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Abstract world. Then, the global state of the system stays un-

known, which prevents classical RL algorithms from

A new reinforcement learning (RL) methodology is finding an optimal policy, as shown Higingh et al,

proposed to design multi-agent systems. In the re-

alistic setting of situated agents with local percep- 1994.
tion, the task of automatically building a coordi- e credit assignment problem. When a positive reward
nated system is of crucial importance. We use sim- is given by the environment, it is not always evident to
ple reactive agents which learn their own behavior credit positively the “good” actions that led to this re-
in a decentralized way. To cope with the difficulties ward. With many agents, this problem is even more cru-
inherent to RL used in that framework, we have de- cial as we must also decide which agents to reward.
veloped an incremental learning algorithm where Our answer to these problems is a decentralizecemen-
agents face more and more complex tasks. We il-  ta |earning algorithm based on a classical RL technique to
lustrate this general framework on a computer ex-  find stochasticpolicies. Actually, agents with stochastic be-
periment where agentsaveto coordinate to reach haviors are more adapted to the problem of partial perception.
a global goal. By incremental we mean that agents are progressively pitted
against harder and harder tasks so as to progressively learn a
1 Introduction complex behavior. Another aspect of the incremental learning

Sis to begin learning with very few agents, so as to minimize
oordination and cross-work actions, and then export these
asic behaviors to tasks with more and more agents. Even-

tually, behaviors can be further refined by learning in these

MAS are usually build “by hand” using simulations to tune up morfoggmzrmg% I?jq\lllcragrr]r?i]rfn?:' dl?gr?t’rglliieoélgr daillr:ngfrnoeur:-
the system to reach a desired global behavior, this paper de P : 9

with a key problem : the design of MAS in an automated a. L .
fashionthrough learning In this paper, we present our method for learning in a multi-

Learning in MAS can indeed take many forfi&tone and agent system and an experiment on which we tested our ideas.

. : Section 2 gives the details of our framework, then, Sections 3
Veloso, 2000. We opted for Reinforcement Learning (RL) . : ' ' A
methods[Sutton and Barto, 199&s they do not require a _4and 5 describe the experiments conducted to test the V|§1b|l-
y of our approach. A discussion about our work follows in

- . t
teacher knowing before hand a solution of the problem. Ar%ection 6, highlighted by some comparisons from other sim-

evaluation of the current agents’ actions, using a scalar valul ar works. Future directions and conclusive remarks end the
for example, is enough to learn. i
Japerin Section 7.

Furthermore, we consider Multi-Agent Systems compose
of simple reactive situated agents with local perceptions
Thus, the system is easier to build and can nevertheless soide Our Framework
complex problems as, in thitecentralizedframework, each |n this part, we first present the kind of agents we consider.
agent faces simpler tasks. Then we show the problems one faces when using reinforce-
As RL suffers from combinatorial explosion, decentraliza-ment learning in a multi-agent setting. Lastly, we explain
tion of the learning process should bring the same benefithow incremental learning brings a partial solution to these
i.e. each agent learns its own behavior by itself which simproblems.
plifies the task to be learned. Besides, it is consistent with
the localized aspect of realistic situated agents. But, in thi2.1 The agents

context, two major difficulties burden RL : We are interested in designing Multi-Agent Systems (MAS)
¢ hidden global state.Usual situated agents can only rely by having each individual agent learn its behavior. As written
on an imperfect, local and partial perception of theirearlier, we have decided to work with very simple reactive

Multi-Agent Systems (MAS) - systems where autonomou
entities called agents interact with each other - are a growin
interest in the artificial intelligence community, both in terms
of research and applications (sifeerber, 199). Whereas



agents for complexity reasons. Besides, it allows us to con- 2. Partial observability. As the agent’s perception is local
centrate on the learning aspect of the design. Among many they can not know the global state of the problem. As
possible choices, our agents can be characterized as : such, the problem at hand belongs to the claspawf
tially observedMarkov decision models (sdeittman
etal, 1999).

