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Abstract A cooperative team of agents may perform many (Castelfranchi 2001), which makes the issues more difficult.

tasks better than isolated agents. The question is how coopera- Increasingly, machine learning is being used as a vital com-
tion among self-interested agents may be achieved. Itis impor- ponent of multi-agent systems. Solutions to many tasks are
tant that, while we encourage coop.era}tl.on among agentstoform anvisioned with teams of agents (e.g., robots) learning to
a team, we maintain autonomy of individual agents as much as gnerate to achieve global objectives. In addition, some
possible, so as to maintain flexibility and generality. This paper machine learning techniques (such as evolutionary compu-
presents an approach toward this goal, based on bidding utiliz- . ) L .

tation) may be applied to designing large populations of self-

ing reinforcement values acquired through reinforcement learn- | . .
ing. The result is a simple and straightforward method that is interested agents that interact with each other to solve prob-

generic and works in a variety of task domains. We further |€MS.
apply evolutionary computation to enhance cooperation among Multi-agent learning, however, poses significant theoretical
agents of a team, through selecting and reproducing those teams challenges, particularly in understanding how agents can
that are able to cooperate. We tested and analyzed this ap- learn and adapt in the presence of other agents that are si-
proach, MARLBS, in a variety of task domains, and demon- multaneously learning and adapting. Fairly recently, there
strated that a team of self-interested agents indeed performed have been significant theoretical developments relevant to
b_etter than the best s?ngle agent as well as the average of the learning in MAS, in fields such as Bayesian, game-theoretic,
single agents. In particular, Backgammon players trained us- - gecision-theoretic, evolutionary, and reinforcement learning.
ing this approach outperformed PubEval (a publicly available -, 104 rming involving multiple agents has been studied in a
benchmark player). These results validated our approach. . L . . .

few different disciplines under various guises for quite some

time. For example, the issue has been addressed by distrib-
[. Introduction uted artificial intelligence, parallel distributed computing, so-

cial psychology, game theory and other areas of mathemati-
Multi-agent systems (MAS) have become an important focal economics, sociology, anthropology, and many other re-
cus of artificial intelligence, and useful in many emergingated disciplines. These approaches and techniques need to
application areas of Al. However, there are many significare tested in more challenging multi-agent applications.
research issues concerning the coordination and cooperatignmuiti-agent settings, a key theoretical issue is: How can
of multiple agents. These issues are somewhat analogaynulti-agent system be developed in which agents cooper-
to issues studied in distributed systems (including distribate with each other to collectively accomplish complex tasks
uted Al), such as those concerning task decomposition ag@thout being externally dictated to do so? For example, the
solution synthesis. In distributed systems, typically, subyame theoretic notion of a “coalition” has been applied in
problems are not completely independent, but they may BRis area (Kahan and Rapoport 1984). Although game theory
separately solved to obtain sub-solutions. Then these syftovides analyses of variously defined states of equilibria in
solutions can be synthesized into a solution of the origingloalition formation that may be achieved by self-interested
problem. In multi-agent systems, different from typical disagents pursuing their own interests, it does not study suffi-

tributed systems, such “decomposition” and “synthesis” argiently how these equilibria can be achieved computationally
not centralized, but accomplished through emergent means
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(e.g., through learning). It usually makes the assumption @boperation. In other words, this work is about learning to
completely rational agents that can examine all the aspedtsm teams, rather than usual pre-determined team models.
of a coalition (although limited rationality models have been

looked into). The problem of optimal coalition formation||. The Model

could be NP-complete (Kahan and Rapoport 1984). There

are also significant philosophical issues concerning the ré- Basic Ideas

lationship between individual self-interested actions and the

collective function that they achieve, which is yet to be full /na multl-agept system, an agentis an autqnomou; gnd .self-
erested entity that has the power to act on its own initiative.

understood (Sun 2001, Castelfranchi 2001). Therefore, th ! . _ .
e environment usually contains other agents, which is one

is a need for more experimental work in model building an th hv th dis d i A muli ¢
idea testing that can shed additional light on the issues, ggthe reasons why the world is dynamic. A multi-agent sys-
tem is a dynamic system in which the performance and the

they may lead to better theoretical models in the future z1§aming of an agent depends on the actions (and the learning)

well as more successful applications. ther nts. Agents in a mult nt svsterm m ‘m
We are interested in the following research issues releva?lﬁo eragents. Agents in a multi-agent system may (.0 ay
ot) communicate with each other (explicitly or implicitly).

It- learning: (1) h If-i t ts lealy ) .
to multi-agent learning: (1) how seif-interested agents lea e developed a multi-agent learning model MARLBS (Sun

to cooperate with each others (under bounded rationality); : o .
(2) what a minimum mechanism should be for establishin hd Sessions 1999, 2000; Qi and Sun 2003). In this model,

cooperation among self-interested agents; (3) what the ro eteam is composed of a number of member agents. Each

of social interaction, such as bidding and negotiation, is iWember receives environmental information (full or partial

co-learning; (4) how we can integrate individual learning an§ Eseri\\//it:logtsa)tsngnﬁar:)::aarl;eeamck;lgrno?etﬁsItoerllsmb?ssadc%r:rg.oIIn
collective evolution in fostering cooperation. y9 » only '

I&e team’s action is the active (controlling) member’s action.

The goal of the present paper is to developageneral—purpi} ht ber | how to take acti in it .
multi-agent learning model. Although we do not yet hav ach team member fearns now to take actions In Its environ-

rigorously derived theoretical answers to these above querEF(]e n:l tl?lro?r?h rft'rnflo r(f:(;zrr]nentt:eﬁrnlr;i]hwr:enn;t is active (i.e.,
tions (which, we believe, will not be adequately achieved onv en itis in control of the actions of the team).

along time to come), we present here our learning model thélt each state, the member in control decides whether to con-

represents our attempt at experimentally addressing somet' e to be in control or relinquish control. If it decides to

these issues. This learning model incorporates reinforceméfi inquish control, gno_ther member wil t_>e chosen to be in
learning, bidding algorithms, and genetic algorithms, control through a bidding process. That is, once the current

The model, named MARLBS (standing ftite Multi-Agent member in control relinquishes its control, to select the next

Reinforcement Learning Bidding Sys)emteals with a spe- ;gaenqt' |th<(:)o;1rdeur<(:ats arstljdtdért])g drf[:]?fsz;mor;? r:sn;qboezr;slgfetrrle
cial case of forming a “coalition” (or a “team”), without (w qu! ' ! Q values; )

the high cost of forming game theoretical coalitions Ir43ased on the bids, it decides which member should take over

. . . xt from th rrent point on “ ntr r). Gener-
the process, we mix two mechanisms, reinforcement learRS tirom the current point on (as a “subcontractor”). Gene

ing and bidding, completely. That is, the learning of indi_aIIy speaking, the member who submits the highest bid will

vidual self-interested agents and the learning of cooperati(g'ﬁely be chosen as the new member in control. The current

among these self-interested agents are simultaneous and tt ber g] conr:ro! then taIFEslthte t:)'d asf_|tt? ownbpz_iyof_f. Thus,
interacting. This model extends existing work, in that it is € memberwho IS more likely 1o benetit Irom being in con-
trol, and to benefit the other agents on its team, is likely to be

not limited to bidding alone, for example, not just bidding hosen as the new member in control. A snanshot of a team
alone for forming coalitions (as in Rosenschein and Zlotkify 10S€N as the new member in control. A shapshot ot a tea
ith 5 member agents is shown in Figure 1.

1994) or bidding alone as the sole means for learning (as . . .

