic model for CCEgdisen the composition of
the two populations, the model can be used to compute thesprdestributions of genotypes
in the populations at the next generation. Using this modletan be shown that pure Nash

equilibria are stable, attracting fixed poi@iegandet al., 2002F). This implies that starting from
certain initial configurations and iterating the model Lliotinvergence may result in convergence

to suboptimal Nash equilibria. This pathology (termed tre¢éaovergeneralization ifWiegand,

20045), is problematic, especially given the theoretical assionmf infinite populatio'ns.

One limitation of this EGT model is that the use of fithess prtipnal selection poses
difficulties when dealing with payoff matrices that contaiagative rewards. Unfortunately,
some of the most common benchmark problem domains in theiagetit learning literature
have negative rewards for miscoordination penalties. Bosistency throughout this thesis, |
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propose a slightly different EGT model that uses tournarselgction of sizéd instead of fithess
proportional selection. The updated EGT model is:

m
ut = Zajyﬁ” (3.5)
-1
0 _ N~a
wi =) aix (3.6)
i=1
H H
(1)
XD X'—(t) o I B (3.7)
Zk:us)fum Xk k'ul(:) gul(t) k u|(<t) <ui(t)
© H H
y.
ygt+1) = : ) y|(<t) - Z yl((t) (38)
2. kw! =W(jt) Yk kw! Sw(jt) k:wf(t) <w§t)

Deriving Equation§3]7 arld 3.8 is relatively straightfordvaGiven the symmetry, | detail only
how to derive Equatiof3.7. For each genotypé start by computing the probability that the
best individual oH random ones (selected with replacement from the currenilpbpn) has the

same fitness as an individual with genotyp&iven thatul(:) is the fitness of each individual with

H H
genotypek, this probability equals< (Ek:ul((t)<ui(t) xl((t)) _ (Ek:ul((t)<ui(t) xl((t)) ) The only thing
remaining is to account for identical fithesses for différgenotypes. Tournament selection works
as follows: if multiple individuals have entered the tourrent with equally-maximal fithess, one
of them is chosen at random. If the selection of individuslgerformed sequentially, this is also
equivalent to simply choosing the first one of them. As a cqueace, Equation_3.7 contains an
extra term that indicates the probability that an individw#ah genotypei is chosen at random
from the first population out of all the individuals that have same fitness as that individual.
This term essentially indicates that the ratios of equidlindividuals with respect to each other
remain constant from one generation to the next.

Observe that the fitness estimation in Equatibn$[3:1-3.8 @éso in Equation§—3.6=3.6)
bears a striking resemblance to aggregating multiple msvay using the average, as detailed
in Section3.Jl. However, Figufe=B.3 indicated that averagfire rewards might result in learners
having poor estimates for the quality of their actions. Neghhance the EGT model to account for
learners with accurate estimates. | achieve this solely bgating other approaches to computing
the fitness.
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3.2.1 An EGT Model with a Desirable Estimation of Fithess

First, | extend the EGT model to provide each learner withsrdble estimate for the quality of
actions (similarly to the one illustrated in Figurel3.2 foefoint space in Figule3.1). Theoré&in 1
proves that this model is guaranteed to converge to the lgbgitianum, if a unique such optimum
exists. This result was only very briefly sketchedWiegand, 2004

| precede the theorem with a short lemma.

Lemma 1. Assume the populations for the EGT model are randomly lin&d based on a uniform
distribution over all possible initial populations. Then,

P(_minxi(o)zo) =0

i=1..n

P (.maxxi(o) = 1) =0

i=1.n

P<_min y\? :o) =0
j=1.m

P <.max ygo) = l) =0
j=1.m

In other words, the probability that the initial populatisrontain extreme values (eith@ior
1) for some proportion of genotypesds

Proof. One method to sample the simplaR uniformly is described ifDevroye, 198 (pages
568 — 569): taken — 1 uniformly distributed numbers ij9, 1], then sort them, and finally use the
differences between consecutive numbers (also, the eliféer between the smallest number and
0, and the difference between 1 and the largest number) asotirdinates for the point. The
probability that any of these differences is 0 or 1 is O (thebability of randomly generating a
specific value, or a finite set of specific values at randomguisia uniform distribution ovel0, 1|

is 0). O

Theorem 1. If payoff matrix A has a unique element;a with maximal value, then the EGT
model in EquationE=319 E-3112 will converge upon iterationhte (i*, j*) Nash equilibrium with
probability 1.
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U’ = maxa; (3.9)
j=1.m
wgt) = Mmaxajj (3.10)
i=1.n
H H
(t+1) XY (t) (®
X = ——5 X - Z X (3.11)
2ol =%\ \ ezt el <y
H H
(t+1) vy (t) (1
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Proof. | begin the proof with several observations. First, Equati8.T] an@ 312 are identical to
Equation$317 anld3.8: the new model changes only the mesthdoi computing the fitness of an
individual. Secondy® andw(!) are constant over time. Thus, the EGT model can be implemente
by pre-computingl? andw'%, followed by only the iteration of EquatiofS 3111 4nd 3. 1affly,

the update ok*1) only depends or® and on the constant vectaf!) = u®; as a consequence,
the computation okt can be iterated independently of the state of the other pgipul (and
similarly for y(t*1). This implies that the two populations are completely dgxed, and each of
them evolves on its own as in a traditional evolutionary atgm. | will prove thatxi(i) converges

to 1 upon iterating the model - ). The proof that Iimmygi) = 1is similar, and it is omitted
for brevity.

H
Given thatui(i) > ui(t) for all i #i*, it follows thatxlt+1 - (1—xi(f)) , Which is equivalent

H
to 1— x(t“) (1—)(59) . In general, it is straightforward to show by induction that xi(f) =

(1-x)".

Suppose the populations for the EGT model are initializedaatiom based on a uniform

distribution over all possible initial populations. Lemflandicates that the initiati(f) is greater
than O with probability 1. Thus, with probability 1, it folles that

tll_r)r;lox,* = I|m < ( —xi(f)))Ht) zl—tlirg0 (1—)(59))Ht =1 =

As a side note, it can be shown that the system converges taedraquilibrium if there are
multiple global optima. This proof is useful to justify cain settings for the methods proposed in
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Chaptef#t. The next corollary establishes this result.

Corollary 1.1. If the payoff matrix A has multiple elements with maximunueiathen the EGT
model in Equationg=319 EZ3112 will converge upon iteratioa taixed equilibrium with probability
1.

Proof. Letu* = max;a;j, and let me define® = 3= «_ Y It follows that

1_A+) — 1_ Xi(t+1)
)

i:ui<t =u*

i:uft):u* Zk:uf:)—um X K uf(t)<ui(t)
H H
(t)
Xi t t
= 1- Z ) XI(<) - Z XI(<)
|U|<t):U* Zk:ul((t):u* Xk k:ul((t>§u* k:U<t)<U*
H
(t)
X t
= 1= ) > ol > X
i'uim:u* k:ul(():u*xk k'uf(t)<u*
H
® Xi(t)
= 1o X % > > N
k:uf(t)<u* i:ui(t):u* k:ul((t):u* kK
H
= 1—|1- Z Xl(f)
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H
t
— Z X|(<)
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_ (1_z<t>)”
Ht+l
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As before, consider that the populations for the EGT modelrtialized at random based on
a uniform distribution over all possible initial populati®. It follows thatz) < 1 with probability

1 (from LemmdL). Thudjm;_.z" = 1. The resulting equilibrium is mixed because for eviery

(t)

andj such tha‘ui(t) = ui(o) = ugt) = ugo) = u*, the ratio% is constant over time:
X
J

Xl g k 7ul
(t+1) . _ H
' - 0 0
j , )
Zk'”(t)*um X‘<‘t) <<Zk u'(:)guﬁt)xk ) (Zk u,(f)<U§t)Xk ) )
o)
- 0)" 0\"
Z|<- (t) XI(:) ZK:US)SU*XK B Zk:uf:ku*xk
o .Uk —=u*
o )" 0\"
.Uk =u*
{0 D

Corollary 1.2. The theoretical cooperative coevolutionary algorithmeoretical-CCEA will
converge to the global optimum with probabilityif a unique global optimum exists.
Theoretical-CCEA
Note: All populations are assumed infinite
For each individual i in the first population
Randomly select an infinite sgjx},~, of collaborators from the second population

Fitnesgi) = maxiaij,
For each individual j in the second population
Randomly select an infinite sk}, , of collaborators from the first population
Fitness j) = max1aj,j
Create next populations via tournament selection of size H
Proof. | show that theTheoretical-CCEA implements the EGT model in Equatiohs]13.8=38.12.
Observe that both of them employ infinite populations andrrtament selection. As a
consequence, it suffices to show that ttheoretical-CCEA and the EGT model assign the same
fitness to the individuals (this implies that both of themlwikate identical populations at the next
generation, were they applied to the same current popatio
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Indeed, the fitnesses are identical with theoretical-CCEA and the EGT model, as shown
next. Given an individual with genotygein the first population, its expected fithess with the
theoretical EGT model is equal oax_1 majj. The fitness of an individual with genotypén the
Theoretical-CCEA iS maX13jj,. Let j* € {1,...,m} be the index such thatj- = max—1 maj. From
Lemmd, the proportion gf is non-zero with probability 1 in the initial random popudat. The
use of tournament selection also implies that the propodfg* is non-zero thereafter (it might be
very small, but it is not zero). As a consequence, the infgeteof random collaboratofg - 1

containsj* with probability 1. ThusFitnesgi) = max_1 majj. Similarly, the individuals in the
second population are assigned identical fithess undembodiels. O

As an observation, the simple EGT framework in Equatibns{Z® assumes that an
individual’s fitness is the mean payoff over pairwise calledtions witheverymember of the
cooperating population. This has two possible interpi@tat First, the framework might
approximate (as the population size approaches infinitygah CCEA where the fitness of an
individual is computed as the average payoff over pairw@aborations with each and every
individual in the other population. Under this interpregat the Theoretical-CCEA improves upon
the EGT model in Equatioris=3.9=18.8 by providing each leawittr a better quality estimate at
the same computational cost (Figuked 3.3 (a) and (c)). Goy@.2 establishes that this improved
estimate allows the learners to converge to the global aptirwith probability 1.

A second interpretation of the complete mixing assumpti®rthat it is computing an
individual’'s fithess as the expected payoff with a singledan collaborator from the other
population. From this perspective, thieeoretical-CCEA is a generalization of the EGT framework
in Equation$314=318 that involves an infinite number of mndaollaborators. In the next section,
| provide a novel EGT model that bridges these two extremesrbgloying an arbitrary finite
number of collaborators.

3.2.2 An EGT Model with a Practical Estimation of Fithess

The primary problem with theTheoretical-CCEA is that it requires an infinite number of
collaborators. One class of approximations for this maad@lves only a finite number of random
collaborators. Although this idea is not new in practicgb@@aches to cooperative coevolutionary
algorithms, its theoretical study has been very limitedthis section, | extend the EGT model in
Equation§ 315 £318 to account for multiple collaboratons, kanalyze the theoretical convergence
guarantees and limitations for this new model.

First, |1 estimate the expected fitness for an individual impoited as the maximum reward
obtained for that individual when in combination with mplg collaborators from the other
population. The following theorem establishes this result
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Theorem 2. Let a; be the payoff for individual i when teamed with an individjiand (p;)jc1..n

be the probability distribution for the individuals in thepulation of collaborators for i (here, n is
the number of distinct genotypes in the population of caltabors). The expected maximum payoff
for i over N pairwise combinations with random collaboratoj... jy chosen with replacement
from the other population is

N N
n = Pj
Zi=1a” Zk;a,-kia” Px ((Ekiaak<au pk) - <Zk:aik<aij pk) )

Proof. Clearly, the expected maximum payoffiadverN pairwise combinations can be expressed
as a weighted sum of all possible payadfsthati can receive with different types of collaborators.
The weight of each terma; equals the probabilitl; thata;j is the maximum payoff observed over
N trials. This computation can also be modeled as followsemian infinite population with the
distribution of individuals indicated by; = p; and with fitnessf; = a;;, what is an estimatioh;

for the maximum fitness dfl randomly selected individuals (with replacement)? Irgengly, this

is the same problem as that of modeling tournament seleictittre EGT model. As described in
Equation$ 317 anld 3.8, it follows that

= s (S )"~ (S’

The remainder of the proof is only a matter of changing notesi O

Given this result, | extend the traditional EGT model in Eimas 33HE3B to replace
complete mixing with the assessment of fithess based on tkemam of rewards with multiple
collaborators.

Theorem 3. The EGT model in EquatiofS_3113=13.16 represents a theatetiwdel for a
cooperative coevolutionary algorithm where the fitness wfirdividual is computed as the
maximum reward with N collaborators.



48

( Z yk) ( Z yk ) (3.13)
kajk <ajj kiaj <ayj

Zka,k a”yk( )
wllze) (2)) e
kiagj<ajj K-ayj <&

H

Zk aj= a”
(1)
Xl(t+1) _ X o xff) B t (3.15)
Zk oV (I)Xk kul((t)gu,(t) kuk <u
H
(t+1) ) (t) (t)
Y| — J q vo | =1 Do w (3.16)
2. k:wl(f) :W(jt) Yk kZW|(<t) Sw(jt) k:wf(t) <w§t)

Proof. Equationd 3 719=3.16 preserve the tournament selectioce@guoe of the standard EGT
model (EquationE=31 7=3.8). The fitness of each individuaktimated as the expected maximum
reward withN random collaborators from the other population (as establl in Theorerfl 2). [

Note that this new model is equivalent to the previous EGT ehodEquation§-319=3 8 when
a single collaborator is usetl(= 1). More importantly, the new EGT model approximates the
Theoretical-CCEA asN approacheso. It would therefore be expected that the new EGT model is
more likely to converge to the global optimumMdsncreases. The proof that that is the case relies
on the following lemmas, which establish bounds on the driities that the initial populations
have some extremely large or small proportions of certanotygpes.

Lemma 2. Assume the populations for the EGT model are initializedatlom based on a uniform
distribution over all possible initial populations. Theoy any e > 0, there exist®; > 0 such that

=1.n

P ( min xI < 65) <& (3.17)
(_maxxf 0>1_ eg) (3.18)
P(miny(-o)<6)<£ (3.19)
. m j ~ Ug .

ax ygo) >1- 95) <& (3.20)
1.m
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Proof. As described in Lemm@ 1<xi(o)> can be generated as the difference betweerl
n

i=1..
numbers generated uniformly j@, 1]. It follows that min:l,n><i(o) is the closest distance between

two such numbers (and possibly the boundaries 0 and 1).
Suppose/ > 0 is a small number. | iterate over the- 1 uniformly-distributed random numbers

that are needed to generate an initial popula@r@)iil K The probability that the first number
is not withiny of the boundaries 0 and 1 is-12y. The probability that the second number is not
within y of the boundaries or of the first number is less than or equaHdly. In general, the
probability that thekth number is not withiry of the boundaries or of the fir&t— 1 numbers is
less than or equal to-1 2ky. Given that the numbers are generated independently ofrostler,
the probability that the closest pair of points (considgtime boundaries) is farther apart thais

equal to

. _(O)< _1_ . _(o)
(e <) <1 (e )

I
[

=1—n (1-2y) < 1-(1-2(n-1y"*

i=1

Inequalities 317 an@3.]19 are symmetric, and as such, tiud firat

p (.min YO < y) <1-(1-2(m-1y™?

j=1.m

is very similar. Given that

imi—(1-2(n—-)y)"* = 0
y—0

lim 1~ (1-2(m-1) ™t =0
y~>

it follows that for anye > 0 there existsf; > 0 such thatP (minizl_,nxi(o) < 68) < € and
P(minjzlnmygo) < 9,;) < E.

To prove Inequality_3.18, consider that rri@ygnxi(o) > 1— 6, implies that all other; ratios
except for the maximum are smallerfig, which, as proven above, occurs with probability smaller
thane. The proof for Inequality_3.20 is similar. O
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Lemma 3. Assume the populations for the EGT model are initialize@atiom based on a uniform
distribution over all possible initial populations. Theoy any e > 0, there exists)s > 0 such that

(0)

- (0) | B L (0)
P(fo‘n)‘ > Ne A MAOGT < 1=ne A miny

i > Ne N .maxygo) < 1—ng> >1—¢
j=1.m

In other words, there is an arbitrarily probability that theitial populations contain reasonable
values (not too close to eith@ror 1) for all proportions of genotypes.
Proof. | apply LemmdR forl=v!=¢ V21*s which is greater than 0. The specific valuergffor this

proof equals the value &,_ 1—; from Lemmd2. It follows that:
1yle

P <_min xi(o) > ng/\.maxxi(o) <1—negA min ygo) > Ng A Max ygo) <1l-— ng)
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Next, | use the new EGT model described by Equations 3 T38-8.analyze the properties
of cooperative coevolutionary algorithms. Theorgm 4 shtias properly implemented CCEAs
will converge to the global optimunm any problem domain, if giveenoughresources. The
term “enough” indicates two types of resources that CCEAsIndarge populations to explore
the space (here, the populations are in fact assumed inflamitgmplicity), and large numbers of
collaborators to provide accurate fitness estimates fqrogdulations.
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Theorem 4. Given a joint reward matrix A with a unique global optimugna for anye > 0 and
any H> 2, there exists a value N> 1 such that the theoretical CCEA model in EquatibnsB.13—
B.I8 converges to the global optimum with probability gezathan (1— €) for any number of
collaborators N such that N> Ng.