Classical stationary Partially Observed Markov Decision

grocesses are nearly impossible to solve when there are more
an a hundred statd®utech, 20000 The combination of

the two problems (i.e non-stationarity and partial observation)

e cooperative: all agents share the same goal and theymakes the problem non-solvable without using approxima-
will have to coordinate to reach it. tions.

e situated with local perception: Local perceptions are
more thoroughly discussed in Section 2.4.

e possibly heterogeneous through the learning process
where agents learn individually, each agent can acquir
a different behavior from the others.

We say nothing about other characteristics (for example coms 3

munications) as they are not important for our framework an Incremental gradient reinforcement learning

could be easily incorporated into the agents. We propose to find approximate solutions by using incre-
mental gradient RL. The main idea of this methodology is
2.2 Limitations of classical RL to progressively scale up with the complexity of the problem.

. : . Agents run their own local version of RL, here a gradient de-
Relnforcemen_t Learning (RL) methods are very appealln%Cent described ifBaxter and Bartlett, 1999
ways of learning optimal memoryless behaviors for agents '

as they only require a scalar feedback from the system to th8tochastic behaviors

agents for them to learn. Besides, these ,techmql_Jes can Bethe context of partially observed MDP, stochastic behaviors
used when there is uncertainty in thg world s evolutlon. perform better than deterministic policies (§&nghet al,

But the convergence of RL algorithms (likg-Learning  1994). As previous experiments (s¢Buffet et al, 2001)
or TD(A)) has only been proven for Markov Decision Pro- with Q-Learning were not conclusive to this regard, we chose
cesses (MDP). A MDP is defined asaS, A, T,r > tuple,  to work with a gradient descent reinforcement learning algo-
S being a finite set of states and a finite set of actions. rithm especially suited for stochastic policies. This algorithm,

When the system is in given statean actioru being chosen,  designed by BaxteBaxter and Bartlett, 1999s detailed in
the probability for the system to end in stateis given by  section 3.2.

T(s,a,s’). After each transition, the environment generates

a reward given by(s,a). The problem is then to find the Incremental learning

optimal mappingr (s, a) between states and actions so as toTo speed up learning and reduce the problems of complexity
maximize the reward received over time, usually expressednd credit assignment, we propose a methodology for incre-
as a utility functionV (s) = 72 7" E(rso = s). Sucha mental learning. The most obvious way is to use :

mapping is called a policy.

As pointed out by[Boutilier, 1996 the evolution of the
kind of MAS we are interested in is a MDP. As such, it could
be solved using classical reinforcement learning algorithms
where the state of the system is the composition of the states
of all agents and an action is a joint action composed of all in-
dividual actions of the agents. Thus, the number of states ariicremental learning is also possible along the complexity di-
actions in a centralized view of the problem should quicklymension of the problem. Agents are pitted against harder and
prove to be too big for RL to be applied, as illustrated in Sec-harder tasks. First tasks are “near” (in term of number of ac-
tion 3.1. Besides, solving our problem this way would meartions) positive reinforcement positions, then further and fur-
to solve it in a centralized way whereas we aim at a nonther away. So, we use :

centralized solution as each agent should learn by itself. o progressive tasks learning begins with a very simple

~ Unfortunately, as shown bjBernsteinet al, 2004, solv- version of the task to be executed, or with the agent be-
ing the problem in a non-centralized way when the agents  jng heavily guided to solve the task. Then, as learning
only have a partial perception of the system'’s state is NEXP- progresses, the task is made harder usually by giving

complete, i.e. there is provably no polynomial algorithm to more freedom of action to the agents
solve the problem. We face two major difficulties :

e growing number of agents: learning starts with a small
number of agents, each learning its own strategy. There
must be enough agents to solve the problem. Then, more
agents are added, with initial policies taken from the
original agents and refined through learning if needed.