Baum and Durdanovic 2000). Neither is it a model of pure e member n CoerI receves pay_offs from the environ-
reinforcement learning, without explicit interaction amon _ent. based on its actions. This gonst|tqtes aform of commu-
agents (such as Shoham and Tennenholtz 1994, Hu and W |||(_:at|on between an agent ar_1d |t§ envwonment. During the
man 1998, Littman 2001). It addresses the combination aﬁgerI exchange process (with bidding), the current mem-

the interaction of the two aspects: reinforcement learning ar?(f r'in control also receives payoffs from the next one (in the

bidding. On top of that, evolution is used for further enhanc2mount of the accepted bid). This is, in fact, an implicit form

ing cooperation among agents. Learning and evolution apétcomn;]unlcatlﬂon amonq{ m(imbers.d tSr:nce all mir?:)e{s of
also interacting in this multi-agent model. a team have the same Slructure an € same abiily o re-

It is important to note that here we are talking about forme Ve enylropmental mformatmn,_a t.ea”.‘ IS a homogeneous
ommunicating system. Since bidding is used to distribute

ing a coalition (or team) of self-interested agents. Thes ontrol among team members, distribution of control is com
agents do not start out with a mutual commitment to teants 9 '

work. Rather, their cooperation is formed through a learnin etltrllve n tgls syste{n.fth i hast dules: th q
process and out of their self interest. They are not dictat ch member agent of the team has two modules: the Q mod-

to do so. We do not rely on BDI frameworks to capture tear] e_and the CQ module. Each me”.‘be.r agent may select an
action to be performed at a step, which is done by its Q mod-
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team must learn to cooperate in order to survive the selec-
tion process. Thus, evolution helps to form multi-agent co-
operative teams. In addition, as agel#arn to cooperate

Member-in-control with each other, the results of learning affect evolution. Thus,
Member there is a strong coupling between learning and evolution.
Other Members B. MOdel Details
Let us look into details. Let statedenote the observation
Member || Member (fgll or partial) by ateam ata paruc_ular moment. We assume
reinforcement (payoffs and costs) is associated with the cur-
rent state, denoted g$s).
Member || Member
Agent structures. In each member agent, there are the fol-

lowing two modules:

« Individual action module Q: Each Q module selects and
performs actions, and each learns through Q-learning
(Watkins 1989). Each Q module tries to receive as much

Figure. 1. A snapshot of a team with 5 members. Only one
member is active (i.e., in control) at each step. The members
communicate with each other through bidding.

ule. The controller module CQ determines whether the agent «
should continue or relinquish its control whenever the agent
is in control. The structure of a member agent is shown in
Figure 2.

Member
Q Module
Neura Network
1.
CQ Module
2.
Neura Network

Figure. 2. The structure of a team member (an agent) in 3.

MARLBS.

The Q-learning algorithm of Watkins (1989) is modified for
our multi-agent teams (cf. Claus and Boutilier 1998, Sun and
Qi 2000). Both the Q module and the CQ module learn
through Q-learning. The values resulting from Q-learning 4
are used not only for guiding the actions of an agent, but also
for bidding (see detalils later).

Evolution is used to enhance multi-agent teams via a process
of team generation and competition. It produces successive.
generations by repeatedly mutating and recombining some of

payoff (and incur as little cost) as possible before it is
forced to give up (including the payoff it receives at the
last step, in the form of the expected value of the ac-
cepted bid; more later).

Individual controller module CQ: Each CQ module
learns when the agent should continue and when it
should relinquish control. The learning is accomplished
through Q-learning (separate from that of the Q mod-
ule). Each CQ tries to determine whether it is more
advantageous to terminate the control by the agent or
to let it continue, in terms of maximizing its total rein-
forcement?!

The overall algorithm for a team of agents is as follows:

Observe the current state

The current active agent on the team (the current agent
in control) takes control. If there is no active agent
(when the team first starts), go to step 5.

The CQ module of the active agent selects and performs
a control action based 06'Q(s, ca) for different ca

(i.e., “continue” or “end”). If the action chosen by CQ is
end, go to step 5. Otherwise, the Q module of the active
agent selects and performs an action based(na)

for differenta.

The active agent (both of its Q and CQ modules) per-
forms learning based on the reinforcement received (see
the learning rules later). Go to step 1.

The bidding process (which is based on current Q values
of agents) determines the next member agent to be in

the best teams of the current generation. The best teams are

those that are capable of cooperation through bidding (more *Technically, we can merge Q and CQ. But we keep them separate, for

discussions of this point later). That is, genetic algorithm

tge following reasons: (1) to make function approximators simpler, (2) to
make the scheme conceptually clearer, (3) to address possible extensions to

are appli_ed for the co-evolution of a team of agents: Th?"lﬁore than two levels (Sun and Sessions 2000), or to using different input
is selective pressure for agents to cooperate. Agents inreresentations at different levels (even in the case of two levels).
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control. The agent that relinquished control performs
learning taking into consideration the expected winning
bid (which is its payoff for giving up control; see the
learning rules later).

6. Go to step 1.

Bidding is conducted as follows: Each member of the team
submits its bid, and the one with the highest value wins.
However, during learning, for the sake of exploration, a sto-
chastic selection of bids is conducted based on the Boltz-
mann distribution:

ebidk/T

prob(k) = W
wherer is the temperature that determines the degree of ran-
domness in bid selection. The higher a bid is, the more likely
the bidder will win. The winner will then subcontract from
the current member in control. The current member in con-
trol takes the chosen bid as its own payéff.

As mentioned before, one crucial aspect of this bidding
process is that the bid a team member submits must be its
best Q value for the current state; in other words, each mem-
ber agent is not free to choose its own bids. A Q value re-
sulting from Q-learning (see Watkins 1989 and the discus-
sion of learning rules later) represents the total (discounted)
reinforcement that an agent may receive based on its own
experience. Thus, a bid is fully determined by a member’s
experience with regard to the current state: how much rein-
forcement (payoff and cost) the member will accrue from this
point on, if it does its best. Moreover, an agent, in submit-
ting a bid (the best Q value for the current state), takes into *
account both its own gains and the gains from subsequent
subcontracting to other agents (because it takes the accepted
bid as its own payoff when subcontracting).

We call this an “open-book” bidding process, in which there
is no possibility of intentional over-bidding or under-bidding.
(However, due to lack of sufficient experience, an agent may
have a Q value that is higher or lower than the correct Q
value, in which case unintentional over-bidding or under-
bidding can occur).

The learning rules. The Q-learning algorithm of Watkins
(1989) is modified for team reinforcement learning, for the
sake of establishing cooperation among agents (cf. Claus and
Boutilier 1998, Sun and Qi 2000). The learning rules may be
described as follows:

« For the activeQ,, the learning rule when neither the
current action nor the next action by the corresponding
CQy is end is the usual Q-learning rule:

AQx(s,a) = alg(s) + ymax Qu(s',a’) — Qx(s, a))

45

wheres’ is the new state resulting from actiarin state

s, @’ is any action in the new staté, ¢(s) is the rein-
forcement for the current state « is the learning rate,
and~ is the discount rate (which prefers reinforcement
received sooner rather than later). Thus, the agent ac-
cumulates reinforcement along the way. The Q value of
a state-action pair represents the expected (discounted)
total reinforcement that the agent will receive from that
point on (Watkins 1989)

When the next action b@’Q;. is end the @, module
receives as payoff the value 6fQ;, (which represents
the expected value of the chosen bid at this point):

AQx(s,a) = alg(s) + yCQui(s',end) — Qi (s, a))

where s’ is the new state (resulting from actian

in states) in which control is relinquished by’'Qy.
CQr(s',end) represents the expected value of the bid
that the agent will accept (from subcontractors), if it
gives up control at this point. This value is given to
the Q module so that it can take this payoff into account
when deciding on its course of action (e.g., whether to
reach one giving-up point or anothef).

Therefore, summarizing the above two learning rules, a
Q value of an agent (for a particular state-action pair)
is the expected (discounted) total reinforcement that the
agent will receive from that point on. The Q module of
an agent then decides the actions of the agent based on
maximizing the expected (discounted) total reinforce-
ment that the agent will receive.