Proof. | only usee¢ as a guarantee for the worst case scenario for the propsiiandividuals in
the initial populations. From Lemniih 3, it follows that thesastsn, > 0 such that with probability

at least 1- ¢, it holds thatn < xi(o) <1—neandne < ygo) <1l-—ngfori,je{1,2,3}. In other

words, with probabilitye, the initial populations will not have any proportion of iadiuals that
cover more than % ng, nor cover less than, of the entire population.
| will prove that there existdN; > 0 such that the EGT model converges to the global

optimum for anyN > Ng and for all initial populations that satisfy, <xi(9) <1-n¢ and

(0)

Ne <Yj» <l—ne To this end, leto be the second highest element of the joint payoff matrix

A (a < ajxj). Itfollows thatui(t) <aforalli#i*, and similarlngt) < a forall j # j*. Given the

symmetry, | only prove the first (by refining Equation3.13):
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Next, | work on identifying a lower bound fcufp:
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Given thatZ{(“:lyl(f) =1, | further refine the previous inequality:
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(3.21)
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The inequalities)s < ygg)

LemmaB. It follows from Equatio3.21 that

< 1-n¢ hold for the initial populations, as inferred earlier from

0
U > ap—@-n)M e Y (3.22)
j#i*Nax <0
However,
i jxix — — N jx jx — Ea] = jx jx
Im g —(1=ne)™ &= 3 &y ai:) (3.23)
J#*Nayx <0

Given thata+j~ > o, Equatior:3.2IB implies that there exidts> 1 such that

gij— (1-ne)" (&~ Y awj|>a (3.24)
J#j*Nax <0
for all N > N;. From EquationE-3.21 ald 3124, it follows théff) > o for all N > N;. Observe

thatN; does not depend on the initial populatiod andy?. Similarly, it is straightforward to
prove that

N
Wi = aep - (1okY) ae - > A (3.25)
i#i*Agjx <0
0
i#i*Ngjjx <0

and that there exists, > 1 such thatvj= > o for all N > Np.
LetNe = max(Nz,Np), and letN > N¢. Next, | show by induction by (the number of iterations
of the model, i.e. the number of generations) that the falgviour inequalities hold:
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ui(f) > e — (1—ne)V [ @ — Z ai*j)

j#*Nax <0

WEQ > aep—(1-ng)N e — Y ap
i#i*Agjx <0

(t+1)

jx

t
0

yey >yl

v

At the first generationt(= 0), the first two inequalities hold (Equatiohs—3.22 dnd 13.26)

Combining these with the definition ®f, it follows thatui(f)) > ui(o) for all i # i* (and similarly,

H
w}i” > WEO) forall j # j*). Asa consequencg(}) =1- <1—xi(9)> > xi(f)) (from Equatior:3.113),

H
and similarlyygf) =1- (1—y§9)) > ygg) (from Equatior:314).

To prove the inductive step, it follows from Equation3.2-ddrom the inductive hypothesis
that

P a*j*@ygw)“(w 5 a*j)

J#j*Nax <0

O\N
> ap—(1-y)) A - Y an
j;éj*/\ai*j<0

\N
> ai*j*_<1_yj*> Qjx j*x — Z Q|
J#j*Nax <0
> ai*j*—(l—ne)N(ai*j*— > ai*j)

J#* Ay <0

(t+1)

Given the definitions oN anda, this also implies that;, "~ > o > ui(tH) foralli #i*. Asa

(t+1) CANN( - - -
consequenceg,  =1-— <l—xi* ) > x.’ (from Equatior3313). Similarly, Equatidn_3]25 and
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the inductive hypothesis imply that

t+1 t+1)\N
Wi > ai*i*—<1—>ﬁ(* )) e ) A
i#i*Agjx <0

> ai*j*_(l—&(i))N ap— Y &

i#i*Ngjjx <0

Z ai*j*—<1_r’g)N ai*j*— Z a”*
i;éi*/\a,»j*<0

(t+1)

S > w;

Again, given the definition oN anda, this impliesw:

J forall j # j*. Asa

consequencey,gt*ﬂ) =1- (1—y§9)H > ygt) (from Equatiorl:3.14).

Having shown that botb(i(f) and ygt*) are monotonically increasing, and given that they are
bounded between 0 and 1, it follows that they converge to s@iue. Given thaui(i) > ui(t) for all
| # i* at each iteration, it follows thaq(fﬂ) =1- (1— xi(f)> " at each iteration as well. ¥is the

limit of the xi(f) values whert goes towo, thenx=1— (1—x)", which implies thai s either 0 or

1. I can rule out the 0 limit because the valuesq@fare monotonically increasing arxﬁ)) > Ne.

Thus,xi(f) converges to 1. The proof thyﬁ) also converges to 1 is similar and is omitted for

brevity. O

Theoreni# indicates that CCEAs should converge to the glgtitahum if properly set (large
population sizes and large numbers of collaborators). Keweone may ask what are their
limitations in practice. | claim there are two types of liatibns that might affect the performance
of CCEAs. First, populations will only have finite numbersrmdividuals in practical applications.
In this case, the limitations of CCEAs will be primarily dueitsufficient exploration in deceptive
domains. Given that these limitations are similar to localvergence problems in standard EAs,
| rather focus on a second type of limitations, namely thasetd poor fithess estimates resulting

from insufficient collaborators. The next theorem esthiglssthat no finite number of collaborators
is sufficient for CCEAs to have good performance across asitde problem domains. Rather,

for any number of collaborators, there exists problem doséhat can make CCEAs converge
suboptimally in most situations.
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Theorem 5. For anye > 0, any N> 1 and any H> 2, there exists a joint reward matrix A with a
unigue global maximum such that the theoretical CCEA madEljuation§3.13=3.16 converges
to a globally optimal equilibrium with probability lower #m €.

Proof. Suppose > 0,N > 1, andH > 2. Consider the joint reward matrix defined by

2 —p O
Al —p 0 O
0O 0 1

wherep > 0. Here, the optimal joint actioKl,1) receives a reward of 2, but there may be
severe penalties associated with miscoordination fort jagtions(1,2) and (2,1). The proof
proceeds as follows. First, | identify threshold valuesXgrandys such that, once their values
exceed those thresholds, the system is pulled toward threpsioial equilibrium(3,3). Second, |
make the miscoordination penaltysevere enough as to move the system towards the suboptimal
equilibrium (3,3) until bothxs andys; exceed the thresholds identified earlier.

As before, | uses to provide some guarantees on the distribution of the inpigoulations.
Arbitrarily small values ofe are especially interesting: | want to show that, for somedfixalues
of N andH, there are coordination games for which the theoretical £@itodel converges to
the suboptimal solution with probability 99%. For the samxedivalues oN andH, there are
other more difficult coordination games for which the mod®&erges to the suboptimal solution
with probability 99.999%. And so on. Thus, | will show thaet&@CEA model converges to the
suboptimal solutior{3,3) with probability higher than t ¢, ase — 0. Lemmd3 indicates that
for any e > O there exists$)s > 0 such that the initial populations will not have any propmortof
individuals cover more than-1n,, nor cover less than; of the entire population, with probability
higher than 1-¢.

| start by expressing the expected fithesses of individuals fone of the populations, given

the game defined earlier. As befovét,) andygt) denote the values of andy; aftert iterations.
Using EquationE3.18=3114, it follows that
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40 = 2 () ()" e (v - )

N N
— 2(1—(1—y§”) )—py% (3.27)
N

uy = —py; (3.28)

t 0, 0, JO\N 0, JO\N

G = 1(<y<1>+y<2>+yg>) — () )

0)"
- 1—(1—y3) (3.29)
i ® ) i i i ) _ i (t) _
Obviously,u;” > 0> u,’ at each generatidn Given thatllmym U3 _1andI|my<t) U=
3 3

0, it follows that there exists a€Q y < 1 such thau(gt) > ugt) for all yg) >y. In other words, there

exists 0< y < 1 such that) > max u(t),u(t) for all y(t) > Y. Similarly, there exists & x < 1
3 14 3

such thaw(st) > max(w(lt), g”) for all xg) > X. Once the EGT model reaches a configuration with

x(st) > iandy(st) >y, the values okg/) andyg/) will increase monotonically at each subsequent

generatiort’ > t. This is the case becausg) andw(st) (which are monotonically increasing as

functions ofy(st/) andx(st/), respectively) will always be greater than buﬂ/\) andu(zt/), andw(lt/) and

W(zt/), respectively. As a consequence, the EGT model will corveyghe suboptimal equilibrium

(t)

(3,3) once it reaches a configuration w‘»@ > xandyy’ >y.

The main idea of the proof is to set arbitrarily large such thaug) > max(ugt),u(zt)) and

w(st) > max(w(lt), (zt)> until at Ieasixg) > iandyg) >y. In order to sep, | analyze the worst case

scenario for the number of generations d(ﬁgtandyg) would require to exceed the threshold. As
shown in Theorer]3, it holds that

W1 (140"

| further refine this equation to identify a lower bound on thenber of iterations such that

xg) exceeds the boundafter thosd iterations:
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t

x(st)>>? & 1—(1—x(30))H >>?<:><1—xgo))Ht<1—>?

& Htln<1—x(30))<ln(1—>6<:>Ht>M
In<1—x(o))
3
|n In(l—i)
_ In(1— )
&t InH>InM@t>M
n (1) inH

Given thatn, < x(so) < 1-—ng, it follows that a worst-case number of iterations necesgar
x(so) to surpasx is t; such that

In(1—X)
na-x I ©
In T In(l—x3 )

InH - InH

t1 >

The worst-case number of iterations necessarygf)érto surpasy can be computed similarly,
and it isty such that

_ In A=y
it ()
InH InH

to >

Thus, in the worst-case, it takes the system at imesmax(ty,t,) iterations such that bobki,t)

andyg) exceed their thresholdsandy, respectively. Note thatdoes not depend on the initial
populations, but rather only dd ande (throughny).

Next, | identify a value forp such tha1u(3t) > u(lt) andw(gt) > w(lt) during the first iterations.

Consider the conditions under whidét) > ugt) (the wg) > w&t) case is similar). Observe that
N
u(st) =1- <1—y(3t)) . Given thaty(st) will be monotonically increasing, and given that its inlitia

value is greater thang, it follows thatug) >1—(1—n)N. twant 1— (1—n)N > u(lt) during the

firstt iterations, which would be enough f&g) to surpass. Given thatu(lt) increases Whey(lt)

. . . P t t
increases, and it decreases leg?uncreases, the worst case scenario is \Nlh!@ﬂ> UZ(I.) > U(z)

(t) (t)

andwy’ > W(lt) > w,’ for the firstt iterations. In this case, tournament selection will lead to



59

It follows from Equatiol.3.27 that

N N
ugt) = 2(1—(1—y(1t)> )—py(zt)

N
< 2-pyy (3.30)

The worst-case scenario for the proof is whméq < w(lt) and wg) < wg) fort <t. This s
the worst case because it implies tta%&)t will decrease fastest, leading to an exponential decrease
in the impact of miscoordination penalties oru@. | need to choose a value pfthat is high
enough to compensate for a potential exponential decreabe ivalue ofy(zt). After t iterations,

_ HE _
the value ofy(zt) is greater or equal t(éygo)) , Which is the valueyg) would have ifwg) < W(lt)

andwg) < Wg) during all these iterations. If follows from Equation-3-B0 that

N
uy < 2-pyy

< 2_p(<y(20))Ht)N
_ 2_p<y§°)>NHt (3.31)

Now, remember that was used to obtain some bounds on the initial populationse On

such set of bounds indicated that < y(20) < 1—ne. Using this condition in combination with
Equatior33.31, it follows that

U < 2_p<y(20)>NHt

< 2-pn N
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| setp > nfw which impliesu(lt) <0< ug) during the first iterations of the system. The proof

(t)

thatwl) > 0 > wi for p > © yo

follows similarly (observe that;’, us Y

_2 , andu;” as functions

nsNHt

t b

ofyi’, ¥, andy(st) have the same form afs(lt), W(zt)

(t)

- andu! 0 (0

have as functions of;’, x;’, and

xg)). O

3.2.3 Basins of Attraction due to Estimations

Ideally, a properly implemented cooperative coevolutigragorithm will find the global optimum
(Theorent}) if given enough resources. However, Thedlendiates that insufficient resources
(in particular, using only a few random collaborators) ntiglad to poor estimates that could result
in drift towards suboptimal solutions. In this section, kdebe an intuitive way to visualize the
impact of improved estimates onto the performance of thieesys

Given specific initial populations, the EGT model is comelgtdeterministic. As shown in
(Wiegand, 200} the populations are expected to converge to Nash equitibpioints in the payoff
matrix. As a result, it is straightforward to provide twaxdnensional visualizations of the basins
of attraction for different Nash equilibria when each p@tign contains only two genotypes: the
two-dimmensional location of a pixel encodes uniquely thitdl ratios of one of the genotypes for
each population, and the color of the pixel encodes to whgciilierium the system converges upon

iteration (sedPanaitet al,, 2009 for details). However, such simple problem domains haversev
limitations with respect to the range of challenges theyhipgesent to cooperative coevolutionary
algorithms.

Here, | choose instead to illustrate the basins of attractidNash equilibria in 3 coordination
games, which can stress the challenges posed by poor estigfditness. To this end, | employ
two multiagent coordination problems: Climb and Penaltyim®B has two Nash equilibria, the
optimum (1,1) and the suboptimun(,2), and it is strongly deceptive. Penalty has three Nash

equilibria: (1,1), (2,2), and(3,3). Of them,(2,2) is suboptimal, but is more forgiving if one or
the other population deviates from the Nash equilibriume Pploblem domains are similar to the

ones introduced i(Claus and Boutilier, 1998and used in previous investigations of multiagent

Q-learning(Kapetanakis and Kudenko, 2002b; Lauer and Riedmiller, [P@@d of cooperative

coevolution(Panaitet al, 2003. The joint payoff matrices for these coordination games are
11 -0 O 10 0 —-o
Climb: | —o 7 6 Penalty: 0 2 O
0O 0 5 —o 0 10

whereg is a penalty associated with miscoordinations. Unlessdtatherwiseg = 10.
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(1,0,0) Population 2
|- Majority 1s — |- Maj 2s —{ - Majority 3s -

)
All 15 (1,0,0)

Population 1
All 2s (0,1,0)

|~ Majority 3s — - Majority 2s — |- Majority 1s —|

t
All 3s (0,0,1)

(0,1,0) 0,0,1) All1s (1,0,0)  All2s(0,1,0) Al 3s (0,0,1)

Figure 3.4: The projection a3 x A3 to [0,1]. (left): The projection divides the simpled@ into six equal-
area triangles; arrows shows the direction for sorting gsaimeach area. (right): Visualization
of the cartesian product of two simplexes.

| apply the EGT model in Equatiois 3113 =13.16 to each of thesgproblem domains, and |
iterate it for 100000 generations or until the proportiorong action in each population exceeds
a threshold of - 10719 Given that tournament selection is a very strong seleatiethod,
approximation errors due to the fixed-sized computer remtasion of real-valued numbers
may result to erroneous convergence to arbitrary solutionertain situation, even when the
tournament size is set to only 2. To remedy this situationmpley a tournament selection
sizeH = 1.5, estimated as half-way between random search and touma®lection with size
2 (similar to the implementation of tournament selectiorthia ECJ systenfCuke, 200%). |
identify each of the possible end results (Nash equililwi#f) a color. For consistency, black dots
always indicate convergence to a suboptimal solution,ewlbite and grey dots indicate converge
to global optima. The projection of th¥ x A3 is detailed next.