For the corresponding'Qy, there are also two separate
learning rules, for the two different actions. When the
current action byC'Qy, is continue, the learning rule is
the usual Q-learning rule:

ACQy(s, continue) =
a(g(s) +ymax CQy (s, ca’) — CQy(s, continue))

wheres’ is the new state resulting from actiemntinue

in states andca’ is any control action by the CQ (i.e.,
“continue” or “end”). That is , when th€'Q; decides

to continue, it accumulates reinforcement generated by
the actions of the corresponding,.

When the current action by thi&Q)y, is end, the learning
rule is:

ACQy(s,end) = a(maax Qi(s,a) — CQx(s,end))

where @, denotes the Q value of the next member in
control (the chosen biddéj andmax, Q,(s,a) is the

30nly the member in control performs learning at each step. Other

2\We do not allow the current member in control who decided to relin2gents do not. In this way, agents become specialized.
quish control to participate in bidding itself, so as to avoid unnecessary calls *Alternatively, we may use directly the winning bid here. Using the

for bidding.

expected bid value tends to speed up learning.
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chosen bid. That is, when a CQ ends, it takes the chosélote that each (Q or CQ) module is implemented with a
bid as its payoff, which gives it incentive to take highemackpropagation (BP) network. Each BP network consists
bids. It learns the expected value of bids through thisf three layers of units: input, hidden, and output, as usual.
rule. The numbers of input and output units are determined by do-
. ) ) main characteristics and encoding requirements. The number
So, summarizing the abpve twq learning rulgs_, in effecbf hidden units is set as a parameter, along with other para-
the CQ module makes its 'contllnu.e/end decisions b‘r?‘s?t‘ijeters such as learning rate and momentum.
on comparing whether relinquishing control or continacfion selectionby an active member agent (the member in

uing cqntrol will lead to higher expecteq (d'scounted)control) is conducted based on Boltzmann distributions con-
total reinforcement from the current point on. Agents,structed from Q values. That is

are rational in this regard.
v /T

As we can see from the learning rules above, a Q value of prob(k) = ﬁ
an agent includes all the reinforcement it expects to receive, !
including the bid from the next agent. The bid submitted byherer is the temperature that determines the degree of ran-
the next agent is its (best) Q value, so it includes all the retomness in action selection. That is, the higher the value of
inforcement the next agent expects to receive, including thgh action is, the more likely the action will be selected. For
bid by the third agent following it. The bid submitted by thea Q module k ranges over all possible actions for the cur-
third agent includes all the reinforcement the third agent exent states, and the valuey, is simply the Q value for action
pects to receive, including the bid by the fourth agent. Thig in the current state. For a CQ modulek may be either
process goes on. Eventually, a Q value of an agent includesntinue or end, and the valuey, is the CQ value for action
all the reinforcement expected to be received by the agent j-in the current state.
self and by all the subsequent agents (subcontractors). SiEvolution may be used to enhance cooperation. We start
ilarly, a CQ value also represents all the reinforcement exyith an initial population of teams of (random) agents. Af-
pected to be received by the agent itself and by all the subser a period of training, a genetic algorithm is applied to the
quent agents (subcontractors). In an agent, both the Q mgsbpulation of these teams. A new population (i.e., a new
ule and the CQ module decide their actions based on the togdneration) of teams is then formed. The cycle repeats itself.
(discounted) reinforcement achieved from the current point
on by the team, not just by the original agent itself. There- 1. Randomly generate a populationrofeams.
fore, agents of atear_n are i_ncentivized t_o cooperate with eacfb_ Train each team in the current population for a certain
other, in order to achieve higher total reinforcement. See Sun number of episodes
and Sessions (2000) for more detailed analyses of these rein- '
forcement learning rules. 3. Perform crossover and mutation to generate new teams:
In any multi-agent systems, each agent participates in some
way to accomplish a task. When an episode (e.g., agame)is (&) Selectm best teams by using tournament selec-

over, each member is assigned a portion of the total payoff. tion.

This raises an issue: How do we properly and fairly assign (b) Generatern — m new teams by crossover (weight
payoffs to each team member? This is the well known credit exchange across two teams). The crossover rate
assignment problem. Bidding resolves the credit assignment (the percentage of the weights that are exchanged)
problem here, as it passes on reinforcement from one agent to is 3. °

another, in accordance with the role of each in obtaining the
reinforcement (in terms of their actions or control actions).
Cooperation among members is forged through sharing of
reinforcement. An agent calls upon another team member
when such an action leads to higher reinforcement for itself4, Replace the current population with the selected
(and for other upstream or downstream agents at the same teams and the newly generated- m teams.

time). This bidding scheme encourages rational and cooper-

ative actions that maximize the total reinforcement from the 5. Go to step 2.

world (while minimizing the number of steps through dIS'In tournament selection, the more fit an individual is, the

Sstlji?t”:r?).mb 's of a team interact and rate with rp]ore likely it will be selected. Tournament selection usu-
€ members of a tea eract and cooperate caq y goes as follows: Randomly divide all teams into groups

F’th_ef through bidding, at the same t|me, t_hey also perforr@f a certain size. In each group, evaluate the fitness of each
individual reinforcement learning. With this dual process,

the whole multi-agent team learns to form “mixed” action . . ,
~ percent of all crossover is based on the weight exchange at corre-

sequences carried out by multiple agents alternately in COO0fKonding positions of the two teams. 19@ercent of all crossover is based
eration with each other. on the weight exchange at random pairs of positions.

(c) Apply mutation to these newly generated teams.
The mutation rate (the probability of a weight
changing to a random value) fs.
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team by playing them against each other. Select the best pas-highly complex, and thus is a good domain for evaluating
forming team in each group to form a new set. Repeat thmur learning model.

above steps untiln teams (or less) remain (where is the
desired number). In our experiments, however, for the sake
of simplicity, we instead played each team against a common
benchmark agent and made selections on that Fasis.

Using the genetic algorithm allows teams to escape local op-
tima more easily. With the algorithm, knowledge not only
is exchanged between members in a team, but also is ex-
changed between teams, so as to allow more exploration.
Note that, although their constitutions are essentially the
same, different agents, and different teams, may perform
differently because of (1) the intrinsic stochasticity of the Bar —b
model, and (2) the likely stochasticity of the domain the ‘A

Quter Board Red's Home Board
. A
L N * ™

model is applied to. The model is intrinsically stochastic
because of the randomness in selecting an action and in se-
lecting an agent within a team (see the specifications above).
Some domains may also introduce stochasticity; for exam- R " 4 -

ple, in Backgammon, the roll of a dice produces random out- Gutendboak W hitelsomeiband
comes.

lll. Experiments

In this section, we apply MARLBS to a number of domainsFigure. 3: A Backgammon Board with the checkers in their

These domains are well known and have been tackled befoldtial positions.
Therefore, the use of these domains enables us to compare

our approach with existing approaches in a quantitative way, ;e is a publicly available computer player (Tesauro

There are very few domains used in multi-agent researt‘irggz)_ It is a moderately good player, commonly used as

that are intrinsically multi-agent. Most multi-agent problemsd benchmark. We used it as an evaluator of our model

may be tackled with one single agent. Viewed from this pef g\ 5)yate various model components, we also tested them

spective, the choice of the following domains is justified. against another benchmark agent — the best single agent
) . ) chosen from 15 agents after 4000-game training.