The search spacé¥) of the first population is projected along the vertical awikile that of
the second population is projected along the horizontal &tie projection oA to one dimension
starts by dividing it into six equal-area triangles, as igufe[3.3 (left). Initial populations in areas
1-2 have a majority of 1s in the population, and similarlyaar8 —4 and 5—6 have majorities
of 2s and 3s. li < j, all initial populations in areaare projected before those in argalnside
each area, initial populations are ordered lexicograpllyioa the direction of the arrow. More
specifically, in regions 1—2, the sorting is done primaritlym, and secondarily opy; for 3—4,
p2 and p3; for 5—-6, p3 and p;. Even-numbered regions are sorted ascending and odd-mnednhbe
regions are sorted descending. The objective of all theseepures is to group together regions
of the space of initial populations that are expected to eayey to the same Nash equilibrium. |
sample 216 initial populations in the simplex: the six areaBigure[3.4(left) are each divided
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Second Population

1 collaborator 3 collaborators 5 collaborators 7 collabmsa

1 collaborator

3 collaborators

First Population

5 collaborators

i

7 collaborators

Figure 3.5: Basins of attraction for CCEA in the Climb problelomain for cooperative coevolution with

1, 3, 5 and 7 collaborators per population. White and blackkritee basins of attraction for the
(1,1) and (2,2) equilibria.

into six triangles, and each of them is further divided intorsore triangles. The center of each
resulting triangle corresponds to an initial populatioradd random noise distributed uniformly
between—0.00005 and MO005 to reduce certain artifacts due to identical distidmns of the two
populations. The sampling also does not cover initial paaihs on the edges or vertexes of the
simplex, but the probability that an evolutionary alganitistarts from those initial populations is
0 anyway.

The right image in FigurE3.4 is an example of the resultingjgution of (A%)? onto 2-D.
Thanks to the sorting described above, certain regionstefiajority-1, majority-2, and majority-
3 regions; and borders between those regions are the modttine two regions. Dark lines in the
figure show locations that have high ratios of 1s, 2s, or 3s@ear the other population.

First, | visualize the impact of improved estimates due tyeased numbers of collaborators
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Second Population

1 collaborator 3 collaborators 5 collaborators 7 collabmsa

1 collaborator

3 collaborators

First Population

5 collaborators

7 collaborators

Figure 3.6: Basins of attraction for CCEA in the Penalty peabdomain for cooperative coevolution with

1, 3, 5 and 7 collaborators per population. White, black, kgtit grey mark the basins of
attraction for the (1,1), (2,2), and (3,3) equilibria, restively.

for each population (to parallel Theoré&in 4). Figrd 3.5 shthe basins of attraction in the Climb
coordination game. The images show that the difficulty ofttablem domain decreases as each
population is provided with more accurate estimates foffithess of individuals. When using a
single collaborator, it appears that the coevolutionagrae will find the optima if at least one
of the populations starts with a large number of 1s. Evenigmdhse, the system is most likely
to converge to the global optimum if the ratio of 2s is relatyviow. As each population gets a
better estimate of fithess (via an increased number of amitdbrs), the basin of attraction for the
suboptimal equilibria reduces to areas where at least otieeahitial populations has a very large
proportion of 2s or 3s: the more collaborators are used,atgel the proportion required to still
converge to the sub-optimum.

Figure[3® presents the basins of attraction in the Penaltyeg Observe that the two global
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Figure 3.7: Basins of attraction for Nash equilibria forre&sing miscoordination penaltiesin the Climb

domain. Fitness of individuals in each population is estadaising 3 collaborators. White and
black mark the basins of attraction for the (1,1) and (2, 2jiléxgia.

optima cover most of the space even when a single collabdeatsed; the suboptimal equilibria
covers mainly areas where at least one of the populatiotedtavith a high percentage of 2s,
and the other population has the 1s and 3s equally distdbutehis increases the percentage of
miscoordinations. As the number of collaborators is inseelathe basin of attraction for the (2,2)
point reduces to only areas whedyeth populations start with almost only 2s. The visualization
of the basins of attraction suggests that Penalty is a musieregoordination game than Climb.
Note also a thin diagonal line in the top-left graph of Figlr&. Interestingly, this is due to the
fact that if the proportion of 1s in one population is abouti@do the proportion of 3s in the
other population, there are frequent miscoordinationsithpact on the expected reward for these
actions as estimated by the learners, and the system cesverthe suboptimal (2,2) equilibrium.
Finally, I illustrate the effects of varying the miscoordtion penalties onto the basins of
attraction of Nash equilibria. For this purpose, | only use €limb domain with different settings
of g, and | set the number of collaboratdis= 3 for each population. The basins of attraction are
illustrated in Figur&317. Observe that the basin of attbadbr the optimal solution decreases with
more severe miscoordination penalties, as suggested lyrdhnBb. Interestingly, the decrease in
the size of the basin of attraction for the global optimumsdoet match the exponential increase

in the miscoordination penalty; in some sense, this parallels the setting n% at the end of
&

Theorenib.

3.3 EGT Models for Multiagent Q-learning

Q-learning (detailed in Sectidn1.2.2) is another maché&aerling techniques that is widely used
in single-agent domains due to its well-known propertied eonvergence guarantees. However,
straightforward applications of this technique to muléagdomains (as detailed in Sectlon1l2.4)
have revealed problematic convergence problems to subalsiolutions (for example, ifClaus
and Boutilier, 1998). In this section, | extend an existing replicator dynaniiR®) model (an EGT



65

tool) of multiagent Q-learning to show that these problenesadso caused by learners having poor
estimates for the quality (utility) of their actions. | alegtend this model to account for accurate
estimates, and | demonstrate the benefits of these chantesgerformance of the algorithm. For
consistency, the discussion in this section uses the satatans as in Sectidn 3.2.

Consider the application of multiagent Q-learning to sa@vsimple two-agent coordination
game, such as the one in Figlirel 3.1. Given that the coordimgime was stateless, here is how
the RD model might be applied:

e Each agent is assigned a population of individuals, whetwiithuals represent actions that
that agent can perform in the environment.

e A genotype is equivalent to a specific action (engove-leftor shoot-the-ba). Each
individual represents a genotype, but multiple individuad the same population might
represent the same individual (in that case, the agent is fikaly to perform that specific
action). The total number of genotypes is assumed finitedoh egent.

e The populations are assumed infinite, such as in the EGT niod€ICEAs. The ratio of
a genotype in a populatior;(or y;j, respectively) equals the probability that the agent will
choose that specific actiondr j, respectively).

e The utility of an action reflects the quality estimate tha¢ #igent assigns to that action.
Remember that the estimate is subjective — it reflects théitgud that action when in
combination with other actions of the teammate.

To simplify the theoretical analysis, | assume that agem®se actions by using the Boltzmann
selection: an actiosy is chosen with probability

Q(say)
e T

- > eQ(ST-ai)
whereT is a “temperature” parameter used to balance exploratidregploitation (the agent tends
to select actions associated with higher utilities whiea low). The underlying principle behind
replicator dynamics is to compute a set of differential ¢igus that describe the change of the
system over time. In particular, the replicator dynamicsleidor a system with two concurrent
learners consists of two differential equations, one faheaf the learners. These equations must
specify the change of the first Iearn%é(}, and the change of the second Iearr%%)( over time.

By combining Equations7.1 afd 3132, the RD model for muétidgg-learning derived ifTuyls

et al, 20037 Tuylset al, is: '

P(a) (3.32)
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whereu; = ) " aiyk is the expected reward that would be observed by the firsttageen the
other agent’s current probabilities of selecting amon@dsons (and similarly fow;). The RD
model above has therefore the simpler form

u = ZaikYk (3.33)
k
W, = Zaijk (3.34)
k
dy a X
?i = 7 <ui —;Xkuk> —l—a;xk'ng (3.35)
dy;

a
L= S wi- D) v +a2yklny—'_‘ (3.36)
Yj T " ” Yj

3.3.1 Extending the Formal Model

The RD model in Equatiofs-3B3E=3]36 assumes that the agéntseiall rewards to update the
utility of its actions. It is therefore very similar to the HGnodel of cooperative coevolutionary
algorithms in Equations 3. 1=3.4. As illustrated in Secfiofh and demonstrated in Sectionl3.2,
using the average reward usually results in poor estimateshe quality of actions, causing
potential drift towards suboptimal solutions.

To remedy this situation, | extend the RD model such that ézetmer ignores lower rewards
to improve its estimate. The key to this extension is in TeedR in Sectiof 3. 212. The following
RD model is a straightforward combination of these previassilts.
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3.3.2 Basins of Attraction due to Estimations

This section demonstrates the advantages of improvingetiraérs’ estimates for the quality of
their actions. To this end, | employ the extended RD model aitiagent Q-learning to visualize
the basins of attraction for suboptimal and optimal Nashilégia in the Climb and Penalty

domains.
The visualization method is similar to the one presentectictiSBn(3.ZB. The main difference

is that it employs the RD model in Equatidns_3.87=B.40, axbtef the EGT model for CCEAs.
Given that the RD model provides differential equations,rikext state of the concurrent learning
system is approximated by assuming the variations in theatete are small over short periods of
time 0:

dx
dy;
Yi = Yj+9dt

| set@ = 0.001, the learning rate = 0.1, and the exploration parameter= 0.01. | iterate
the RD model 100000 times, or until the proportion of oneacin each population exceeds a
threshold of - 1010,

The basins of attraction for the optimgl, 1) and suboptimal(2,2) equilibria in the Climb
domain are visualized in Figufe_B.8. Given that the new RD ehoelduces to the one described
in (Tuyls'et al, 2009 whenN = 1, the basin of attraction in the top-left graph indicatest th
lot of trajectories for straightforward extensions of @#eing to multiagent domains will often
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Second Learner

max of 1 reward max of 3 rewards max of 5 rewards max of 7 rewards

max of 1 reward

max of 3 rewards

First Learner

max of 5 rewards

max of 7 rewards

Figure 3.8: Basins of attraction in the Climb problem domf@nmultiagent Q-learning that updates the

utility of an action based on the maximum of 1, 3, 5 and 7 of @veards received when selecting
that action. White and black mark the basins of attractioritfe (1,1) and (2,2) equilibria.

converge to the suboptimal solution. As the learners igmooee of the lower rewards, they
improve their estimates for the quality of their actionsg @me thus more likely to converge to
the global optimum. The same behavior can be observed inghalfy domain, as illustrated in
Figure[3.9.

Interestingly, observe that the basins of attraction foltiagent Q-learning resemble the basins
of attraction for cooperative coevolutionary algorithnT® highlight this similarity, Figuré_3.10
samples the diagonal graphs in Figures 3.5[and 3.8: thesheaoases where both agents ignore
the same number of lower rewards. The shape and coverage ba#lins of attraction are very
similar indeed for each of the four settings. This is at l@asiguing, given that the two algorithms
have different properties and parameters.
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Figure 3.9: Basins of attraction in the Penalty problem donfiar multiagent Q-learning that updates the

utility of an action based on the maximum of 1, 3, 5 and 7 of #veards received when selecting
that action. White, black, and light grey mark the basinsttfation for the (1,1), (2,2), and
(3,3) equilibria, respectively.

The similarity of the basins of attraction for the two muigant learning algorithms should
be, however, not surprising at all. Remember that both ¢slary computation and Q-learning
are guaranteed to converge to the global optimum in singéedascenarios, if properly set and if
given enough resources. This whole chapter argued thatré#hyidthese algorithms away from
the global optimum is only cause by poor estimates, and ticahibe dealt with if learners simply
ignore lower rewards. Figufe=3]10 basically suggests fhiitel multiagent learning algorithm
is drifting towards suboptimal solutions, it is rarely thault of the learning algorithms. These
algorithms do not start to suffer from undesirable path@egnly because they are used in
multiagent scenarios. Rather, poor estimates are the gyricaase for the drift. As also argued
throughout this whole chapter, ignoring lower rewards ioves the learners’ estimate for the
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max of 1 reward max of 3 rewards max of 5 rewards max of 7 rewards

i \HHN ﬂ 1

CCEA

Multiagent Q-learning

Figure 3.10: Basins of attraction in the Climb problem damfar cooperative coevolution and multiagent

reinforcement learning, both ignoring all but the maximufrilp3, 5, and 7 rewards. White
and black mark the basins of attraction for the (1,1) and) @gilibria.

quality of their behaviors, resulting in an increased plolits that the multiagent learning system
will converge to the global optimum.



Chapter 4: The Biased Cooperative Coevolutionary Algorithm

The research in ChaptEl 3 employed theoretical models afureent learning to demonstrate
the advantages of accurate estimates for the fitness ofidlodils. These models involve large
numbers of random collaborators to combat poor estimatesveMer, the analysis also revealed
the significant computational resources that might be requio guarantee convergence to the
global optimum for methods that rely solely on random calabors.

This chapter proposes a new biased cooperative coevauyiaigorithm that combines the
current joint rewards as observed during the evaluatiorrgs®, with joint rewards that were
observed in the past. This approach complements the usaddmacollaborators to improve the
learners’ estimates, while not adding a significant contprtal overhead. Parts of the material
presented herein have been publishe(Panaitet al, 2008.

The chapter is structured as follows. Sectionl 4.1 detailsmple approach to explicitly
incorporate bias into CCEAs. Following, Sectionl4.2 pregdheoretical justifications for the
method. Sectio 413 details an empirical analysis of sé®asing mechanisms, highlighting
that one of them is very sensitive to a key parameter. Finglgtiol 4 U provides experimental
results for the application of biased cooperative coevamhairy algorithms that employ a simple
rote learning method to update the biasing information dkerrun. The results indicate that
biasing enhances both traditional CCEAs, as well as spagatbedded CCEAs.

4.1 A Naive Biasing Approach

How might the CCEA be modified such that it is more suitableléarning? One problem with

CCEAs is that the fitness of individuals depend only on theenirevaluations with collaborators
from the other populations. One approach to address thislgmois to bias the search by
computing an individual’s fitness based on two componetgsmmediate reward when combined
with collaborators in the other population, and a heurisstimate for the reward it would have
received had it interacted with its optimal collaboratorBhe first part of this reward will be

called the underlying objective function, and the seconlll lvé called the optimal collaborator
estimate.d is a parameter that denotes the degree of emphasis thahéesfiilaces on the optimal

collaborator estimate.
Note that this notion of bias toward maximum possible rewhad also been used in

literature in subtly different ways than is used here. Maximreward has been used in
multiagent reinforcement learning i{€laus and Boufilier, 199§; Lauer and Riedmiller, 2000;
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[Kapetanakis and Kudenko, 200()2bTo some extent, the “Hall of Fame” method introduced in
(Rosin and Belew, 1997or competitive coevolution is also related to biased cagimn; however,
that technique samples randomly in the Hall of Fame to isgeabustness, while the biased
approach in this chapter tends to deterministically setextdeal partners.

Although several experiments in this chapter use an exactpatation for the optimal
collaborator estimate, | refer to a heuristic estimate bsean practice it is highly unlikely that
the algorithm will be able to easily compute the actual idedlaborators. | envision a variety
of approaches to computing a heuristic estimate. The etgimaght be based on partnering with
the most successful collaborators known so far in the poipalaor with collaborators chosen (or
constructed) based on the success they have had with indigithat are structurally “similar”
to the test individual; or with collaborators chosen basedoast history with the individual’s
ancestors; and so forth. | reserve comparison of such apipesao future work. Here, | only
concentrate on the foundations of the technique itself.

The most obvious approach to bias is through a modified fitassessment method that is
simply a weighted sum of the result of the collaborationsthuiedesult of the estimated maximum
projection. Equatiof4l1 below describes this idea mathieally. Here the fitness of argumext
is being assessed by combining the result of the underhyfertive function,f, with the optimal

collaborator estimatef,.

f(X]_,...,Xa,...,Xk) = (1_5) f(Xl,...,Xa,...,Xk)+5' fé.(xa) (41)

At one extreme, whed = 1, the algorithm will trust only the estimate, and the statethe
other populations are entirely irrelevant. It is no longeoavolutionary system at all; there are
ratherk EAs searching th&-projected component spaces independently in parallethé&bther
extreme, wherd = 0, the algorithm trusts only the underlying objective fuot This is the
traditional CCEA.

4.2 An EGT Model of Biased CCEASs

This naive biasing approach can be easily incorporated thée extended EGT model in
Equations 33 3E316: the last two equations (creating #se population via tournament
selection) remain unchanged, and the first two equatiomaoting the fithesses of individuals)
are slightly altered to incorporate the biasing term. THewang EGT model of biased CCEAs
results:
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In this modified system, the tendency to optimize perforneaeclear wherd = 1 and there
is a unique global optimum. At each iteration of the moded, filness of each component will
be its best possible fitness. If there is a unique global mamiprthe system will converge to it
(Theorerml). When there are multiple global maxima, setéing 1 is not necessarily a good
choice because it provides no incentive for the joint pojates as a whole to converge to a single
solution (CorollanyCIl1). Furthermore, settidg= 1 may place too much faith on an inaccurate
heuristic estimate for the optimal collaborators. Wides set appropriately, however, biasing can
have a considerable (positive) effect, as will be demotedraext.

| use the visualization technique in Section 3.2.3 to illais the theoretical impact of the
proposed biasing mechanism onto the basins of attractiooptimal and suboptimal Nash
equilibria. For consistency with the illustrations in Senf3. 2.3, | visualize the basins of attraction
for biased CCEAs applied to the Climb and Penalty domains, lakeep all other settings
unchanged. | sed = 0.5 to provide an intermediate setting between traditiondl faly-biased
CCEAs. The optimal collaborator is assumed known for anyiddal. Note that setting to 1.0
would cause the biased CCEA to converge to mixed equililoritn@ Penalty domain due to the
presence of two global optima.