A. Experiments with Learning Backgammon Our experimental setup was as follows. The BP net-

We applied MARLBS to learning Backgammon, in order tgvorks needeq a simple sc_heme to encode information. TD-
evaluate the model — the usefulness and the performang@mmon’s simple encoding scheme (Tesauro 1992) was
of MARLBS in complex problem solving (i.e., in complex adopt_ed. (We tested various encodl_ng schemes but we \_/v_lll
sequential decision tasks; Qi and Sun 2003). One of the rd€scribe only one of them, as they did not make any signifi-

search areas and the application domains of artificial intellf@nt difference in terms of results.) _

gence is the programming of computers to play board gaméd'St, let us look into the encodm.g scheme for input to both

such as Chess, Checker, GO, and Backgammon. Each@f@nd CQ modules. For each side of a game, for each po-
these games has a finite state space with a well-defined §8on on the board, an encoding with four units was used.

of rules. However, it is usually impossible to search exhaud-he first three units were used to indicate whether there was

tively a state space. Al research in board game domains H¥€ checker, two checkers, or three checkers at a position,
primarily focused on finding satisficing solutions, not 0pti_whlle the fourth unit indicated that the number of checkers

mal solutions. at a position was more than 3. A total of 96 units was used

Backgammon is a board game for two players. See Figure!@ €ncode the information at locations 1-24. In addition, for
for a depiction of a Backgammon board. Briefly, each playefach side, 2 units were used to encode the number of check-
has 15 checkers on a board consisting of 24 spaces. T#@ On the bar and off the board. This encoding scheme thus
checkers are moved according to rolls of a dice. Each play#§€d 98 units for each side. In addition, 12 units were used to
tries to bring his/her own checkers home and bears them &fcode dice numbers, and additional 16 units to encode one’s
before the opponent does, hitting and blocking the enenfyVn first move in a round. Thus, we used a total of 224 input

checkers along the way. The game has generally been viewed

6Although tournament selection costs running time, the time spent can “Tesauro (1992) developed the best available machine learning program
be counted as part of the training time. for Backgammon. However, it is not publicly available.
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units. 8 9 Next, the output encoding scheme for Q moduleslefined as training each of the teams by one game. The maxi-
used 16 units. Among these units, 1 to 15 were the checkerum, average, and minimum winning percentages were cal-
numbers. A “1” indicated a move by that piece, while “0”culated from the 15 teams in each generation. To generate
meant no action. The output encoding of a CQ network wakese numbers, each team of each generation played against
straightforward, with each option (“end” or “continue”) en-PubEval for 50 games. The average winning percentage of
coded by one unit. The number of hidden units of the BRIARLBS (averaged over all 15 teams) reached 54.8. The
network for an action module (Q) were 40 and the number aghaximum winning percentage of MARLBS reached 62.
hidden units of the BP network for a controller module (CQ)

were 16.
The parameter settings were as follows: the Q value discount Multi-Agents vs. PubEval for Full Game
rate was 0.95, the learning rate was 0.5, and the tempera- (Encode Scheme 2)

ture was 0.50. The initial weights of BP networks were ran- 0.7 -
domly generated. There were 15 teams in each generation.
Each team consisted of 5 agents. Each team of each gener-
ation was trained for 200 games. Then a new generation of (¢
agents was produced using crossover and mutation. The mu-
tation rate (as defined earlier) was 0.05 and the crossover rate

(as defined earlier) was 0.28° The training of teams was 05
done through a mixture of playing against oneself (more tha$

2/3 of all the games) and playing against PubEval (less thgn

1/3 of all the games, for the purpose of evaluating MARLB$
against PubEval): &
A player received payoffs at the end of a game. The payoffs
were as shown in Table 1. If the losing side has borne off &
least one checker, the rewards for the winner and the losgr
will be 0.3 and -0.3, respectively. If the loser is “gammoned”
(i.e., has not borne off any of the checkers), the rewards for ool HiS
the winner and the loser will be 0.6 and -0.6, respectively. If ' P —— Average
the loser is “backgammoned” (has not borne off any of the ] [ Maximum
checkers and still has a checker on the bar or in the winner’s R Minimum
home board), the rewards for the winner and the loser will be e N
1.0 and -1.0, respectively.

0.3+

Winner Loser 0.0 T T T T T T T ]

Backgammoned +1.0 -1.0 0 100000 200000 300000 400000
Gammoned +0.6 -0.6
Other +0.3 -0.3

Iteration

Table 1 The payoff table for the backgammon game

We played MARLBS against PubEval. The result of 400,00&igure_ 4; The winning percentages of MARLBS over time,
iterations was as shown in Figure 4, where an “iteration” i%layed against PubEval.

s e .
The reason we needed to encode a player’s first move is that, at ew . .
round of the game, a player needs to move twice. However, the netwo e tested the performance of different teams at different

only output one move each time. When the player makes its second move¥®ints. The results were as shown in Table 2. In the table,
around, it should consider its first move at the current round. So we encotlee best/worst teams were those with the highest/lowest per-
the player's first move as inputinto the network. formance from a population of 15 teams. The numbers were

90ther complications in Backgammon, such as doublets, can all be haﬂ‘ie winning percentages of a team playing against PubEval

dled within this framework. . .
1080 percent of crossover was done by the weight exchange at corrfeqr 50 games. The result of the best team pIaymg against the

sponding positions of two corresponding BP networks and 20 percent WorSt team was also included. .

the weight exchange at randomly chosen pairs of positions. As shown in the table, the performance of all the teams im-
11p|aying against PubEval may lead to exploiting specific weaknesses pfoved over the course of training and evolution. Also shown

PubEval. However, since PubEval was used less than 1/3 of the time, tfig the table was the fact that the difference between the best

resulting players should be fairly general. Those episodes were originaliéam and the worst team decreased over time. At iteration
conducted for the purpose of generating performance measures of tea ’

against PubEval and we did not want to discard the results of learning duri@ogoooy the winning percentage O.f the be§t team playing
those episodes in order to avoid waste. against the worst team was 76, while the winning percent-
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lteration BASSt > tgg:“ts S ':'\'/Jeargzst S We notice that at the end of training, the best team performed
1000001 032 | 036 | 028 030 [ 036 | 0.20 better than any member of the best team, including the best
200000] 042 | 046 | 036 | 041 ] 046 | 0.8 member of the best team. The best team also outperformed
300,000| 0.50 | 0.54 | 046 | 0.47 | 0.54 | 0.40 its members on average. That s, there is a clear advantage in
400,000 ] 0.51 | 0.60 | 0.48 | 049 | 0.60 | 042 having a multi-agent team, as opposed to choosing the best
lteration | Best vs. Worst agent out of them. Generally speaking, when given a set of
100,000 0.76 agents (each trained with some partial experience of games),
288'888 8;; there are two ways of utilizing these agents: (1) choosing the
400,000 058 best agent and using only its decisions, or (2) trying to com-

bine the expertise of all the agents and using their combined
Table 2 Team Performance in the Backgammon game, megecisions (Breiman 1996). Our data show that the latter ap-
sured by winning percentages out of 50 games. Except thgoach may be bettef* In some way, this fact shows why

data of the best team versus the worst team, all data are foralti-agent cooperation may be advantageous, which is due
team playing against PubEval. to the synergy within a team, created by the emergent coop-
eration and coordination of team members. However, notice

) ) ) _also that the worst team did not perform better than all its
age decreased to 58 after iteration 400,000. This reductigfembers. This fact suggests that the best teams were able

of differences was what one would expect, taking into cony, |earn to achieve good coordination among its members,
sideration the use of GA here, which selected good teams ajggljje the worst team failed to do so. It also suggests that

discarded bad one§? the best team was the best at least in part because it achieved
The performance of individual team members was alSggtier cooperation among its members.

tested. Recall that each member is an autonomous agent and

can play the game by itself. The results are in Table 3 and teration |_MIEMDETs vs. the best tearn
Table 4. Table 3 shows the team member performance, in Avg | Best Worst
terms of the best member, the worst member, and the av- 100,000] 0.45 | 0.62 0.38

: 200,000 | 0.46 | 0.52 0.36
erage of all the members, of the best team (that is, the team 300.0001 045 | 050 038
that had the highest winning percentage when playing against 400,000 | 0.44 | 0.48 0.40

PubEval). The column “Best vs. Worst” records the perfor-
mance of the best member of the team playing against tff@ble 5 Members of the best team versus the best team. All
worst. For the sake of comparison, the performance of tt#ata are winning percentages of a member playing against its
best team is also listed there. All the numbers are winningam in 50 games.

percentages of playing against PubEval for 50 games, except

the column “Best vs. Worst”. Table 4 shows the performance

of the members of the worst team. The numbers there are lteration | MEMDers vs. the worst tear
imilar Avg | Best Worst
similar. 100,000 | 0.48 | 0.56 0.32
: 200,000 0.47 | 0.58 0.42
lteration |iembers in the best team Team 300,000 | 0.46 | 0.54 0.38
Avg | Best | Worst | Bestvs. Worst 200.0001 046 | 052 036
100,000 | 0.32 | 0.34| 0.28 0.66 | 0.36 . : : :
200,000 0.42 | 0.46 | 0.38 0.54 | 0.46
300.000 1 049 | 052 | 044 052 054 Table 8 Members of the worst team versus the worst
400,000 | 050 | 0.56 | 0.46 0.52 | 0.60 team. All data are winning percentages of a member play-

ing against its team in 50 games.
Table 3 Member performance in the best team. All data are

winning percentages out of 50 games. We also tested the performance of a team playing against its

members. The results are in Table 5 and Table 6. For the
best team, the performance of the whole team was not better

Iteration Xfénbeésegthew";?st Sl —— than that of its best member at the beginning. But after a
100,000 020 | 0.24 | 0.16 072 | 020 sufficient number of iterations, the whole team outperformed
200,000 0.36 | 0.38 | 0.30 0.62 | 0.28 its best member (and all the other members as well). On
300,000 | 0.40 | 042 | 034 0.62 | 0.40 the other hand, for the worst team, the performance of the
400,000 | 0.42 | 0.46 | 0.36 058 | 0.42

whole team was never as good as its best member. Again,

Table 4 Member performance in the worst team. All data . o . enced ol ionofall th T
P course, each agent experienced only a portion of all the games. Thus
are winning percentages out of 50 games. here we are not comparing a team with an agent having the experience equal
to the sum total of all the experiences of the team members. Instead, we are
12Note that the games played against PubEval for the sake of evaluationdmphasizing the synergy resulting from the cooperation of multiple agents
the process of applying GA (50 games each) have been taken into accouéach with partial experience).
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this set of data suggests the following two points: (1) A goothere was no RL in this variant, each BP network only had the
team, due to the emergent cooperation of its members, hémtward phase but not the backward phase (which meant that
the advantage of the synergy among agents, and as a reghigre was no BP learning although there were BP networks).
it performed better than the individual agents on the teanhy variant 4, only RL (with BP networks) was applied. The
(2) the best team was the best at least in part because of tiesults for variant 1, 2, 3, 4, and the full MARLBS model are
coordination and cooperation of the team members — theshown in Figure 5(a), 5(b), 6(a), 6(b), and 6(c), respectively.
agents learned to cooperate with each other and divided tp

the task among themselves to achieve a better performance

than any individual agent did. RL/Bidding (without GA) GA and RL (without Bidding)
Note that team cooperation improved over time. As indiso, Lo
cated by Table 5, early on, the best member of the best team 0s
outperformed the team. But after 400,0000 iterations, the]

team outperformed the agents (including the best agent) on
the team. This fact indicated the increasing cooperatiof of]
agents on the team over time, which led to the improved team

performance against its members (because, without incrfgz%AS-
ing cooperation, a team would never outperform its member|
agents).
Why does cooperation lead to better performance? Dividé]
and-conquer is generally a useful approach. In this casg]
the division of labor among team members makes the learf- o om0 o a0 w0 RN T s s S s S

ing task faced by each neural network (within each mem- Heration Heration

ber agent) easier, because each of them can focus on learn-

ing a subset of input/output mappings, rather than treating

all of them as equally important. In this way, each of thenfrigure. 5: The winning percentages out of 4,000 games play-
may learn better and, through their cooperation, the wholeg against the benchmark agent. (a) RL+bidding (without
team may perform better as well. Cooperation in this modé&bA) (b) GA+RL (without Bidding)

emerges from the interaction of agents, and is not externally

determined* From Figure 5 and Figure 6, we can see that variant 4 had
In further pursuance of the issue of the synergy of the whol@e worst average winning percentage. This seemed to indi-
out of its parts, we would like to know, among the threeate that GA and bidding, which forged cooperation among
components of our system, GA, RL (i.e., Q-learning), anggents of a team, were important in MARLBS. (Separately,
bidding, which is important, and whether there is any synye tried running RL for a much longer period of time. There
ergy among these algorithms as well. In order to answer thigas no significant improvement of performance. We also
question, four variants (i.e., reduced versions) of MARLB%onducted multiple runs under different initial conditions and
were tested. First, 15 agents were separately trained for 40@f¢re was no significant improvement of performance either.)
games each. Then, teams were formed by randomly choaghen compared with MARLBS, all variants’ performance
ing agents from these (slightly) trained ones. All variantgyas worse than that of MARLBS. All variants took longer to
were tested in the same way, by playing against a benchmagkhieve 80% winning (if ever). However, it appeared that all
agent, which was the best single agent chosen from the ¢dmponents in our model were useful. Missing any compo-
agents (after separately training each for 4000 gam&3). nent led to worse performance.

Data were then collected from one single run (for the algorhe numerical comparison between MARLBS and its vari-
rithms involving multiple teams, the best team was used). ants is shown in Table 7. Again, we see that variant 4 had the
In variant 1, GA was not applied. Only one team (with RLworst average winning percentage. We also see that variant
and bidding) was used. In variant 2, GA and RL were ap had the best performance among the variants. However, it
plied, but there was no bidding. That is, each team was rgras worse off than MARLBS. In the table, all variants’ av-
duced to one agent. In variant 3, only GA was applied. Sincg&age winning percentages and highest winning percentages

winning percentage

YAn alternative way of describing the advantage that teams have is thati6The initial performance differences among these variants were in fact
different Q functions handle different regions of the state space, whichot huge. At this point of training, they were all very week, and the differ-
makes the function approximation of each Q function simpler. As a result gfyces among them were small (as measured by playing against PubEval).
appropriate partitioning of the state space, the whole system performs bettfke initial performance differences among these variants were inevitable.
See Sun and Peterson (1999) for some analysis. For one thing, each game is stochastic (due to dice rolls), and reinforce-

15The reason for using such a benchmark agent was because playimgnt learning is stochastic (in its action selection). Therefore, even identical
against PubEval would require a lot more training of these variants, whigbrograms perform differently, let alone different programs. The way these
was hard to do given the severe limitation of our computational resources\ariants were formed, as described above, also contributed to the initial dif-
the time. ferences.
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Pure GA (without RL and bidding)

Pure RL (without GA and bidding)
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were lower than that of MARLBS, which indicated that all
three components in our system, GA, RL and bidding, were
useful. They were synergistic, in the sense that missing any
component led to worse performance. The comparison also
indicated an interaction between learning and evolution, in
the sense that learning enhanced evolution (e.g., by compar-
ing pure GA with GA+RL) and vice verse (by comparing
pure RL with GA+RL) (see more discussions of this point
later).

Methods Best | Avg | Avg-1000
RL+bidding (without GA) | 0.76 | 0.64 0.69
GA+RL (without bidding) | 0.86 | 0.71 0.75
GA (without RL/bidding) | 0.76 | 0.64 0.67
RL (without GA/bidding) | 0.50 | 0.34 0.47
MARLBS 0.90 | 0.80 0.83
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Table 7 Comparisons of MARLBS with its variants. The
numbers are the winning percentages of playing against a
benchmark agent. Avg-1000 indicates the average winning
percentages during the last 1,000 games playing against a
benchmark agent.