Figured4ll anf4.2 show the basins of attraction for thelibgai The graphs indicate that
augmenting CCEAs with biasing can have a considerableipegffect on the resulting basins
of attraction. Indeed, a brief visual comparison of Figuek and 2R with Figures—3.5 ahd B.6
reveals that the augmented biased CCEA using a very $inigllsuperior to a traditional CCEA
using larger values faX. In fact, in the Penalty domain, the basins of attractioriiertwo globally
optimal equilibria cover the entire space, even with a gireglllaborator.
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Second Population

1 collaborator 3 collaborators 5 collaborators 7 collabmsa

1 collaborator

i

3 collaborators

First Population

5 collaborators

1l

7 collaborators

Figure 4.1: Basins of attraction for Biased CCEA in the Clipnrbblem domain for cooperative coevolution

with 1, 3, 5 and 7 collaborators per population. White analolaark the basins of attraction
for the (1,1) and (2,2) equilibria.

4.3 Analysis of Sensitivity to the Biasing Rate

A crucial issue remains: what are the effects of choicé®fAs it turns out, naive approaches
to definingd can result in high sensitivity to the exact valuedf This is a serious problem if
(as would usually be the case) the experimenter does not kmewest value od beforehand,
or chooses to adjust it dynamically during the run. Large am® of bias may be unwise if
optimal-collaborator estimates are poor, or if there aréipla optima. But depending on problem
properties, small amounts of bias may have almost no effecther, certain system settings may
decrease an algorithm’s sensitivity to the degree of biasxacerbate it. A smooth, relatively
insensitive biasing procedure is necessary for the suafelsgsed coevolution, as it mitigates
radical, unexpected changes in the algorithm propertiedachanges in choice ot
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Second Population

1 collaborator 3 collaborators 5 collaborators 7 collabmsa

1 collaborator

3 collaborators

First Population

7 collaborators

7 collaborators

Figure 4.2: Basins of attraction for Biased CCEA in the Pgraloblem domain for cooperative coevolution

with 1, 3, 5 and 7 collaborators per population. White, bjauid light grey mark the basins of
attraction for the (1,1), (2,2), and (3,3) equilibria, restively.

To examine this sensitivity tad, | make two relatively straightforward and obvious
simplifications. First, | consider only a static value fothroughout a run and focus the attention
on how different static values affect final runtime perfono@ Though a more realistic algorithm
(such as in Sectioh’4.4) would likely adjust the degree o$ bignamically throughout the run,
it is unclear how best to do this. Second, | assume that th&nganformation (the optimal
collaborator for each individual) is known a priori. In othgords, | assume that the function
gy is known beforehand. This simplification is made in ordereduce the variables involved in
the experiment, and it is reasonable because there remportiamt sensitivity issues to consider
even with this simplification. The experiments detaileédan Sectioi 414 will relax both of these
simplifications to account for more realistic problems algathms.
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Figure 4.3: MTQ instances illustrating; = 1.6,S = 0.5) and(S; = 0.5, = 0.5).

4.3.1 Problem and Algorithm Properties

Consider the maximum of two quadratics (MTQ) class of probtomains, which can offer a
range from simple to very difficult instancé&fiegand, 2004 MTQ is a class of two-dimensional
functions defined as the maximum of two quadratic polynosnidDne advantage of the MTQ
functions is that the maximum projection can be easily caegbuThe MTQ class is defined as:

2 2
MTQ(X,y) = max S1 S1 (4.2)
(xy) {Hz % (1— 16x()é;X2)2 _16x %;YZ)Z)

wherex andy take values ranging between 0 and 1. Fiduré 4.3 illustrateesexample MTQ
problem instances. Different settings ta{, Ho, X1, Y1, X2, Y2, §, andS, affect the difficulty of
the problem domain in one of the following aspects:

Peak height H; andH, affect the heights of the two peaks. Higher peaks may ineréas
chances that the algorithm converges there.

Peak coverage S and S, affect the area that the two peaks cover: a higher value ferain
them results in a wider coverage of the specific peak. Thisesakmore probable that the
coevolutionary search algorithm will converge to this @bk suboptimal) peak.

Peak relatedness The valuesXy, Yi, Xo, andY, affect the locations of the centers of the two
peaks, which in turn affect their relatedness: similar galof thex or y coordinates for the two
centers imply higher overlaps of the projections along anteoth axes.

Aside from the impact of the properties of the problem dom#ie sensitivity study targets
three algorithmic settings:
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Bias rate How does the performance degrade as the biagrabanges? The experiments report
on the impact of different bias ratéson the performance of the coevolutionary system.

Population size The population size affects how much the coevolutionargrtigm samples
the search space. Coevolution using a bias dadé 1.0, combined with infinite populations and
perfect knowledge of maximal projections, will convergehe unique optimum with probability
1 (Theorenfll). Large populations should achieve similanltess well, particularly in simple
domains where the maximal projections can be easily apmprabed.

Collaboration scheme The CCEA attempts to simplify the search process by decomgalse
candidate solutions into components and coevolving thersepparate populations. The only
information a population can get about the overall progmsthe search process is through
collaborators —samples that are usually representativihefstatus of the other populations.
Varying the number of collaborators presents a tradeofiveen computational complexity and
the efficiency of the algorithnfWiegandet al, 20071 ;[Bull, T99J: more collaborators induce an
increased computational complexity, but the performari¢ceeosearch might also be significantly
improved.

4.3.2 Sensitivity Results

All experiments here use the MTQ class of problems. The dogeoary search process employs
two populations, one for each variable. Each populatiors aseeal-valued representation, with

individuals constrained to values between 0 and 1 includRagents are selected via tournament
selection of size 2, and non-adaptive Gaussian mutatioarfrfeand standard deviation 0.05) is

the only variational operator. The best individual in eadpydation is automatically cloned to
the next generation. The search lasts for 50 generatiotes,\afiich the best individuals in each
population are at, or very near, one of the two peaks. Eaatt poFiguredZUEZ]7 is computed
over 250 independent runs. All experiments are performékl the ECJ systerfLuke, 200%.
Other default settings are as follows. Each populationistssef 32 individuals. The default
collaboration scheme uses two collaborators from each lpbpn: the best individual in the

previous generation is always selected, and the otherighgiVis chosen at rand@mnThe biasing
method combines the a priori fithess with the better of thalte®btained when the individual
is teamed with each of the two collaborators. The defaulieslof the parameters for the first

(suboptimal) peak arH1=50,X1=%1, Y1=%1, and$;=1.6. The second (optimal) peak is characterized

To reduce noise in the evaluation process, the experimetitési section employ the same random collaborators
for all individuals in the population at that generation. Ngtusing different random collaborators for different
individuals may result in slightly better performance daebetter sampling of the search space, the sensitivity to
d is unaltered.
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Figure 4.4: Convergence ratios to global optimum for peaghidtop), peak coverage (center), and peak
relatedness (bottom).

by H,=150, XZ:%, YZ:%, and Szzsiz. With these settings, the two peaks are nearly at opposite
corners of the domain space.

Biasing and Domain Features

The first set of experiments investigates the relationséiween the bias rate and the three problem
domain features described previously: the relative heigidverages and locations of the peaks.
There are 11 experimental groups for each property, oneafdr ealue ob € [0, 1] in increments

of 0.1. Figurd LW shows the mean final results of these 33pgrou

Peak height The experiments employ three settings . 75, 150, and 300. The results
indicate that less than 10% of runs converged optimally wherbias rate is low, while the ratio
increases to over 90% when using high bias rates. Unfoethnahere is no smooth transition
between these two extremes: rather, small modificationeddias rate can change the rate of



79

convergence to the optimum by as much as 70—80%. Moreowergthtive difference in peak
height directly affects where these sudden jumps in peidoce appear. This suggests that the
algorithm may not only be quite sensitivedowith respect to changes in relative peak height, but
also suggests that it may be difficult to predidierethe sudden transitions occur.

Peak coverage | experiment with six values fd%: 135, a4 35, 15, 5 ands. The results indicate

that the location of the transition is more consistent amwegvarious values, but the transitions
themselves are still abrupt. It also appears that the velpgak coverages cause more variation in
results when the bias rate is small, while the curves at ther@&xtreme of the graph appear close
together. The results indicate that the peak coverage ffeltiethe algorithm'’s sensitivity to thé
parameter: the wider the peak, the more gradual the transithen varying the bias rate.

Peak relatedness The experiments employ five values fér. 1, 3, 3, 2, and3. These settings

gradually transition the relative peak positions from diaglly opposite locations to ones aligned
along one axis. Similar to peak height, the peak relatedmess significant effect on the ratio of

runs that converge to the global optimum: the more relategp#aks, the less biasing is required
to assure good performance. However, the curves have aptabansition between lower and

higher rates of convergence to the optimum. Moreover, thation of this transition depends on

the actual degree of peak relatedness, which suggestéhalgorithm may be highly sensitive to

0 with respect to this parameter.

Biasing and Algorithm Features

A second set of experiments investigates the relationstipden the bias rate and the population
size and collaboration scheme. Again, there are 11 groupsdoh of these two parameters
corresponding to each of tesettings. FigurE4l5 details the results.

Population size | set the size of each of the two populations to 8, 16, 32, 68, 236, and 512.
As expected, extremely small populations are less likelyearh the optimum, even with high
bias rates. The results suggest that increasing the papukize does not necessarily alleviate
algorithm sensitivity tod: the graphs contain the same abrupt shift in performance dksei
previous experiments.

Collaboration scheme Finally, | vary the number of random individuals from 0 to #ptbest
individual from each population in the previous generai®always used. The bottom graph in
Figure[4® shows that the collaboration scheme has somemu#uover the performance of the
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Figure 4.5: Convergence ratios to global optimum for pojartasize (top) and collaboration scheme
(bottom).

algorithm at low bias rates, but it has no effect when highas bates are used. Again, the abrupt
change in performance indicates that the algorithm can glkelhsensitive to the parameter,
regardless of the collaboration methodology.

The results of nearly all of these experiments indicate thatnaive biased CCEA is very
sensitive tod, and that this problem cannot be alleviated by only adjgstime algorithmic
parameters. As argued before, this is problematic. In tixé¢ section, | detail a nonparametric
biasing method that is fairly robust to change®in

4.3.3 An Alternative Stochastic Biasing Mechanism

To uncover a possible simple alternative that does not dhéseproblem, recall that for larger
differences in peak heights, a wider range of bias ratedtsegsua high ratio of convergence
to optimum; however, when one peak is only slightly higheanthhe other, the range of high
convergence ratios is much smaller. The transition is dbaupd the location of the transition
shifts depending on the differences in peak height.

This extreme sensitivity of the algorithm to the biasing Inoet with respect to the relative peak
heights is caused by the linear combination of the two fitecesgponents: the fithess when teamed
with collaborators, and the fitness when in combination whthoptimal collaborator. The higher
the optimal peak, the lower the bias rate it needs to domthatether term. However, if one peak
is slightly higher than the other, the algorithm requiregenaasing to locate the optimum.
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Figure 4.6: Convergence ratios to global optimum for ststibebiasing when varying peak height (top),
peak coverage (center) and peak relatedness (bottom).

To counter this, | propose a nonparametric comparison ndetitach considers the relative
order of two components rather than their exact values. T#figation for this technique
is similar to that of nonparametric selection methods sughoarnament selectio(Goldberg
and Deb, 1990 rank selection(Whitley, 1989, and truncation selectioMihlenbein and
Schlierkamp-Voosen, 1993 The new nonparametric biasing technique works as follogesch
individual is assigned two fitnesses: the underlying objecone when combined with the
collaborators from other populations, and another oneatttig the performance of the individual
when in combination with its optimal collaborator. When timdividuals are compared to select
a parent, they are compared based on the first “fithess” withahility 4, and on the second
“fitness” with probability 1— .

Figured4.b anl4l.7 detail the results of a similar sensjtstudy for the nonparametric biasing
technique. Observe that the new algorithm does not eximbisudden jumps in performance that
the original did.
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Figure 4.7: Convergence ratios to global optimum for stetibhdiasing when varying population size (top)
and collaboration scheme (bottom).

4.4 Comparing Realistic Implementations of Traditional ard
Biased CCEAs

While the previous theoretical discussion, as well as timsigeity analysis just discussed, helps
justify the intuition for biasing the fithess evaluation,ther is immediately applicable to real
problems. In a more realistic setting, simplifying mode@asptions such as infinite populations,
lack of variational operators, and a priori knowledge of iteximum payoff are not possible. To
convert theory into practice, these assumptions have teak: with.

4.4.1 Method of Study

These experiments employ practical coevolutionary algots with finite population and with
variational operators. The biasing information used byse¢halgorithms is updated via rote
learning. Specifically, the optimal collaborator for ani@ei is an actionj whichso farhas shown

the highest performance when paired witlAs evolution progresses, the optimal collaborator of
an actioni changes to reflect the bett@r j) pairs that have been evaluated. The main difference
between the two representations in Sectibns ¥.4.3[and #4pdmarily in how an individual

chooses its actions.
The stochastic biasing mechanism detailed in Sediion]4s3@mployed to improve the

coevolutionary search. Howevey,is not fixed as in previous experiments, but it is rather whrie
throughout a single run: the algorithm starts witk- 1, decreasing it linearly until it reachés= 0
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at 75% of the total number of generations, at which pdintmains constant O until the end of the
run. While the dynamic adjustment é&fis ad-hoc, it is sufficient to demonstrate that the biased
coevolutionary algorithms outperform their unbiased ¢erparts.

| perform several experiments to compare traditional chaian with biased coevolution in
this context. These experiments involve the Climb and theRgcoordination games introduced
in Sectio:3.Z18. The miscoordination pengitys set to 30 in the Climb domain and to 10 in the
penalty domain, to reflect the standard benchmarks usedlese. | also test the algorithms on
an MTQ-like problem termed Two Peaks, which has the joinareMunction defined as

0
f (x,y) = max{ 10—32x ((x_ 24 (y- %)2)
15—-128x <(X—1)2_|_<y_1)2)

with x andy taking values between 0 and 1. Finally, the experimentdweve cooperative learning
domain with increased non-linear interactions: the joeward function is based on the two-
dimensional Rosenbrock function

f(xy)=— (100>< (C—y)+ (1—x)2>

wherex andy take values between -2.048 to 2.048. For simplicity, eadh i@xdiscretized into
16, 32, 64, and 128 segments for experiments with both the Heaks and the Rosenbrock
functions. Increased discretization results in largergespaces, but not necessarily more difficult
ones —when searching for pure strategies for the Rosenlitoniain (Tabld"4]4), the rate of
finding the global optima for all coevolutionary methods 8@ intervals is lower than that for 64
intervals. The experiments are performed using the EC@atdtpackagéLuke, 2009. In order to
establish statistical significance, all claims of “worse™loetter” are verified using nonparametric
tests: | use the Welch test (a variation the Student t-test does not assume equal variance
for the samples) repeatedly for pairs of samples. Giventtitasamples rarely follow a normal
distribution, I first rank the set of observations from bo#imples, then | perform the Welch test
on those ranks. The Bonferroni inequality is used to adjusitvalue level for each test such as
to obtain 95% confidence over all comparisons; as a consegqueach Welch test is applied at a
99.95% confidence level.

4.4.2 Competing Techniques

| consider both biased and unbiased versions of three CCER® first such algorithm is a
“traditional” CCEA. The others are two spatially-embedd&@EAs. They are detailed next.
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The traditional CCEA uses a common fitness assessment: adunal is assessed twice to
determine its fitness, once with a collaborator chosen ataram and once partnered with the

individual in the other population that had received théhkg} fithess in the previous generation.
An individual’s fitness is set to the maximum of these two asseents. This algorithm is termed
Traditionalfor ease of reference.

In a spatially distributed CCEA, the individuals are pasitd at specified locations in a
geometric space, such that a notion of a neighborhood eaistsg individualgSarma, 1998;
[Giacobini et al, 2003;[Dorronsorcet al., 2004;[Pagie, 1999; Hillis, 1991; Husbands, 1994;
[Ronge and Nordahl, 1996; Wiegand and Sarma, 2004; Willlants Mitchell, 2004. For
consistency across small and moderate population sizels,goulation is embedded in a one-
dimensional ring. A neighborhood of radius 1 for an indivatlaonsists of three individuals in
this case: the specific individual, together with the indals to its immediate left and right (on
the ring). The spatial embedding of the populations inflesnhe breeding process as follows:
for each location, multiple individuals are selected wihlacement from the local neighborhood
(the radius of the neighborhood is detailed for each probdemain later), and the better ones
are selected for breeding (the best individual is selectedrfutation alone, or the better two
individuals are selected for crossover, followed by motati When creating a child for location
the parent at locationalways competes for selection to breed.