MARLBS TD-Gammon | HC-Gammon
Winning % 62 59.3 45
# Iterations 400,000 | > 1,000,000 400,000

Table 8 Comparisons with other Backgammon players in
terms of winning percentage against PubEval.

We may also compare the result of our model with other

learning systems. The best known computer player is TD-
Gammon (Tesauro 1992). However, itincorporated a number
of hand-crafted expert-knowledge features, including con-
cepts such as the existence of a prime, probability of blots
being hit, and probability of escaping from behind the oppo-

nent’s barrier. Pollack and Blair (1998) used feed-forward

network representation with hill-climbing search to develop

yet another backgammon player (HC-Gammdh).

The result of experimental comparisons with these other
Backgammon learning systems, in terms of winning percent-
age against PubEval, is shown in Table 8. MARLBS com-

Figure. 6: The winning percentages out of 4,000 games play?ares favoraply with other Backgammon learning sy;tems.
ing against the benchmark agent. (a) GA (without RL an&§ompared with these other systems, our model achieved a
bidding) (b) RL (without GA and bidding) (c) the full sys- better performance than HC-Gammon, but a roughly com-
tem of MARLBS

parable performance as TD-Gammon. However, note that
MARLBS was trained far less than TD-Gammon (as indi-
cated in Table 8)*®

Overall, is the extra cost of forming a multi-agent team worth
the gain in performance? Note that cost-benefit trade-offs
are always tricky. Where the cutoff point on the cost-benefit

170Other related work includes Sanner et al (2000) and Darwen (2001).

18The process of training and evolution was time-consuming: It took a
total of a year and half on the outdated 200 MHz PC we used for the ex-
periments. Thus we had to stop training at the current point to wrap up the
project.
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curve should be is dependent on the specific goals and sp®r Eilon50, all the teams trained with MARLBS reached the
cific objectives one has for the system/algorithm in quesshortest known distance (425), taking approximately 11,000
tion. There is, generally speaking, no uniform answer to suapisodes. For KroA100, all the teams trained with MARLBS

questions, although we felt it was well worth it. reached the shortest known distance (21282), taking approx-
imately 200,000 episodes.
B. Experiments with TSP We tested the performance of different teams resulting from

In order to further validate our model beyond the BackgamMARLBS' The results were as shown in Table 9. (The re-

mon domain, we needed to try it on other tasks. One taﬁylts shown were distances of tours. In order to differen-

. ate the performance of these teams, we only listed their
that stood out was the traveling salesman problem (TS fe-convergence performance, at episode 5,000 and 10,000.)
which was used by many existing learning algorithms an 9 P ' P ’ e

thus served as a good test domain (Qi and Sun 2005). rpere were a total of 15 teams, with the best and the worst

) . . k()jeing the ones with the shortest distance and the longest dis-
our experiment, we chose to use Eilon50 (for 50 cities) an d ce. respectivelv. As shown by the table. while the perfor-
KroA100 (for 100 cities) problems (see, e.g., Eilon et a}  resp Y- y ' b

1969). The shortest known distance for Eilon50 is 425 anré;ance O.f all teams went up over time (over.tralnlng episodes,
along with evolution), the performance differences among

for KroA100 21282. In this domain, through experiments :
. ; . feams were not huge (although there were some differences).
we reached essentially the same conclusion as we discussed"

earlier with regard to Backgammo_n. N BosiS teams AlTteams
We view this task as a sequential decision task, because N ——Avg T Best| Worst | Avg | Best | Worst
we may select one city to go to next at each step. Thus, | 5,000 | 642.6 | 568.4 | 721.2 | 674.9 | 568.4 | 748.3
MARLBS (with Q-learning) may be applied. The input and | 10,000 | 496.5 | 468.2 | 568.4 | 564.3 | 468.2 | 621.2
the output of MARLBS was as fOHOWS." 3_un|ts were aS.S'gneqabIe 9 Team Performance for the TSP problem. The num-
to represent each city. The first unit indicated if the city wa% . .

. ) o ) ; ers are the distances of tours achieved.
the starting city, the second unit indicated if the city was the

current city, and the third unit indicated whether the city hag, cae the advantage of using teams of agents rather than sin-
been visited before or not. Each output unit representedg:fae agents, we compared the performance of a team with that
city, indicating whether it should be visited next or not. Thisof its member agents. The results were as shown in Table 10
is the simplest and most straightforward encoding schemg, tapje 11. Performance was measured by tour distances.

without any hand-crafted special features to make Iearnir;gab'e 10 shows the performance of the members of the best

easier. i i . i __team. Table 11 shows the performance of the members of the
For Eilon50 (involving 50 cities), a total of 150 input units, -t team.

was thus used to encode the information about the cities. The
number of hidden units in the BP networks was 100. The Members in the best tear]

. n
. . . Iteration Best team
number of output units was 50. For KroA100 (involving 100 =00 67Aggl 5?254: \;\gs; -
cities), a total of 300 input units were used to encode the 10000 5378 5202 | 5984 1682

information about cities. The number of hidden units were

200. The number of output units was 100. Table 10 The performance of the members of the best team

In learning this problem, MARLBS' parameter settings wereind the best team as a whole. The numbers shown are the
essentially the same as in the Backgammon game. Theditances achieved.

value discount rate was 0.95, the learning rate was 0.5, and
the temperature 0.50. The mutation rate was 0.05 and the

crossover rate was 0.20° There were 15 teams in each lteration L_Members in the worstteam
generation. Each team consisted of 5 agents. A new genera- o 83;3’90 7'2;5; 1\6\’;;5; —
tion was produced (using crossover and mutation) after every 100001 64491 5202 7212 6210

team of the current generation was trained for 100 episodes.
The payoff in this case, given at the end of an episode, waable 11 The performance of the members of the worst team
set as follows: and the worst team as a whole. The numbers shown are the

payoff = [Optimal /C;]? distances achieved.

whereC; was the current distance computed at episaaied  As clear from the tables, at iteration 10,000, the performance
Optimal was the shortest known distance. of the best team was better than that of its best member (and
all the other members). As in the Backgammon experiments,
1S Welgn AMis fact again demonstrated, in the context of the TSP prob-
and 20 percent at random position pairs. . . L
20 . o . .. lem, the advantage of cooperative teams with division of la-
Although this payoff function involved task-specific information (i.e.,
Optimal), our experiments showed that such information was not necef0r among team membe_rs. The perform._’;mce of the worst
sary. An arbitrary value worked just as well. team was no better than its members, which suggested that

1980 percent of crossover was weight exchange at corresponding positi
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Figure. 7. A maze requiring segmentation and reuse oFigure. 8: A segmentation using a team of only two agents.
agents. Each number indicates a unique observational statee two agents of the team alternate.
as perceived by agents.