The spatial embedding also influences the scheme to selémba@@tors. | experiment with
two spatial collaboration schemes. First, each individgsiavaluated with the unique collaborator
from the other population that has the same location in spéus setting is referred to &patial
The population size for Spatial is doubled to allow it to h#twe same total number of evaluations
as the other methods. A second spatially-embedded CCEAiaeal each individual with two
collaborators: the collaborator at the same location icsgas before), and a random collaborator
from a small neighborhood (the radius of the neighborhodeéiailed later). This second technique
is referred to aspatial2in the remainder of this chapter.

The combination of biasing with each of the three algoritheneermedBiased Traditional
Biased SpatiglandBiased Spatial2respectively.

4.4.3 Searching for Pure Strategies

A first set of experiments encodes a single action (an infegexyach individual. In other words,
each individual deterministically specifies an action. amg-theory parlance, each individual thus
represents a “pure strategy”. Such an individual breeddrem through mutation: the individual’'s
integer is increased or decreased (the direction chosemdbm beforehand with probability 0.5)
while a biased coin is flipped and lands in the “heads up” pos{ivith probability% for Climb and

Penalty, and with probabilit% for Two Peaks and Rosenbrock). Evolutionary runs in the 8lim
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Table 4.1: Percentage of CCEA runs that converged to glgitaham, Climb domain with pure strategy
representation

Penalty
-30 -300 | -3000 | -30000
Traditional 56.1% | 56.9% | 56.8% | 56.9%
Biased Traditional 79.9% | 77.6% | 80.8% | 81.0%

Spatial 76.4% | 79.7% | 77.0% | 77.2%
Biased Spatial | 85.6% | 88.2% | 88.4% | 87.0%
Spatial2 67.1% | 69.8% | 71.5% | 70.0%

Biased Spatial2 | 82.4% | 80.9% | 81.7% | 82.7%

Table 4.2: Percentage of CCEA runs that converged to glgitaham, Penalty domain with pure strategy
representation

Penalty
-10 -100 | -1000 | -10000
Traditional 88.2% | 89.4% | 90.3% | 88.4%
Biased Traditional 93.2% | 93.5% | 91.9% | 93.4%

Spatial 99.3% | 98.9% | 99.3% | 98.9%
Biased Spatial | 99.7% | 99.4% | 99.3% | 99.4%
Spatial2 93.5% | 93.1% | 94.8% | 92.6%

Biased Spatial2 | 94.6% | 95.8% | 96.2% | 94.2%

and Penalty problem domain use only 3 individuals per pdamigSpatial uses 6 individuals) and
they last for 40 generations. Runs in the Two Peaks and Rosgnldomains use 20 individuals
per population (Spatial uses 40) and they last for 200 géines Spatial2 selects the second
collaborator randomly using a neighborhood of radius 1.difi@nal and Biased Traditional use
tournament selection of size 2 for breeding, and the mostdiidual is automatically cloned from
one generation to the next. Parents are selected from regighdds of radius 1 using tournament
selection with size 2 for each location in the spatially-echited models.

Results Summary The use of the proposed biasing mechanism usually resultgatistically
significant improvements in the rate of finding the globalimpt In the few situations where
biasing does not help, it does not hurt performance eithera Aide-note, the Spatial algorithm
consistently outperforms the traditional CCEA.

Results Specifics Tables[411IE4]4 present the average percentage (out of 10@%) that
converged to the global optimum. Overall, the spatial mashoutperform the traditional
method — not surprising given the positive results in ther#iture, as reported for example
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Table 4.3: Percentage of CCEA runs that converged to gloptinam, Two Peaks domain with pure
strategy representation

Discretization Level (Number of Actions)
16 32 64 128
Traditional 51.6% | 50.8% | 49.6% 49.0%

Biased Traditional| 68.5% | 65.8% | 59.2% 59.4%

Spatial 86.5% | 91.2% | 89.3% 85.6%
Biased Spatial | 84.1% | 88.9% | 87.9% 86.6%
Spatial2 72.0%| 73.2% | 69.3% 66.5%

Biased Spatial2 | 78.6% | 74.7% | 72.5% 68.4%

Table 4.4: Percentage of CCEA runs that converged to glop&inam, Rosenbrock domain with pure
strategy representation

Discretization Level (Number of Actions)
16 32 64 128
Traditional 82.5% | 33.6% | 37.9% 16.5%

Biased Traditional| 87.1% | 48.8% | 51.9% 21.9%

Spatial 84.3% | 40.8% | 45.4% 22.1%
Biased Spatial | 86.6% | 56.6% | 82.0% 39.8%
Spatial2 78.2%| 33.5% | 41.2% 16.4%

Biased Spatial2 | 74.5% | 42.0% | 67.3% 22.8%

but the biased version of any method generally outperfattmesunbiased
version of that method. In the Climb domain, Spatial is digantly better than both Traditional
and Spatial2 (Spatial is better than Spatial2 with only 29% confidence for Penalty=-3000).
For all three methods, biasing significantly improves paniance — Biased Spatial in particular
converges to the global optima in about 90% of the runs, Bougmtly better than all five other

methods.
Spatial is again better than both Traditional and Spatialthe Penalty domain. Except for

significant improvements of Biased Traditional over Traxial when Penalty=-10 and Penalty=-
10000, biasing is not effective at improving results at tBe99% confidence level (though it does
not damage results either). | perform three additionaktasting all 4000 runs for each of the
methods (1000 for each value of the penalty); the increasedber of observations permits to
state that biasing is effective at significantly improvihg fperformance of Traditional and (with
only 99.89% confidence) Spatial2.

In the Two Peaks domain, Spatial is again better than Spatihich is better than
Traditional. Enhancing the techniques with the proposedibg mechanism results in significant
improvements for Traditional (with only 99.4% confidence 128 discretization level), and for
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Spatial2 (only for a discretization level of 8). All otherffdirences are statistically insignificant.

In the Rosenbrock domain, Spatial is better than Traditigwéh 99.95% confidence for
discretization level 128, and only with 99.9% and 99.85%ficiemce for discretization levels 8
and 16, respectively) and Spatial2 (with 99.95% confidemcediscretization levels of 64 and
128, and only with 99% confidence for discretization level &dditional nonparametric tests
using all 4000 runs indicate that Spatial is significantljtdérethan Traditional and Spatial2 with
99.95% confidence. The methods in combination with biasswgally perform better than alone;
no method is ever worse due to biasing.

4.4.4 Searching for Mixed Strategies

Though the pure strategy representation provides a clearecbion to theory, its use in these
simple problems results in very small search spaces. Itdvoelnice to consider larger problems
with similar properties. | accomplish this by encoding axed strategy” (to again use game theory
parlance) in each individual. More specifically, individluaonsist in this case of a probability
distribution over the available actions. When evaluatinghsindividuals with a collaborator
(another mixed strategy), 50 independent interactiongar®ormed, each consisting of a joint
action chosen at random according to the individuals’ misiedtegies. The joint reward for the
two individuals is computed as the average reward over theiBOrewards. Observe that using
mixed strategies creates a potentially more difficult pegabtdomain than using pure strategies for
reasons of both search space size and the stochastic nathedfitness result.

| perform a similar empirical comparison of the six algomith using the mixed strategy
representation. The settings are detailed next. Traditimmd Biased select parents via tournament
selection of size 2; breeding involves one-point crossdeowed by mutation by adding random
Gaussian noise (mean 0 and standard deviation 0.25) wibab'rtiiy% for each of the distribution
values (wheré. is the number of actions in the problem domain), followedhsyienormalization
of the distribution. Runs last for 200 generations in therBliand Penalty domains, and for
1000 generations in the Two Peaks and Rosenbrock domai@$. riiis are performed for each
treatment to grant statistical significance.

An extensive sensitivity study is used to identify propetuea for the parameters of the
spatially-embedded coevolutionary algorithms. The tesndicate that lower mutation rates work
better (following crossover, Gaussian random noise is @tldleach gene with probability 0.2 for

the Climb and Penalty domains, and only with probabig%yfor Two Peaks and Rosenbrock).
When using the Traditional and the Spatial2 methods, eapllption contains 20 individuals

for Climb and Penalty, and 100 individuals for the Two Peakd Rosenbrock domains (as noted
previously, Spatial uses twice the population size for anvedent number of evaluations). Parents
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Table 4.5: Percentage of CCEA runs that converged to glgitaham, Climb domain with mixed strategy

representation
Penalty
-30 -300 | -3000 | -30000
Traditional 25% | 20% | 19% 21%
Biased Traditional| 100% | 100% | 100% | 100%
Spatial 67% | 28% | 27% 26%
Biased Spatial | 100% | 100% | 100% | 100%
Spatial2 50% | 26% | 25% 27%
Biased Spatial2 | 99% | 99% | 99% 99%

Table 4.6: Percentage of CCEA runs that converged to glgiiaham, Penalty domain with mixed strategy
representation

Penalty
-10 -100 | -1000 | -10000
Traditional 100% | 99% | 99% | 99%
Biased Traditional 100% | 100% | 100% | 100%

Spatial 100% | 99% | 99% | 98%
Biased Spatial | 100% | 100% | 99% | 99%
Spatial2 99% | 99% | 98% | 98%

Biased Spatial2 | 100% | 100% | 100% | 99%

are selected using tournament selection with size 2 fromghherhood of radius 1 for Climb and
Penalty. Given the larger population sizes for Two PeaksRwsenbrock, parents are selected
from neighborhoods of radius 3; the sensitivity study alsggests a tournament selection size of
5 for the Two Peaks domain, and of 3 for the Rosenbrock domain.

The mixed representation introduces an intriguing problirat does the optimal collaborator
for a mixed strategy look like, and how can it be learned? |foptthe following approach:
whenever an actionis selected from a mixed strategy, the optimal collabor&oithat mixed
strategy will deterministically select actignwhere the paifi, j) has received the highest reward
in the past for actiom. Only the first joint reward (of the total of 50) is used frontkavaluation
of a pair of individuals (mixed strategies) to update theédmsinformation. To do otherwise would

give the estimation procedure an undue advagtager the case study involving the pure-strategy
representation.

2] also performed experiments usiatj 50 joint rewards to refine the optimal collaborator estimatel the results
improve further — all methods in combination with biasing able to find the global optimum in most cases.
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Table 4.7: Percentage of CCEA runs that converged to glopi@inam, Two Peaks domain with mixed
strategy representation

Discretization Level (Number of Actions)

16 32 64 128

Traditional 0% 0% 0% 0%
Biased Traditional| 100% | 100% | 100% 100%

Spatial 0% 0% 0% 0%
Biased Spatial | 100% | 100% | 100% 100%

Spatial2 0% 0% 0% 0%
Biased Spatial2 | 100% | 100% | 100% 100%

Table 4.8: Percentage of CCEA runs that converged to glopi@nam, Rosenbrock domain with mixed
strategy representation

Discretization Level (Number of Actions)

16 32 64 128

Traditional 62% | 12% 0% 0%
Biased Traditionall 100% | 100% | 99% 82.9%

Spatial 93% | 38% | 3% 0%
Biased Spatial | 100% | 100% | 100% 84.3%

Spatial2 85% | 25% | 1% 0%
Biased Spatial2 | 100% | 100% | 100% 79.8%

Results Summary The results suggest that the mixed strategy representatiduces a
significantly more complex search space than the pure giragpresentation: mixed strategies
usually have a non-zero probability of exploring differations that may incur penalties. For
this reason, | argue that the slope around the optimal peamabrupt gradient that may explain
the decrease in performance. Consistent with the previxperignents involving the pure strategy
representation, the results indicate that biasing nevenedses the performance of a method, but
it rather improves the performance in most situations.

Results Specifics TablesT4.BEZ18 present the percentages of runs that caavéogthe global
optimum when using the mixed strategy representation irClimb, Penalty, and the discretized
Two Peaks and Rosenbrock domains. As the evaluation of anidodl is averaged over 50
interactions, | consider that a run converged to the glolmintum if the fithess of the best
individuals (one per population) in the last generation ithin 10% of the value of the global
optimum—to exceed this threshold, each of the mixed stiegeghould have probability close to
1 for picking the action corresponding to the global optimasithe joint reward for any other pair
of actions is less than this threshold.
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In the Climb domain, both Spatial and Spatial2 significantiyperform Traditional. However,
enhancing each of the three methods with biasing resultenmergence to the global optimum
in almost every run. The Penalty domain is again easier thiembG— most runs find the global
optimum, with biasing and without it.

The Two Peaks domain is consistently too difficult for eitheaditional, Spatial and Spatial2,
but all of them find the global optima in 100% of the runs whercambination with biasing.
The Rosenbrock domain is relatively easier for coevolytespecially at low discretization levels.
Traditional is again significantly worse than Spatial2, evhin turn is significantly worse than
Spatial. However, the performance of all methods is sigamifitly superior when in combination
with biasing.



Chapter 5: The Informative Cooperative Coevolutionary
Algorithm

In ChapteB, | provided formal proofs that the drift of conemt learners away from optima is
caused by poor estimations for the quality of actions, antblved that ignoring certain reward
information may be helpful to counter this drift. Chagdierrdgued that such an approach might
involve significant computational resources in order tovpge certain convergence guarantees,
and it proposed an approach to reduce these requirementsirizy information that the learners
have observed in the past to bias the search. This biasihgitee was proven useful in simple
problem domains, but further research is still requirednalyze how the biasing information
might be approximated in complex problem domains.

Observe that all these approaches aimed to improve theelsamstimations for the quality
of agent behaviors. This chapter focuses instead on a cfassnpler estimations that can
be computed quickly. This research relies on the observdtiat certain concurrent learning
algorithms are guided by the ranking of candidate solutiand not by the absolute quality values
assigned to them. For example, cooperative coevolutioakyyrithms employing tournament
selection use the fitness value only to obtain a relativeingnéf individuals in the population.
When comparing individuax; with individual xp, the results are identical if their fithesses are
100 and 50, respectively, or if their fithesses are 2 alddspectively. As a consequence, these
concurrent learning algorithms might have good perforreaeen when working with simpler
estimations for the quality of individuals, as long as tHatree ranking of individuals is preserved.
These simpler estimations might however be computed witlgrafeantly lower computational
cost: instead of approximating ideal collaborators fotheadividual, the algorithm might merely
require a few collaborators to rank those individuals.

This chapter introduces the informative cooperative ch#iamary algorithm {CCEA), which
puts special emphasis on “informative” individuals — thosalaborators that reveal useful
ranking relations among the individuals in the other popoita The algorithm strives to select
the fewest such individuals to allow the search to progreadaster pace. | describ@CEA next. |
then compare it against a related algoritpaceA (Bucci and Pollack, 2004 and also against
three ordinary cooperative coevolutionary algorithms. ef@il, the results indicate thatCEA
significantly outperforms its competitors in most two-plation test problems that are employed
in these experiments.

91
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5.1 Description of ICCEA

iICCEA maintains an archive of good collaboration choices for ez#dfe populations. Because
tournament selection is used, the idea behaw@kA is to intelligently identify a small archive
of collaborators which produce the same rank-ordering ok$ises among individuals in the
other population as these individuals would receive weey tested with the full population of
collaborators. Collaborators in the archive each hefmdeindividual receive its highest reward,
and thus provide information about an “interesting” parthed spaceiCCEA further reduces the
archive size by taking advantage of the ranked nature ohtouent selection: if a collaborator
improves an individual, but not enough to change its rankl tans its evolutionary viability), it
is not considered for the archive. Furthe@GEA maintains a degree of diversity in the archive by
ensuring that it does not contain individuals whose maxicodbborations were too close to one
another in solution space. The algorithm promotes thisiaedio the next generation, and breeds
children from parents selected via tournament selectidifi to the rest of the new population.
The size of the archive is therefore an important factor. @e side, larger archives might
provide valuable information about the complexity of tharsh space. On the other sideCEA

assumes that individuals are evaluated when in combinatitin each member of the other
population’s archive. As such, large archives may incunificant computational requirements.

Additionally, the archive occupies a share of the popukatfewer children are bred into the new
population if the archive is large. It follows that large laikes might interfere with the search for
better solutions. It is also worth noting thaCeA with an archive size of 1 reduces to a common
evaluation approach for CCEAs: use the best individuahfftbe previous generation) plus some
individuals chosen at random from the other population.

iCCEA performs the evaluation of the populations and the breedfnilpe next generations
differently from other cooperative coevolutionary algbms. The details for each of these
procedures follows.

Evaluation At the beginning of a run, the archivarchive,) of each populatiomp is simply set
to the population itself. This means that in the first genenateach individual of a population
will be evaluated against all the individuals in the othepglation (doing full mixing). This is
expensive, but it provides good initial information beftine archive mechanism kicks in.

In general, evaluation is in two parts. First, individual®e a@valuated against the other
population’s archive members. Second, if more evaluatianes desired (if the number of
evaluations per individual has not yet reaciMedxEvalg, individuals are repeatedly paired off
with individuals in the other population and evaluated tbge The pseudocode for the evaluation
process is:
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ProcedureiCCEA-Evaluation . o
Parameter MaxEvals maximum evaluations per individual

for each populatiomp do
p’ = other population thap
for each individual in pdo
for each individualj in p’ do
Fij = —00
end for

end for
for each individual in p do

for all individualsain Archivgy do
F2 = Reward(i,a)
Fi = Rewardy(i,a)
end for
end for

end for
MaxArchive= max, |Archive,|

for max(0, MaxEvals— MaxArchivg timesdo
for each populatiomp do
shufflep

end for
for i = 1 toPopSizalo

a; = individual with indexi in populationp;
b, = individual with indexi in populationp,
Pl = Reward, (az, b)
Ft?ll = Reward,(ay, bs)

end for
end for _
for each populatiomp do

p’ = other population thap
for each individual in pdo

Fitnessi) = maxcy Fij

end for
end for

Breeding and Archive Selection The breeding and population reassembly phaseCOEA
proceeds similarly to the one pECEA: the archive members are selected from the old population
and are copied directly into the new population, and the nedes of the new population is filled
with children bred using standard EA mechanisms appliedi¢oold population (including the
old archive). The entire previous population (including #irchive) competes for breeding. The
pseudocode is straightforward:
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ProcedureiCCEA-Breeding
for each populationlo

select its new archive witlt CEA-Archive-Selection
copy the archive into the new population

fill the rest of the new population using standard EA breeding
end for

Archive selection is intended to select those individulagg teveal features of the search space
that are useful to the other population. Specifically, ICC&#As to select a minimal archive
of individuals from populatiorp such that when assessing the fitness of individuals in ther oth
populationp’, testing them against the full set of individuals prwould not change their rank
ordering beyond just testing them against the individualg's archive. The hope is that this
archive would provide an accurate evaluation and rankinthefindividuals inp’ in the next
generation as well.

This archive should be minimal because each individugl iis being evaluated against every

single individual inp’s archive. Large archives imply ad(n?) evaluation cost per generation.
Therefore individuals are added to the archive only if theayse individuals in the other population
to improve significantly enough so as to effect the rankingth® various individuals which change
this ranking,CCEA selects the ones which do so by raising fithesses to the hilgvess.

The archive selection process starts from the empty set eowk@ds iteratively. For each
individual i not yet in the archive, and for each individuain the other populationCCEA first
computesit 1y, the fitness ok if evaluated in combination with all individuals currenily the
archive. This is followed by the computationit 2!, the fitness ok if i were part of the archive.

Note thatFitZiX > Fitly. iCCEA uses three criteria to determine whetheshould be added to
the archive. First: does there exist a pair of individuakndy in the other population whose
relative ranks change whens added to the archive? That is, is it true tHaty : Fit1l, < Fit1y
and Fit2iX > Fit2iy? Second, is the individual “eligible™ An individualis ineligible if there
already exists an individual in the archive whose joint solu(with the collaborator whose rank
it significantly improved) is sufficiently “close” in gengtg space to the joint solution formed by
i and the collaboratox whose rank improves most. Third, and finally, of all individuailghat
meet the first two criteria, the one that changed the rankingalsing the fitness of itg to the
highest level is added to the archive. Note that the firstviddial to be selected for the archive
is always the one with the highest fitness. The naive algoittdescription below was chosen
for clarity but isO(n®). It is relatively straightforward to design algorithms thake advantage of
the relatively small archive size in order to significanygluce the asymptotic complexity of the
iICCEA-Archive-Selection procedure.
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ProcedureiCCEA-Archive-Selection _
Parameter MinDist: minimum distance requirement

for each populatiomp do
p’ = other population thap

Archivg, = 0
Ineligible, =0
shouldExit= false
repeat

for each individual in p— Archive, do
for each individuak in p’ do
Fit 1y = maXjcarchive, R
Fit2, = max(Fit1y,F))
end for
for each individuak in p’ do

for each individual in p’ do
- Fit2, if Fitl, < Fitly andFit2) > Fit2,
Fit3), = ,
’ —oo  otherwise

end for
end for
end for

for each individual in p— (Archive, | Ineligibley) do
MaxFit; = max yc y Fit 3'X7y

end for )

a= arg max MaxFit

if MaxFity # —oo then
selectx such thaMaxFit; = max/Fit 3§’(‘y

if minearchive,distance(a, x), (i,Collaborator)) < MinDist then
Ineligiblep, = Ineligiblep| J{a}

else
Archive, = Archive, | J {a}
Collaborator, = x

end if
else _
shouldExit=true
end if
until shouldExit
end for

5.2 Experiments

This section compares the performancécafEA against that of several state-of-the-art cooperative
coevolutionary algorithms, which are detailed next.
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5.2.1 Competing Techniques

The first algorithm involved in the experimentsi@CEA, introduced in Sectioh’d.1. Parameter
settings involveMaxEvals= 5, and one of multiple values favlinDist: 0, 0.05, 0.1, 0.15,
0.2, 0.25, 0.5, 0.75, and 1.0. For simplicitgCEA-m refers to the run of the algorithm with
MinDist = m.

Second, cCCEA evaluates an individual againgtvery single collaboratorin the other
population. The fitness of an individual is set to the maximafrthese evaluations. As shown in
Sectior3BcCCEA will converge to the unique global optimum if the populatgire is sufficiently
large.

The third algorithm employed in the comparisom@CEA (Bucci and Pollack, 2004 pCCEA
employs an elitist archive in each population; this arcimagntains individuals in the population
which, as collaborators, were effective in assistsmgneindividual from the other population.
The algorithm uses a Pareto domination relationship amodiyiduals: individuali dominates
individual j if, for any collaboratorx, i's reward withx is never worse than's reward withx,
and there exists at least one collaboratavith which i’'s reward is higher than’s reward. At
each generatiorpCCEA first evaluates every individual with every possible cotledior in the
other population, then assembles the set of individualsiciat@d by no one else. This set forms
the archive, and is automatically copied to the next gemmarapCCEA then fills the rest of the
next generation by iteratively selecting two individuatslacomparing them. If neither dominates
the other, both are selected for breeding. If one is domihbyethe other, only the dominating

individual is selected.
It is important to note some possible drawbacks of this dligor. First,oCCEA does not use the

archive to define a small set of collaborators. Instead,asule archive only to promote certain
collaborators to the next generation where they, along métli population members, will be used
to evaluate individuals. Thus it maintains a set of “infotivel’ collaborators but does not try to
use that set to minimize the number of necessary evaluatidms is both positive and negative,
as it requires many evaluations, but provides diversityaleations by adding newly-generated
collaborators to the evaluation mix. SecopdCEA does not use fitness to select individuals. An
individual may be selected if it collaborates better thameod with even a single partner from
the other population, even if that collaboration resultesyvpoor. Third,pCCEA only compares
individuals to other individuals and not to the group. Thusiadividual may be selected for
the archive if it beats every individual somecollaboration scenario even if it is never the best
choice forany collaboration scenario over all the population. Both ofsthéeatures may tend to
slow evaluation as more individuals are promoted to the gereration. Fourth, and importantly,
the results of the experiments (described next) indicaaepthCEA’s archive tends to converge
to the Pareto frontier, which may be unfortunately infiniteeven simple cooperative multiagent
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domains. In such situations, the archive will rapidly cansuthe entire population, and search
will stagnate.

Fourth,rCCEA assesses an individual’s fitness as the maximum reward vakragions with
six individuals: five random individuals, plus the fittestlividual in the collaborator population
from the previous generation.

Fifth, rcCEA-Perm chooses random collaborators by shuffling each populatdriteen pairing
individuals in the populations. IFCCEA-PERM, both the individual and its collaborator count the
evaluation towards their tally, and so the number of evauatper generation is almost half that
of rCCEA.

5.2.2 Experimental Setup

The experiments involve three different types of problermdms. The MTQ problem family,
Rastrigin, and Griewangk problems are multimodal probleifise OneRidge, Rosenbrock, and
Booth problems are unimodal but have diagonal ridges th&ertiee search more difficult. Finally,
the SMTQ problem family is both multimodal and has diagoidges. Full descriptions for some
of these domains can be found(ffopovici and Jong, 2Z0D%; Whitlest al., 1999.

Some of the problems are inverted from their original formb® used as maximization
problems. All experiments employ two populations of 32 widiials each. Individuals encode
real-valued numbers between 0 and 1. Parents are chosesumeament selection of size 2, and
children are created via mutation by adding to the parerafaesra number randomly generated

from a normal distribution with mean 0 and standard devinfidd1. The fittest individual is
copied automatically to the next population é@CEA, rCCEA, andrCCEA-Perm. As the algorithms

require different numbers of evaluations per generatianhef them is given a budget of 51200
evaluations (plus or minus a few extra to complete the laségdion). This results in the evolution
lasting 50 generations fqrCCEA and cCCEA, 134 generations foiCCEA, 240 generations for
rCCEA-Perm, and a variable number of generationsitazeA.

The ECJ packagéLuke, 2009 is used for the experiments. Each experiment is repeated 250
times for statistical significance. Given that results oft® not have a normal distribution, the

95% confldence interval for the median of the results is regofas recommended (hehmann

1975) Statistical significance is verified via non-parametrarpise t-tests. Each such test is
performed at a 99.999% confidence level (approximated @d@tmferroni inequality) to provide
an overall 95% confidence level for all tests.

5.2.3 Experiments in Multimodal Domains

Multimodal domains are challenging for cooperative coetioh because both populations need
to coordinate to identify and explore the highest of mud#tipeaks. | start with an empirical
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Table 5.1: 95% confidence interval for the median perforraai¢he methods in the MTQ domain instance

with Hy = 50.
Method Lower Bound  Median  Upper Bound
pCCEA 149.7024 149.79412 149.8466
cCCEA 149.99997  149.99997  149.99998
ICCEA-0.0 150 150 150
iICCEA-0.05 150 150 150
ICCEA-0.1 150 150 150
iICCEA-0.15 150 150 150
ICCEA-0.2 150 150 150
ICCEA-0.25 150 150 150
iICCEA-0.5 150 150 150
ICCEA-0.75 150 150 150
iCCEA-1.0 150 150 150
rCCEA 50 50 149.99998
rCCEA-Perm 50 50 150

comparison in an instance of the MTQ class (see SeCiionl foBdetails). Following, | analyze
the performance of the methods in two traditional optim@abenchmark problems: Griewangk
and Rastrigin. To summarize, the results indicateit@tA performs best, especially for relatively
small values oMinDist (usually forMinDist < 0.5). At the other extreme@CCEA appears to have
the worst performance. The specifics of these experimehbsvfo

The MTQ Domain Instance

The MTQ domain instance employed in these experiments hge®llowing settings:S; = 1—8,
Xi=3Y1=3 H,=150,S = 4, Xo = 1, Y2 = 1. Hy is varied across experiments, but it is
always less than 125.

First,H1 is set to 50 to instantiate an MTQ problem with a wide diffeebetween the heights
of the two peaks. In this case, coevolution might have difies finding the global optimum
primarily because the optimum’s coverage is significantialier than that of the suboptimal peak.
Table[5.1 presents the performance of the methods in the MohGath. The average run @fCEA
lasts about 262 generations for each settingafiDist. Observe thatCCEA converges to the
optimal answer in most runs. Non-parametric statisticetktendicate thatCCEA is better than all
other methods for any setting bfinDist.

Although it appears relatively simple, MTQ using such sejsiis fairly difficult to optimize:
the probability that a random sample exceeds a functionevalu14999 can be computed

for H1 is set to 50 asmx (1 — 14399) « %2 — 0.0000004090615. Given 51200 random
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Table 5.2: 95% confidence interval for the median perforraai¢he methods in the MTQ domain instance

with H; = 125.
Method Lower Bound  Median  Upper Bound
pCCEA 148.97783 149.4233 149.65022
cCCEA 149.99985  149.99991  149.99995
iICCEA-0.0 150 150 150
ICCEA-0.05 150 150 150
iICCEA-0.1 150 150 150
ICCEA-0.15 150 150 150
ICCEA-0.2 150 150 150
ICCEA-0.25 150 150 150
iICCEA-0.5 150 150 150
ICCEA-0.75 125 125 149.99998
iICCEA-1.0 125 125 125
rCCEA 125 125 125
rCCEA-Perm 125 125 125

samples (approximately the number of evaluations perfdrering a typical evolutionary
run), the probability that one of them exceeds a functionugabf 14999 is 1— (1 —

0.0000004090615%2% = 0.02072615. Compare this result i6CEA, which finds better
approximations of the global optimum in more than 50% of tinestr iCCEA thus outperforms
random search in this domain, and implicitly distributedrteng algorithms relying on random

search, such as those propose(Brafman and Tennenholtz, 2002

Similar to the experiments i{Bucci and Pollack, 2004H, is also set to 125 to create a more
deceiving domain instance: the individuals on the subagdtpeak have higher fithess and are thus
more likely to be selected. This also reduces the size ofréeeahere the optimal peak is superior
to the suboptimal one, making the problem harder than vithea 50.

The results (summarized in Tallle15.2) indicate tbaEA with MinDist smaller or equal to
0.5 is the top tier performer, and it significantly outpenfsrthe other methods. The second tier
consists otECCEA, pCCEA, andiCCEA with MinDist greater than 0.5. Last;CEA andrCCEA-Perm
have significantly worse results than all other methods. difierence in heights leads to a slight
increase in archive size f@CCEA: the average run aECEA lasts around 253 generations, down
from an average of 262 generations when= 50 (this decrease is significant at the 99.999%
confidence level).
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Table 5.3: 95% confidence interval for the median performarf¢che methods in the Griewangk domain

Method Lower Bound Median Upper Bound
pCCEA -0.009099687 -0.008524607 -0.008080815
cCCEA -2.3027173e-08 -1.6132691e-08 -1.06091615e-08
iICCEA-0.0 -1.2595542e-09 -9.4223985e-10  -7.1052053e-10
ICCEA-0.05 -6.868509e-10 -5.39539185e-10 -4.61613&be-1
iCCEA-0.1  -7.2518436e-10 -5.51555305e-10 -4.518173b6e-1
iICCEA-0.15  -7.856029e-10 -6.1868948e-10 -4.777243e-10
iCCEA-0.2  -7.931591e-10 -6.166706e-10 -4.8393356e-10
ICCEA-0.25 -8.377967e-10  -6.9733245e-10 -5.179104e-10
iCCEA-0.5 -7.4639095e-10 -5.629196e-10 -4.5529336e-10
ICCEA-0.75 -0.0073960405 -2.74472505e-09 -1.28453%Be-0
iCCEA-1.0  -0.0073960405 -2.56566515e-09  -8.832689e-10
rCCEA -0.007396041 -0.0073960405 -0.0073960405
rCCEA-Perm -0.0073960423  -0.0073960414 -0.007396041

The Griewangk Domain

The Griewangk function is defined as

GriewangKx,y) « —1— i - i +cogX) cos(i)

’ 4000 4000 V2
wherex = 10.24x—5.12,y = 10.24y — 5.12, andx andy are encoded in individuals as real-valued
numbers between 0 and 1. The function has a maximum valuéteduéor x =y = 0, and several
suboptimal peaks surrounding it.

Table[5.B summarizes the results of the experiments in tbislgm domainiCCEA performs
significantly better than all other methods whHdmDist < 0.5. Of these setting$/inDist = 0.0
appears slightly worse (with confidence around 99%, lowan tthe desired 99.999%). This is
becauseCCEA-0.0 has significantly higher archive sizes, yielding a lower bens of generations
per run (161 generations fovinDist = 0.0, compared to 233 generations fdinDist = 0.2).
The second tier of performers consistOLEA, rCCEA, rCCEA-Perm, iCCEA-0.75 andiCCEA-1.0.

Finally, pCCEA is significantly worse than all other methods.

The Rastrigin Domain

The Rastrigin function is defined as

Rastriginx,y) — —20— X2 + 10 cog2mx) — y> + 10 cog2y)



Table 5.4: 95% confidence interval for the median performarfche methods in the Rastrigin domain

Method Lower Bound Median Upper Bound
pCCEA -0.0001342016 -4.20476935e-05 -2.75237e-05
cCCEA -3.373491e-05 -1.92212125e-05 -1.20936875e-05
iCCEA-0.0 -0.99495906  -7.32915735e-07 -3.9109466e-07
ICCEA-0.05 -0.99495906  -1.44978885e-06  -4.859953e-07
iCCEA-0.1 -1.5460682e-06 -6.5733175e-07 -3.8390752e-07
ICCEA-0.15 -0.99495906  -1.46234045e-06 -7.4304603e-07
iCCEA-0.2 -0.99495906 -9.1238677e-07 -4.893715e-07
ICCEA-0.25 -0.99495906 -8.07612e-07 -4.2249255e-07
iCCEA-0.5  -9.465858e-07 -5.692597e-07 -3.5596943e-07
ICCEA-0.75 -0.99495906 -8.1733685e-07 -5.13917e-07
iCCEA-1.0 -2.7152691e-06  -6.213839e-07 -4.274801e-07
rCCEA -0.9949591 -5.13458285e-06  -2.3090972e-06
rCCEA-Perm -1.700194e-06 -9.64721415e-07 -5.19758%4e-0

wherex = 10.24x—5.12, y = 10.24y — 5.12, andx andy encoded in individuals as real-valued
numbers between 0 and 1. The function has a maximum valué qidor x =y = 0, and many
suboptimal peaks surrounding it.