ing to a different agent at the top cell of each arm (marked
there was no good cooperation among its member agentsa# “4”) and switching again at the middle cell between any
appears that cooperation and synergy among members wei@ arms (marked as “10”). See Figure 8. This segmentation
the key for a good performance by a team. involves repeated use of the same agents along the way to the
goal.?!
The parameter settings were as follows: The Q value dis-
count rate was 0.97, the initial learning rate was 0.9, the
Sun and Sessions (1999) proposed the segmentation of karning rate changed accordingdb = o°/t'/® (wheret
tion sequences through the cooperation of a team of agemtgs the number of episodes completed), the initial tempera-
in sequential decision tasks. A multi-agent team was formgdres wererg, = 0.6 (for the Q modules) andf,, = 0.8 (for
through bidding, without involving GAs. It segmented actiorthe CQ modules), and the temperatures changed according
sequences, for the purpose of dealing with partially obserte ¢ = 7°/t'/2. No GA was used. The number of steps
able Markov decision processes (POMDP). Segmentati@howed in each episode during learning was 200 (an episode
was based on reinforcement received during task executig@nded when the limit was reached, or as soon as the goal was
with different agents communicating with each other througteached after having reached the tops of all the three arms).
sharing reinforcement estimates obtained by each other (i.&raining lasted for 10,000 episodes in each case, with a dif-
through bidding), as in other applications of MARLBS. It didferent number of agents on the team in each case.
not rely on a priori knowledge or a priori structure in dealingn this domain, learning did not become easier when we
with POMDP. added more agents to the team. This was because there was
Let us examine an example. In one maze (Figure 7), thegaly exactly one way of segmentation that might lead to an
is one starting location (“2") at one end and one goal locaeptimal path, and thus there was no advantage in using more
tion at the other. However, before reaching the goal locatioagents. An ANOVA analysis (number of agents x block of
the agents have to reach the top of each of the three arrtr@ining) confirmed this conclusion. Using two agents, we
The agents receive local information concerning the four adchieved a 62% optimal path rate, after 10,000 episodes of
jacent cells at the current location regarding whether eadfaining. See Figure 9 for an example of the learned agents
is an opening or a wall. Thus, each observational state ¢ a team (their Q and CQ modules). See Figure 10 for the
made up of 4 bits. This is the simplest encoding one caperformance data.
find. See Figure 7, where each number indicates an unigbperiments in this domain demonstrated the points re-
observational state as perceived by agents. As indicated ggrding the feasibility of segmentation of action sequences
the numbers, several cells may be perceived to be the satheough a team dividing up a sequence. Furthermore, ex-
because they have the same adjacent cell (walls or openingsyiments in this domain demonstrated the reuse of agents
configuration. (in several different places) in a sequence or, in other words,
The team can make a move to any adjacent cell at each stBp possibility of agents acting like subroutines that could be
(either to go left, go right, go up, or go down). But if thecalled into use any number of times. Reuse of agents not
adjacent cell is a wall, it will remain in the original cell at only led to the “compression” of action sequences, it also al-
the end of the step. The payoff for reaching the goal locatidewed the handling of action sequences that could not be (ef-
(after visiting the tops of all the three arms) is 1. ficiently) handled otherwise (cf. Wiering and Schmidhuber
In this domain, the shortest path consists of 19 steps. A mid998). A POMDP was divided up into two MDPs (Markov
imum of two agents are needed on a team, in order to remolecision Processes) (Sun and Sessions 2000). This is an-
non-Markovianness through segmentation and thereby to odther form of team cooperation, further extending the cases
tain the shortest path. A single agent with atemporal reprave discussed earlier.
sentation could not learn the task, because there was no con-
sistent, deterministic Markovian policy possible. With two 21However, when more agents are added, reuse might be reduced: a third

agents there is ?Xa(?tly one way of segmenting the Sequenteent, for example, can be used in place of the second use of agent 1 (see
(when only considering the shortest path to the goal): switchrgure 8).

C. Experiments in Dealing with POMDP
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Figure. 9: The Q and CQ modules of the resulting agents o
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the team after learning. “**” indicates the best action in
State.
# of % of % of Avg Path Pairwise
Agents | Opt. Path| Opt. Path Length t Test
=0 | 7=0.001|7=0.001 T(>233)
2 60% 52% 22,51
3 43% 38% 23.85 8.600
4 27% 20% 24.85 4.010
5 27% 22% 25.42 1.281
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Note that other POMDP cases have been handled by
MARLBS before as well. See Sun and Sessions (1999, 2000)
for more details. As discussed earlier, the present work ex-
tends the method beyond dealing with POMDP, and also
adds evolution to further enhance cooperation among mem-
ber agents of a team.

IV. Discussions and Comparisons

Below, we will discuss a few issues that are highly relevant
to our model. In the process, we will review some relevant
prior work, and their relations to the work reported here.
Learning and evolution have been studied extensively in the
research communities of machine learning, neural networks,
and evolutionary computation. However, co-learning and
co-evolution, which are interesting research issues in multi-
agent systems, have been studied much less. More attention,
in the form of either theoretical or experimental studies (as in
this work), is needed. Furthermore, the interaction of learn-
ing and evolution is also interesting, given the fact that we
barely begin to explore such a phenomenon. Below, let us
look into some details.

. Co-Learning from Reinforcement

Although co-learning using reinforcement learning algo-
rithms have had a fairly long history, the issue has proved
to be difficult.

Andy Barto and associates explored cooperativity in rein-
forcement learning very early on (see, e.g., Barto et al 1983).
Another piece of early work is Tan (1993), who conducted
multi-agent Q-learning experiments. In his task, there were
several prey and predator agents. Predators had limited vi-
sion so that they might not always know where preys were.
Thus the predators could help each other by informing each
other of their sensory input. They could also help each other
by exchanging reinforcement episodes and/or control poli-
cies. This was an example of using built-in cooperation
strategies in co-learning situations. In general, we may not
be able to assume any cooperative inclinations on the part of
agents. The general co-learning problem is more difficult.
Sandholm and Crites (1995) used Q-learning agents to play
the IPD game. In their experiments, Q-learning agents
learned the optimal strategy when playing against a fixed
strategy player. However, Q-learning agents had difficulty
when playing against other Q-learning agents. Sen and as-
sociates explored cooperation using reinforcement learning

Figure. 10. The effect of number of agents on the perforand achieved some limited success (see e.g. Sen and Sekaran
mance (after learning).

1998). Sun and Qi (2000) explored the issue of rationality
assumptions on the part of agents and their effects on co-
learning. Littman (2001) presented some theoretical results
on multi-agent reinforcement learning in zero-sum games.
Bowling and Veloso (2002) also presented some theoretical
results on modified Q-learning algorithms. However, in gen-
eral, co-learning using Q-learning is difficult and lacks theo-
retical guarantees, which makes practical approaches such as
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the one developed in this paper useful. agent can only bid its best Q value. Thus there is no in-
Note that, relatedly, there are multi-agent reinforcemerientional under-bidding or over-bidding. Basically, a simple
learning algorithms in the literature that extend simple reform of a first-price auction is used here, but with a twist:
inforcement learning (such as Q-learning). For exampl&tochasticity in bid selection allows “exploration” (trial-and-
Sun and Peterson (1999) divided up complex reinforcemeatror learning) within a team. Furthermore, each agent is
learning tasks to accelerate learning. A state space was autapable of learning and thus, different from Baum and Dur-
matically partitioned into multiple regions. Different agentsdanovic’s model, agents do no simply live or die, but adapt
were assigned to these regions respectively. Some heurttis-niches individually. There are also advantages in mixing
tics were proposed to decide on how to partition spaces afehrning and evolution as in MARLBS, in the form of en-
assign agents to subspaces. This partitioning approach hanced performance (as demonstrated in the Backgammon
duced the learning complexity of each agent, and thus tld®main by comparing GA+RL with pure RL and with pure
overall learning difficulty. Sun and Sessions (2000), as meiGA,; see also the discussion later on learning/evolution inter-
tioned earlier, extended this approach by partitioning naiction).