Table[5.4 summarizes the results in this domain. The firsbfiperformers consists aECEA
(for any value ofMinDist) and rCCEA-Perm, which are not significantly worse than any other
method. rCCEA is worse thenccCEeA for four settings ofMinDist. Last,cCCEA and pCCEA are
dominated by ten and eleven other methods, respectivelypriSingly, iCCEA has about 263
generations per run, indicating that the archive size iy \@v. This effect is due to the fact

that the highly multimodal Rastrigin function describesegtially a quadratic curve (X2 —y?),
accompanied by a plethora of smaller peaks. As a consequeaEA appears to exploit the
underlying quadratic function to achieve a small archiveasth generation.

5.2.4 Experiments in Domains with Diagonal Ridges

Diagonal ridges create additional difficulties for coneumtrlearning: progress can be achieved
only when both learners simultaneously explore action$ shat the joint actions are along the
ridge. The Rosenbrock and Booth benchmark optimizationtians create non-trivial domains
with diagonal ridges. The OneRidge domain, however, talkese difficulties to the limit: each
point along the ridge is in fact a Nash equilibrium. As a caousce, there are an infinite
number of suboptimal Nash equilibria where the concurreatrlers can get stuck: suboptimal
Nash equilibria can distort the fithess estimations by cetep) eliminating all information about
the global optimun{Panait and Luke, 200%b
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Table 5.5: 95% confidence interval for the median performarfdche methods in the OneRidge domain

Method Lower Bound Median Upper Bound

pCCEA 1.47526 1.4772663 1.4805671
cCCEA 1.9103878 1.91416505 1.9197007
iICCEA-0.0 1.5467398 1.5517363 1.5576606
iCCEA-0.05 2 2 2
iICCEA-0.1 2 2 2
iCCEA-0.15 2 2 2
iICCEA-0.2 2 2 2
iICCEA-0.25 2 2 2
iICCEA-0.5 2 2 2
iICCEA-0.75 2 2 2
iICCEA-1.0 2 2 2
rCCEA 2 2 2
rCCEA-Perm 2 2 2

The results of experiments (detailed next) indicate thstrictions on the diversity GECEA’s
archive are crucial for good performance in these three dwn®therwise, the archive usually
becomes too large and interferes with the exploration ofgiaee.

The OneRidge Domain

The OneRidge problem maximizes the function

OneRidgéx,y) < 14 2min(x,y) —maxX,y)

wherex andy range between 0 and 1. OneRidge is particularly difficultdoncurrent learners
because it contains a very large number of Nash equilibowa:ahy valuev between 0 and 1,
(v,v) is a Nash equilibrium. This implies that for any Nash equilim (except for the global
optimum(1, 1)) there are an infinite number of better Nash equilibria thairfinitesimally close.
Unfortunately, both populations must simultaneously ¢feato a new equilibrium in order for
solutions to improve. To emphasize the algorithms’ cagaoitfollow this ridge, the populations
are randomly initialized such that all individuals are sierathan 05.

Table[®.b summarizes the resuli€CEA andrCCEA-Perm find the global optimum in every
single run. iCCEA achieves identical optimal performance whehnDist is greater than O.
Among the remaining methodsGCEA is significantly better, followed b/ CEA-0.0, thenpCCEA.
Increases iMMinDist put additional constraints on archive inclusion, resgltin longer runs
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Table 5.6: 95% confidence interval for the median perforraarfeche methods in the Rosenbrock domain

Method Lower Bound Median Upper Bound
pCCEA -0.1084212 -0.086038075 -0.07215236
cCCEA -5.4309703e-06  -3.97336365e-06 -3.095801e-06
iCCEA-0.0  -7.0464353e-06 -5.6810313e-06 -4.386692e-06
ICCEA-0.05 -2.9603286e-06 -2.0364071e-06  -1.484208e-06
iCCEA-0.1  -1.5654674e-06 -1.05892685e-06 -6.922747e-07
ICCEA-0.15  -9.347807e-07 -7.36914e-07 -5.559006e-07
iICCEA-0.2  -7.9747747e-07  -5.1362627e-07 -4.3587843e-07
ICCEA-0.25 -1.1045466e-06 -8.6313633e-07 -5.565543e-07
iICCEA-0.5  -1.5428313e-06 -1.1737227e-06  -7.397234e-07
ICCEA-0.75  -9.623004e-07 -6.5651085e-07  -4.610377e-07
iCCEA-1.0 -9.135398e-07  -6.48494135e-07 -4.043417e-07
rCCEA -1.45301265e-05 -1.1222902e-05 -8.5360825e-06
rCCEA-Perm  -5.950367e-07 -4.9335307e-07  -4.3179807e-07

(from 134 generations foCCEA-0.0, to 247 generations faCCEA-0.05, to 264 generations for
iCCEA-1.0).

Note thatCCEA-0.0 is still significantly better thapCCEA, despite the fact that both algorithms
lack any constraints on the archive size. This differeneenstfrom two factors. FirsicCEA
has more restrictions when constructing the archive HtaEA does, usually resulting in smaller
archive sizes (in fachCCEA’s archive covers the whole population within a few generati while
iICCEA’s archive has about half that size). SecoiadEA tends to perform fewer evaluations per
generation, allowing the search to last longer for the saongpuitational budget.

The Rosenbrock Domain

The performance of the methods in the Rosenbrock domainxamieed next. This problem
domain is defined by

Rosenbrockk,y) « —(100(x% — y)? + (1—%)?)

wherex = 10.24x—5.12, y = 10.24y — 5.12, andx andy are encoded in individuals as real-
valued numbers between 0 and 1. Similarly to OneRidge, Rweek is particularly difficult
for concurrent learners because optimization requires populations to simultaneously follow a
narrow ridge up-the-hill; in addition, the ridge in the Robeock domain has a non-linear shape.
The results of the methods are presented in TRble 5.6. Thpanametric statistical tests
indicate thatCCEA-Perm andiCCEA with MinDist > 0.1 are the top-tier performers. The second
tier consists oECCEA, iCCEA-0.0, andiCCEA-0.05. rCCEA andpCCEA have the worst performance;



Table 5.7: 95% confidence interval for the median performarfche methods in the Booth domain

Method Lower Bound Median Upper Bound
pCCEA -2.2757607e-05 -1.78912995e-05 -1.3247128e-05
cCCEA -4.1714014e-07  -3.2144021e-07  -2.7121857e-07
iCCEA-0.0 -0.00010195026 -8.06368125e-05 -5.630301e-05
ICCEA-0.05  -5.884756e-07 -4.18359055e-07 -3.5493673e-0
iCCEA-0.1 -3.606497e-07  -2.82521425e-07 -2.2286326e-07
iICCEA-0.15  -4.869323e-07 -3.895216e-07 -3.1035532e-07
iCCEA-0.2  -3.2798286e-07 -2.77684885e-07 -2.203412B8e-0
ICCEA-0.25 -4.5106958e-07 -3.7739077e-07  -2.77942Z3e-0
iICCEA-0.5 -3.0225107e-07 -2.44586035e-07 -2.1388162e-0
ICCEA-0.75  -3.2224608e-07  -2.5254693e-07  -1.9835213e-0
iICCEA-1.0  -4.3931948e-07 -3.6072215e-07 -2.66255e-07
rCCEA -1.5708204e-07 -1.31100655e-07 -1.02842776e-07
rCCEA-Perm  -4.172578e-07  -2.9863297e-07 -2.3673356e-07

in particular, pCCEA is significantly worse than all other methods. The diffeeelatnong the
iICCEA variations again highlights the importance of putting seestrictions on minimum distance
between members of the archiveCEA-0.0 evaluates populations with a large archive, resulting in
around 74 generations per run, whit€EA-0.2 uses a moderately-sized archive that allows it 254
generations per run.

The Booth Domain

Similarly to the OneRidge domain, the Booth problem als@ta® a ridge that can be pursued
primarily by simultaneous exploration by both populatiofke Booth function is defined as:

Boothx,y) «— —(X+2y—7)2 — (2x+y—5)?

wherex = 10.24x—5.12, y = 10.24y — 5.12, andx andy encoded in individuals as real-valued
numbers between 0 and 1. The Booth function essentiallyeses squashed peak along the
diagonal axis.

The results, summarized in Talllel5.7, indicate tii@EA significantly outperforms all other
methods.iCCEA falls in the second tier foMinDist > 0, together withcCCEA andrCCEA-Perm.
Last, pCCEA is worse than every other method bOCEA-0.0 (which is significantly worse than
everything else). As in the OneRidge and Rosenbrock don@aigA-0.0 uses larger archives and
exhausts its computational budget in fewer generatiorsufet 160), while even small values
of MinDist reduces the archive size significantly (runs lasts for al#@iit generations when
MinDist > 0). | am still exploring the causes feCCEA’s excellent performance in this problem
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Table 5.8: 95% confidence interval for the median performaotthe methods in the SMTQ domain
instance withH; = 50.

Method Lower Bound Median Upper Bound
pCCEA 130.5234 135.36403 139.55858
cCCEA 149.99992 149.99994 149.99995
iICCEA-0.0 149.99994 149.99994 149.99995
iCCEA-0.05 149.99998 149.99998 149.99998
iICCEA-0.1 149.99998 149.99998 149.99998
iCCEA-0.15 149.99998 149.99998 150
ICCEA-0.2 149.99998 149.99998 149.99998
iICCEA-0.25 149.99998 149.99998 150
iICCEA-0.5 149.99998 149.99998 150
iICCEA-0.75 149.99998 149.99998 149.99998
iICCEA-1.0 149.99998 149.99998 149.99998
rCCEA 50 149.99981 149.99994
rCCEA-Perm  149.99995  149.999975  149.99998

domain; | currently attribute its success to a good matcihcaEA’s settings to this problem
domain, compared t@CEA’s efforts to adjust the archive size to proper settings.

5.2.5 Experiments in Multimodal Domains with Diagonal Ridges

Finally, | create a new class of problem domains that congiine difficulties associated with both
multimodal search spaces and domains with diagonal rid§eghis end, | start with the MTQ
class of problems, and change each peak to have an elligsape sligned diagonally. This leads
to diagonal ridges towards the two optima, similar to thequeiridge in the Booth domain. The
new class of problems, termed SMTQ, is defined as

Hy x (1_ 32(x'1_x1)2 _ 8(y'1—Y1)2)

SMTQ(X,y) < max rsl 2 S
Hy x (1— 32(xgx2) _ 8(y’ZS—ZY2) )
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Table 5.9: 95% confidence interval for the median performaotthe methods in the SMTQ domain
instance withH; = 125.

Method Lower Bound  Median  Upper Bound
pCCEA 133.09122  137.50821  140.33017
cCCEA 149.99974  149.99985 149.9999
iICCEA-0.0 149.9999 149.99991  149.99995
ICCEA-0.05 149.99997  149.99998  149.99998
iICCEA-0.1 149.99997  149.99998  149.99998
ICCEA-0.15 149.99995  149.99997  149.99998
ICCEA-0.2 149.99997  149.99998  149.99998
ICCEA-0.25 149.99997  149.99998  149.99998
iICCEA-0.5 149.99997  149.99998  149.99998
ICCEA-0.75 149.99994  149.99997  149.99997
iICCEA-1.0 125 149.99995  149.99997
rCCEA 125 125 125
rCCEA-Perm 125 125 125

wherex|, y;, X5, andy, are defined as
Xy = (X—X1) cosg-l— (y—M1) sing-l—xl
¥l = (x—Xp) cos’ZT— (y—Yl)sinIZT-l-Yl
X5 = (X—Xp) cos’ZT+ (Yy—Y2) sing+ X2
Yo = (X—Xp) cosIZT— (y—Yz)sinIZT+Y2

The same values fdtlp, X1, Y1, X2, Yo, S1, andS, are used as for the MTQ class.

Tables[5.BELI9 present the results of the methods in the Sedr@ains forH; = 50 and
Hi = 125.icCEA with MinDist € {0.05,...,0.5} performs significantly better thaitCEA, cCCEA,
rCCEA, andrCCEA-Perm in both domains. This is expected given the results in theipus
domains: no distance restrictionMiqiDist = 0.0) leads to large archives that interfere with
following ridges towards optima in domains such as in Sei&.4, while large values tinDist

tamper withiCCEA’s attempts to search multiple peaks concurrently in mutal domains
(Sectiol5.ZR).



Chapter 6: The Lenient Multiagent Q-learning Algorithm

The research in Chaptelld[3—5 assumed that the joint rewéodnation is perfectly accurate.
There are, however, a large number of problem domains wherassumption does not hold. For
example, learning agents in multirobot systems might oalyelaccess to noisy reward information
due to their limited, inaccurate sensors.

This chapter proposes a new concurrent learning algorittmadmains involving stochastic
rewards. | address in particular the more difficult (and atsare realistic) case where agents
receive the reward, but they do not know what actions theimmates have chosen. As a
consequence, the reward received by an agent when seldstangions is affected by two types
of noise. The first type of noise occurs because an agent ddsiow its teammates’ actions,
although their choices have a direct impact on the rewardrobd by that agent. The second type
of noise is due to the stochastic nature of the reward agsdamth each joint action. The learning
agents have the difficult task of discerning between thesdypes of noise: the first one needs to
be eliminated, while the second one is critical for conveageto the joint action with maximum
expected reward.

Reinforcement learning techniques are particularly sifite stochastic domains. SectionT1]12.2
presented Q-learning, a population reinforcement legrmiethod, and Sectido 1.2.4 described
a straightforward extension of Q-learning to multiagenmadms. This extension (termed
multiagent Q-learning) decomposes the utility tables @ssed with joint actions into simpler
tables associated with the actions of each agent. Thegeatdre updated based on every reward
that the agent observes. As shown in Sediioh 3.3 and in de¢hevaghout Chaptdid 3, concurrent
learners that use all rewards are very likely to convergeutmoptimal solutions, while those
that ignore lower rewards are more likely to converge to tloda optimum in deterministic
domains. In this chapter, | further that discussion with atemsion for multiagent problems
characterized by stochastic rewards. For simplicity, bass that the environment has a single
state, and | only focus on computing the utility of choosinffedent actions; this is similar to
the analysis of multiagent Q-learning (@laus and Boufilier, 1998; Lauer and Riedmiller, 2000;
[Kapetanakis and Kudenko, 2002a; Kapetanakis and Kude k&R

Next, | describe the lenient multiagent Q-learning aldorit(orLMQ). The name emphasizes
the strong similarity between the underlying workings a #igorithm and the notion of lenience
as commonly occurring in collaborative learning among peo@onsider the following example
for an intuitive explanation of how LMQ works. Look back attkcenario involving John and
David learning to play soccer, as described in Sedfioh 3 jage 3B. At early stages of learning,
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John pays attention to the fact that David can score occalbyas a result of his pass, and he shows
lenience to other mistakes David might make. This is alsoaeguence of John hoping that David
will improve as he learns more about playing soccer. As legrprogresses, John should tend to
prefer actions with higher expected reward. For exampleshoaild prefer a pass that results in
David scoring with 75% probability, over another pass fromak David has only a 2% probability
of scoring. This can be accomplished if John becomes maieatrof his teammate’s actions by
ignoring fewer lower rewards. This is precisely the appho@ken by theMQ algorithm.

Sectior &P compares the performancenm® against that of several other concurrent learning
algorithms. The results indicate thatQ has a superior rate of convergence to the global optimum,
especially when the level of noise is high. In additiomQ requires less memory than the better
of its competitors.

6.1 Description of LMQ

LMQ allows agents to exhibit a time-dependent level of lenietiogeards their teammates. It is
based on the following idea: if an agent receives rewards, ..., rx when choosing actioa; at
various times during the early stages of learning, the aigeotres most of these rewards and only
updates the utility oh; based on the maximum of,ro,....rx. The reason for this is that those
rewards were obtained while the other learning agent ssle(@r, better said, explored) some
actionsby, ..., bx, most of which it will ignore in the future due to their lowetilities. As both
agents become more selective at choosing their actiorseitpected that they will each tend to
primarily select a single action (the best one). At this poéach agent should update the utility
of that action based on every reward it observes. This wilelothe optimistic estimation of the
utility for that action until it equals the mean reward ohtd by the agents for that joint reward.
If this mean reward becomes lower than the estimated utfityther actions, the agent will start
to explore these other actions instead.