state spaces but action sequences. These approaches are lim-

ited in terms of their scopes and performarce. C. Evolutionary Approaches

B. Bidding There has been some interesting work on evolution of coop-
erative teams. Salustowicz et al (1998) applied co-evolution
Algorithms for bidding constitute a key issue in auction thetg a simulated soccer game. In their model, the agents of each
ory. Generally speaking, an auction is a market mechanisfiam shared the same action set and policy, but might behave
with (explicit or implicit) rules for allocating resources andgifferently because of position-dependent inputs. All agents
determining prices on the basis of bids from market particiof 3 team were rewarded or punished collectively. They com-
pants (see Hendriks and Paarsh 1995, McMillan and McAfggared several algorithms, and found that the evolutionary ap-
1987). In typical auctions, there are one seller and a groyoach achieved the best performance. Nolfi and Floreano
of competing buyers who bid to possess the auction objec{a.998) investigated the role of co-evolution in the context of
Procurements, on the other hand, refer to situations in Whi?hedator and prey games. Such Settings may be viewed as a
a buyer wishes to purchase objects from a set of potentigdrm of “cooperation” in an extended sense.
suppliers. There are various forms of auctions (for examplghese results were generally in line with our findings that
the Engllsh auction, the Dutch auction, the first-price Sea'e@‘vomtion enhanced team Cooperation and thus the over-
bid auction, the second-price sealed-bid auction, and so orj)l performance of a team. Although each of the afore-
Based on the idea of bidding, Baum and Durdanovic (200@hentioned models adopted a different evolutionary algo-
developed a system of artificial economy (nanttayeR to  rithm, they achieved the same desired effect — enhancing
learn to solve the block world problem (as well as other prokeooperation among team members.
lems). It consisted of a collection of agents, each consisting terms of mixing evolutionary computation and neural net-
of a program with an associated numeric wealth. The sygsorks, there have been a variety of models in the literature.
tem embodied two economics principles: property rights anglor example, Gomez and Miikkulainen (1999) implemented
conservation of money. Useful agents received payoffs (fro@ neuro-evolutionary system to evolve a controller for the
the external world or from other agents) and thus accumidtandard double pole task (as well as other non-Markovian
lated wealth, while less useful ones lost their wealth and digontrol tasks). They showed that their neuro-evolution was
appeared. In this way, the system evolved into a solution f@gster than other methods. Fogel (2000) used the evolution-
the problem. ary computation and neural networks for learning to play
Bidding algorithms may also be an efficient method for algheckers.
locating resource, applicable to distributed computing andompared with MARLBS, these methods did not use multi-
networking. For example, Gagliano et. al. (1995) appliedgent teams. It is possible that their performance could be
blddlng to allocate decentralized network resources. The@]hanced by adopting a mu|ti_agent approach on top of evo-
are many other similar proposals related to information tecytion. We demonstrated experimentally earlier that team co-

nology. operation with evolutionary computation is better than the
In MARLBS, bidding is used to distribute expertise (capatatter alone.

bilities of individual agents) within a team. Bidding is made
simpler in MARLBS, because of the restriction that eacfb Learning/Evolution Interaction

22Note that there have also been a host of hierarchical reinforcemeh€t US look into an interesting issue — the interaction be-
learning models that are somewhat similar to these multi-agent reinforcgyeen learning and evolution in the formation of cooperative

ment learning algorithms. But in these models, external interventions (e'?eams Ackley and Littman (1992) was one of the earlier
in terms of dividing up a state space, or assigning agents to subtasks) are )

necessary. Thus, these models are not adequately addressing co—IearﬁﬂéT]pUtatiPnal studies of this ?ssues. They.devebped an al-
issues. gorithm with combined evolution and learning, and applied
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it to an artificial environment populated with adaptive andsuch as passing, tackling, and dribbling) corresponding to
non-adaptive agents. They found that learning and evolutidhe probability that the action would succeed. Agents did
together were more successful than either alone. not start with knowledge of the abilities of themselves, their
Nolfi and Floreano (1999) argued that adaptation in dynamteammates, or their opponents. Instead, they learned to es-
environments gained a significant advantage by the combltimate these based on repeated trials. The agents could then
nation of learning and evolution. The interaction betweebase their actions on learned parameters.

learning and evolution altered both evolution and learninglu and Wellman (2001) considered various levels of recur-
processes. In MARLBS, this advantage was confirmed -sive models for dynamic multi-agent systems. Their exper-
We showed that the combination of learning and evolutioiments showed that the learning agents on average outper-
led to better overall performance. formed the non-learning agents that did not use information
Note that in MARLBS, the effect of learning was propagate@bout others. Wellman and Hu (1998) proposed the notion
to offsprings through Lamarckian evolution (that is, througtof a conjectural equilibrium, which was concerned with the
evolution that directly used the result of prior learning). Arsituations in which all agents’ expectations were realized and
alternative is to avoid using such a form of evolution byeach agent responded optimally to its expectations. Agents
avoiding using the result of learning in evolution. Instead, wexecute learning strategies with the building of models of re-
may only use the learning ability and the starting conditiosponses of other agents.

in evolution. With this alternative, we can still explore the in-Sun and Qi (2000) also looked into building models of other
teraction between learning and evolution, albeit through thegents. They conducted experimental comparisons between
Baldwin effect in an indirect way (Arita and Suzuki 2000).the agents who did build models and did make the assump-
However, the overall training and evolution process would bon that other agents were rational and the agents who did

much longer in this way. not. The comparisons showed that models of (and rationality
assumptions about) other agents were often helpful in reach-
E. Other Issues ing a more rational outcome (see also Claus and Boutilier

98).

Th th f establishi d/ hanci 19
ere are onerways ot establishing andior enhancing coopg; approach is useful in terms of establishing cooperation

eration among agents. Let us discuss a few of these Wa)é‘cl‘hong multiple agents. It, however, incurs a higher cost, due

and their respective advantages and shortcomings, in relati%nadditional learning about other agents. MARLBS avoided
g)'i\ﬂpi‘rITLBS' ration. There are manv mult nt model this approach: With Q values as bids, there is no need for
unit-in cooperation. ere are many muti-age ode SIearning models of other agents, because Q values represent

with build-in (hard-wired) cooperation. In tha_t case, agent n accurate picture of what other agents are currently capable
are not completely autonomous — They are dictated to coo :

erate with each other in some pre-destined ways (as opposed

to emergent cooperation out of self interest).

For example, in Korf (1992), a policy was introduced fory, Concluding Remarks

each predator agent based on an attractive force to the prey

and a repulsive force from other predators. Thus the predahis paper presents an approach toward forming coopera-
tors tended to approach the prey from different sides. The ctive multi-agent teams, from the interaction of self-interested
operation was thus built into the agents. Also, as mentionetjents, based on bidding utilizing reinforcement values ac-
earlier, in Tan (1993), agents were forced to communicatguired through reinforcement learning. The result is a
with each other and thus his model was also a case of built-gtraightforward method that is generic and works in a vari-
cooperation. ety of task domains.

Obviously, this approach may establish cooperation amorighe results and discussions so far illustrated our main point:
agents more easily. But this approach is not generally afhat is, a cooperative team is advantageous compared with
plicable. It only works in certain special circumstances irthe single agents (including the best of the single agents)
which pre-destined cooperation is feasible. In MARLBS, wenaking up the team. Our approach toward building coopera-
tried to minimize such built-in requirements, and thus agents/e teams has been validated through learning Backgammon,
in MARLBS are more autonomous, with a minimum level ofsolving TSP, and dealing with POMDP.

pre-determination for cooperation. MARLBS can certainlyin our approach, we make sure that the autonomy and the
be applied to these above task domains, where cooperatieelf interest of individual agents are maintained as much as
may emerge from the interaction of agents based on their selbssible, so that flexibility and generality are ensured, while
interest. cooperation among self-interested agents of a team is facili-
Models of other agents In Nadella and Sen’s (1997) ex- tated.

periments conducted in a soccer simulator, an agent learn€de key practical question concerning forming a coopera-
about teammate and opponent capabilities through repeateg team of agents is how such cooperation may be achieved
trials of specific actions. Each player had an assigned effimong self-interested agents. In this work, we presented our
ciency (e.g., in the range [0,1]) for the execution of an actioown approach and empirically demonstrated it. Our experi-
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mental results thus far appear to indicate the validity and tH&0] S. Eilon, T. Waston-Gandy, and N. Christofides,
advantage of the approach.
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