The algorithm is implemented as followsmMQ always updates the utility of the action if the
current reward exceeds the utility associated with thabactOtherwise, it uses a probabilistic
approach: if the agent has not explored that action suffigieiht should show lenience to its
teammates and not update its policy; but if the agent haeegbithat action many times in the
past, it should tend to be more critical and use the rewardwel the utility of that action. To
this end LMQ associates a temperature with each action: this temperstants with a high value,
and it is decreased every time the agent selects that adi®m consequence, the agents’ time-
dependent degree of lenience relies on these temperatiites:temperature associated with an
action is high, the agent is more lenient and ignores low reésvé receives for choosing that
action. This initially results in an overoptimistic evalizen of the utility for an action, leading
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to the possibility of agents temporarily preferring sulioi actions. However, the utilities of
such actions will decrease with time due to agents’ fadingelece to one another, and the agents
will become more likely to choose the optimal actions. Theralso a small (1) probability of
ignoring small rewards at all times: | found this to work wielicause the agents have non-zero
probabilities of selecting an action at each time step. dfirnibe helpful to correlate this probability
with the agents’ exploration policies, and | plan futuresi@sh on this issue.

Aside from these enhancements, the algorithm follows atioaal Q-learning approach: the
action selection uses the Boltzman distribution, and thiéyuts updated based in part on the
reward currently received for an action. On top of the menteguired to store the utility table,
the proposed algorithm needs storage to encode a tempefatwevery action. Note that this is
about the same as the memory requirement of OMQ, and halbthavQ, two multiagent Q-
learning competitors detailed in Section 612.1. The pseode for theLMQ algorithm (that each
concurrent learner employs) follows.

Algorithm LMQ

Parameters
Tmax Maximum temperature

a: temperature multiplication coefficient
B: exponent coefficient

v: temperature decay coefficient

A: learning rate

N: number of actions
Initialization
for each actiora do
U; = random value between 0 and01
Ti = Tmax
end for _
Learning Algorithm

loop {at each time step
{action selectioh
Tmin = 1078 4+-min; 1
Yi
V\/. _ eTman‘
I
Z’j\‘:lermin
use probability distributiokVy, ..., to select actiom
=T XV
{utility update
perform action and observe rewand
RandVal= random value between 0 and 1
if (Ui <r) or (RandVal< 102+ B~9*T) then
U =AxU+(1-A)xr
end if
end loop
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6.2 Experiments & Results

This section compares the performance ofitl1@ algorithm against that of several state-of-the-art
multiagent Q-learning algorithms, which are detailed next

6.2.1 Competing Techniques

Aside from LMQ, the experiments include three other existing algorithnisrst, | use the
performance of a straightforward multiagent Q-learningpathm (Sectiori_1.Z214) as a standard
benchmark. This algorithm is termet in the remainder of this chapter. The pseudocodefor
follows.

Algorithm MQ
loop {at each time step}
{action selectioh

T= e‘sxﬁ Tmax+ 1

W = - U;
N -
=187

use probability distributiokVy, ...,\W\ to select actiom

{utility update};

perform actiori and observe rewand

U =AxU+(1-A)xr

end loop

wheremax is the maximum temperature of the systesys a temperature decay coefficieatjs
the learning rate, anM is the total number of actions. The valuesyfare initialized randomly

between 0 and.001.
Second, the experiments employ the multiagent reinforo¢hearning algorithm described in

(Cauer and Riedmiller, 2000 This algorithm, termedMQ throughout this chapter, updates the
utilities of actions based in part on the maximum reward joesly received when performing
those actionsOMQ has good performance in deterministic domains, but it migive problems
in domains characterized by stochastic rewards, as sho{ametanakis and Kudenko, 2002b
The pseudocode faMmQ is:




111

Algorithm omQ
loop {at each time step}
{action selectioh
T=e x Tmax+ 1
Yi
W= 1
Z']'\l:leT]
use probability distributiokVy, ...,y to select actiom
{utility update;
perform action and observe rewand
if MaxRewarg< r then
MaxRewarg=r
end if
Ui =A xUj+(1-A) x MaxReward
end loop

where parameters are similar to the onesvaf. MaxRewarg stores the maximum reward
previously observed for actidnand it is initialized to—co.

Third, LMQ is tested against themQ algorithm(Kapetanakis and Kudenko, 200)2amMQ uses
the maximum reward received per action to bias the proliglofichoosing that action. Previous
experiments showed that1Q outperformsvQ andomQ in domains with limited amounts of noise,
but its performance deteriorates if the level of noise ihHigapetanakis and Kudenko, 2002b
The pseudocode fammQ follows.

Algorithm FMQ
loop {at each time step}
{action selectioh

T= e_sx X Tmax+ 1
Uj+cx freq(MaxRewargl) x MaxRewarg
T

W =

N Uj +Cx freq(MaxRewarq) xMaxRewarq
=1 '
use probability distributiokVy, ..., to select actiom
{utility update;
perform actiori and observe rewand
if MaxRewarg< r then
MaxRewargd=r
end if
U =AxU+(1-A)xr
end loop

where the parameters are similar to thoseowiQ. Additionally, freq returns the frequency of
observing the maximum reward for an action (of all the tinfedt action was selected), ands
a weight assigned to the influence of theQ heuristic. The initial value offreqis 0 (assume
0 x (—o0) = O for simplicity).
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6.2.2 Experimental Setup

| test these algorithms in four repeated coordination ganié® first two, Climb and Penalty,
are described in Sectidn 3.2.3 (here, | use= 30 for the Climb domain andr = 10 for the
Penalty domain to reflect the standard benchmarks usedledse)y The other two, Partially-
Stochastic Climb and Fully-Stochastic Climb, are stodhagtriations of the Climb domain that
have been previously introduced(lRapetanakis and Kudenko, 200)2In the Partially-Stochastic
Climb domain, only the reward associated with the subogtjoiat action (2,2) is affected by
noise: both agents observe a reward of either 14 or 0 (witbglitity 50% each). All rewards
in the Fully-Stochastic Climb domain are affected by nolsgth agents observe either of the two
possible rewards with probability 50%. Given that agentsoibobserve each other’s actions, the
noisy reward information makes these two stochastic variatsignificantly more difficult than the
original Climb domain. The joint payoff matrix for the Patty-Stochastic and Fully-Stochastic
Climb domains are defined as:

Partially-Stochastic Climb Fully-Stochastic Climb
11 -30 O 12/10 5/ —-65 8/ -8
—-30 14/0 6 5/—-65 140 12/0
0 0 5 5/ -5 5/-5 10/0

Learning lasted 7500 time steps, each involving the agdmissing an action, observing a
reward, and updating the utility estimates. A brief semsitistudy indicated the following settings
to work better forLMQ: Tmax= 500, a =2, B = 2.5, v = 0.995, andA = 0.95. Similarly,

a sensitivity study foFrmQ involving all combinations ot € {2.5,5,7.5,10,12.5,15,17.5} and
s {0,00080.008 0.08,0.8,8}, indicatedc = 15 ands = 0.008 to work bestMQ andomQ also
useds= 0.008.

6.2.3 Results

Tabled611EG14 report the number of runs that convergedcto @zhe nine joint actions (based on
each agent’s action with maximal utility at the end of the)rurhese numbers are averaged over

10 trials of 1000 runs each.
LMQ consistently converged to the global optimum in the Climen#ty, and Partially-

Stochastic Climb domains. This is equivalent to the peréoroe ofFMQ in these problem domains,
and it is also significantly better than the performance ofi @ andomQd. However, the lenience

The results obMQ in the Penalty domain are worse than those reportdffaner and Riedmiller, 2000 This
is caused byMQ missing a special coordination feature for domains withtipl@ optima. | opted not to code this
feature because it detracted from the primary emphasisi®fctiapter on stochastic problem domains, where this
feature did not provide any help.
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MQ OMQ
| a b c | a b oc
al 414.6 0 0 al1000 0 O
b 0 236.3 0 b 0 0 O
C 0 308 41.1 (o 0 0 O
FMQ LMQ
| a b ¢ | a b ¢
al9976e 0 O al9919 0 O
b 0 24 0 b 0 81 O
C 0 0O O C 0 0O O

Table 6.1: Average number of runs (out of 1000) that conveetgeeach of the joint actions in the Climb
domain.

MQ OMQ
| a b ¢ | a b ¢
al499.9 O 0 al4148 0 87.1
b 0 0 0 b 0 0 0
C 0 0 500.1 c| 84.3 0 413.8
FMQ LMQ
| a b ¢ | a b ¢
a| 5009 O 0 a| 4936 0 0
b 0 0 0 b 0 0 0
c 0 0 499.1 C 0 0 506.4

Table 6.2: Average number of runs (out of 1000) that conwetgesach of the joint actions in the Penalty
domain.

also helped the agents learn the global joint action in tHigf3tochastic Climb domain in almost
95% of the runs. This contrasksQ’s poor performance in this domaifmMQ converged to the
global optimum solution in only around 71.5% of runs.
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MQ OMQ
| a b c la b c
a| 388 0 0 alo 0 0
b| O 128 0 b|0 1000 O
c| O 4434 40.6 cl|O 0 0
FMQ LMQ
| a b ¢ | a b ¢
al9934 0 O al998.2 O
b 0 6.1 O b 0 0 0
C 0 04 O C 0 1.4 0.4

Table 6.3: Average number of runs (out of 1000) that convktgeeach of the joint actions in the Partially-
Stochastic Climb domain.

MQ OMQ
| a b c la b c
a| 382.1 0 0 alo 0 0
b 0 141.1 328 b|0 1000 O
(o 0 0 148.8 c|O 0 0
FMQ LMQ
| a b c | a b Cc
al| 714.9 0 0.4 al949.3 O 0
b 0 176.3 54.7 b 0 13.6 175
C 0 0 53.7 C 0 0 19.6

Table 6.4: Average number of runs (out of 1000) that convietgeeach of the joint actions in the Fully-
Stochastic Climb domain.

For additional clarity, Figur€®@l1 illustrates the utii associated with each action for two
LMQ agents learning in the Fully-Stochastic Climb domain. Bagents start with low utilities
for all actions. After around 2500 time steps, each agengmass utility value of around 14 to
its actionb, higher than the utility of every other action. As both agegmtimarily choose action
b, they decrease the temperature associated with this aetimhthey start to incorporate lower
rewards intdo’s utility estimate(remember that the joint actidim b) has an average utility of 7).
As a consequence, the utility of actibrdecreases, and the agents start to explore other actions.
This generates extra miscoordination penalties which ldhe estimates for the utilities of other
actions as well. Given the higher temperature for actpits utility is soon affected by high
rewards, and as a result, both agents start to prefer thsamter others. This leads to a decrease
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Agent 1 Agent 2

Utility Value
Utility Value

L L L L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000 7500
Time (Number of Actions Chosen)

P T S S S S S S S 0
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000 7500 0
Time (Number of Actions Chosen)

Figure 6.1: Utility of each agent’s three actions.

in miscoordination penalties, and both agents end up wéhige utilities for their actioa (around
11), higher than the utilities associated with any otheioact
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Chapter 7: Conclusions

Multiagent systems have proven to be a powerful approachotoptex real-world problems.
However, designing multiagent solutions is often a diffi¢akk: one can usually describe what
goals the team of agents should accomplish, but cannotyegsécify how each agent should
behave for those goals to be achieved. Multiagent learnmgnizes to automate this design
process, and it might therefore hold the key to significarMaadements in emerging research
areas that have already multiagent systems.

Recent years have witnessed an increased interest in @@ cascommunity to identify and
characterize what makes concurrent learning differemhftbe more traditional applications of
machine learning in single-agent settings. This questamldeen the primary focus of this thesis.
My research identified a key difficulty in concurrent leagnieach learner might incorrectly have
a poor estimation for the quality of its behaviors due to thpact of other learners’ behaviors onto
the rewards it receives. An unfortunate consequence optbislem is that the search for better
team performance can drift to suboptimal solutions.

One solution to make concurrent learners perform bettes Ensure that each of them has
an accurate estimate for the quality of its behaviors. Ia thesis, | employed formal models to
prove the theoretical advantages of learners with accesdieates. | also applied this theoretical
intuition to design three novel concurrent learning aldons and demonstrated their superior
performance over other state-of-the-art techniques.

This thesis concludes with a summary of its main contrimgito the area of multiagent
learning and some directions for future work.

7.1 Contributions

The primary research contributions of this thesis to tha afecooperative multiagent learning are
summarized below.

e It establishes theoretical guarantees of convergence todlglobal optimum for certain
multiagent learning algorithms. | claim that multiagent learning might drift to suboptimal
solutions simply because each learner has a poor estimatadayuality of its possible
behaviors, and | extend certain theoretical models to atdctar increasingly accurate
estimates. Using these models, | prove that multiagentilegalgorithms are guaranteed to
converge to the global optimum, if properly set and if givewwegh resources. This result
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extends prior theoretical research, showing that claimsherexistence of uncontrollable
pathologies that plague multiagent learning can be simpiibated to improper settings.
Additionally, the theoretical analysis indicates that kieg to improving multiagent learning
algorithms is to make sure each learning process has anade@stimate for the quality of
its behaviors.

It demonstrates the advantages of biasing cooperative coautionary algorithms. |
propose and analyze several approaches to combine pastiaedtanformation in order
to improve a learner’s estimation for the quality of its babes. | show that some biasing
schemes might be very sensitive to different settings,evbihers are not. | then show that
several multiagent learning algorithms can be enhancddasbiasing mechanism to achieve
significantly better performance.

It details a novel multiagent learning algorithm that benefits form simpler, functionally-
equivalent estimates that can be obtained with reduced comypational costs.In addition,
learners take an active approach to improve each otheifaass for the quality of their
behaviors, and as a consequence, they are able to shift momeutational resources to
searching for better behaviors. | provide empirical resstiiat demonstrate the advantages
of this approach in domains where each agent has an infirtité aetions to choose from.

It introduces a novel multiagent learning algorithm for stochastic domains. | address
the more difficult task of achieving good quality estimatesdlomains where the reward
information is noisy. In particular, | show that learners d@enefit from showing lenience
to one another, especially at early stages of learning.ggse a lenient multiagent learning
algorithm that significantly outperforms other statedod-art algorithms, particularly as the
level of noise increases.

The thesis also includes two other important contributions

e It provides a broad survey of the cooperative multiagent leaning literature. Previous
surveys of this area have largely focused on issues comnspetific subareas (for example,
reinforcement learning or robotics). These communitieeehasually worked on similar
issues, with little or no cross-fertilization of ideas. Tihesis provides an extensive survey
of multiagent learning work in a spectrum of areas, inclgdmeinforcement learning,
evolutionary computation, game theory, complex systergenamodeling, and robotics.
| identify two broad categories of multiagent learning aggohes, each with its own special
issues: applying a single learner to discover joint sohgi®o multiagent problems, or
using multiple concurrent learners. | also expose critmaén issues that the research
community needs to address before these methods achiegspuedd applicability to real-
world problems.
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e It provides graphical illustrations of why concurrent learners might perform
suboptimally. | present intuitive graphical illustrations to support ttlaim that certain
algorithmic decisions might lead to learners having pooelity estimates for their
behaviors. This argument is supported further by the vizai@bn of the basins of attraction
to optimal and suboptimal solutions for learners with iasiagly accurate estimates.

7.2 Future Work

This thesis explores a variety of issues in the area of catipermultiagent learning, and as such,
it opens a diverse set of directions for future researcheldes a few of them.

e Theresearch in this thesis puts forward a formal model fahaing the impact of improving
the estimation for the quality of the agents’ behaviors oe tverall performance of
cooperative coevolutionary algorithms. | also take a fitepsat providing such models
for other concurrent learning paradigms by extending aicafdr dynamics model for
multiagent Q-learning. My future work will concern with pfiag convergence guarantees
and limitations for the multiagent Q-learning model, as Ivasd with developing novel
theoretical models for other concurrent learning paragigm

e The thesis shows that concurrent learners can have gooorperfice when working with
only rough estimates for the quality of their actions. Whilese estimations only preserve
the relative rank ordering of possible behaviors for thenagbey might require significantly
less computation. Can mathematical models help us makemefi decisions about this
tradeoff?

e The formal models | employ make certain assumptions thatirdeasible for practical
algorithms. While the thesis analyzes both infinite anddimtimbers of collaborators, |
plan future theoretical work on models involving finite pégdions as well.

e | perform most of the research in this thesis in very simplmdms. However, real-world
problems involve many significant challenges: large, gagsnfinite sets of states; partial
observability of the state of the team, inability to obseotieer agent’s states or actions,
to name but a few. Scaling concurrent learning to addreds ®sces is a must, if these
algorithms are to be ever used in practice.

e Last, and certainly not least, most agent-based models/ewaore than two agents (usually
tens, hundreds, or thousands of agents). Applying contulearning techniques in such
situations is certainly a significant challenge for futurerkv To this end, | am currently
experimenting with the decomposition of the learning taski@ the lines of the roles the
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agents need to fill in the team, as opposed to the usual appiroaxdving each agent learning

its own behavior. The proposed partitioning drasticaliplifies the learning of behaviors

for large teams: instead of specifying a behavior for eagmgdearning needs to only search
for a behavior for each role. | believe that this shift of fedutom agents to roles permits
learning to scale easily to large teams: the number of radggds only on the complexity

of the problem domain, and it is independent of the size ofe¢hen.
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