1. Non-stationary transitions. Reactive agents with a lo- 2.4 Onlocal perception

cal view of the environment can not use joint actions toWe use situated agents with local perceptions to reduce the
solve the problem. In fact, other agents are unpredictableomplexity of the problem as, very often, centralized prob-
elements of the environment. As a consequence, thiems are often too huge to be solved (see Section 3.1). This
transitions from one state of the system to another, asneans that an agent does not know the global state of the
seen by an agent, are non-stationary : for example theorld, which makes RL difficult to use.

probability for an agent to move ahead depends greatly However, local perceptions are a prerequisite for incremen-
on the actions of other adjacent agents. tal learning, as behaviors of the agents can be based on the



“nearby” world. Thus, they scale immediately with the num- biue

/
ber of agents, the dimension of the world or the complexity Q L \
of the task. /’ 1
3 Experimenting with incremental learning yellow T ®
An application of this general notion of incremental learning \_/
is given in the experiments described here. After a short de-
scription of the problem, we give the details of the incremen-

tal tasks we used : harder tasks first and then more agents.

3.1 Problem description agent || dir(cy) | dir(cb) | dir(oa) | near(cy)| near(cb)

. . ~ yellow S E SE no no
The task chosen involves agents (either yellow or blue) in a pjye W NW NW no yes
grid world whose goal is to push yellow cubes against blue cy : yellow cube - cb : blue cube - 0a : other agent

ones. When two agents coordinate their movements to attain
this goal -pushingogethera pair of cubes- both cubes tem- Figure 1: perceptions’ examplésio agents in a simple world)
porarily disappear. Simultaneously, agents responsible for
this fusion receive a positive reward. The goal is to merge . .
as many cubes as possible in a given time. 3.2 Learning algorithm used

Considering our agents’ abilities, they simply have fourAs said earlier, each agent uses its own gradient descent algo-
possible actionsorresponding to moving North, East, South rithm to learn its policy . We precisely use an on-line version
and West (they always try to move). Agents can push otheof the algorithm.
agents and other cubes so the consequences of their actionsAs proposed by BaxtdBaxter and Bartlett, 1999a policy
are stochastic, depending on which constraints will be con# depends on a set of parametéxsThis leads to an expected

sidered first. utility V(re) = V(©). The gradient descent permitto find

Agents’ perceptionsas shown on figure 3.1, are : a locally optimal policy by finding@®* that maximized’(©).
di 7(1 . f ¢ tf i The set of parameters we chos®is= {0(s,a),s € S,a €

o dir(0a) : Irection of nearest agent from opposite A}, with 6(s,a) a real valued parameter. The policy is de-
color (N-E-S-W) fined by the probabilities of making actianin states as :

e dir(cy) : direction of nearest yellow cube 0(s.a)
(N-NE-E-SE-S-SW-W-NW) , ro(s,a) = —° ’9 .

e dir(cb) : direction of nearest blue cube Ypeat =0

(N-NE-E-SE-S-SW-W-NW) The 2-agent and 2-cube case

e near(cy) : is there a yellow cube in one of the eight
nearest positiondrue|false) , 4.1 Reduced problem
e near(ch) : is there a blue cube in one of the eight The first step in our incremental learning scheme is to use

small sized world with a minimal number of agents : one

agent and one cube of each color. Then, beginning with pos-
Combining these, there exists a maximum16R4 obser- jtive reinforcement situations, the agents will face harder and
vations (some combinations of perceptions are not possharder problems.

ble). We reduce this number 56 by using symmetries

of the problem. This number is very small compared to the4.2 Progressive task

15.249.024 states of the x 8 totally observed centralized gqr our problem, there is only one situation which leads to

problem, and alssmdependent of the world's size _ a positive reward. This situation is thus the starting point of
The rewardfunction we have chosen eases the creditiyncremental learning. Agents face a sequence of tasks to learn

assignment problem. Only the two agents identified as havingefgre ending in a standagix 8 environment where they

originated the fusion of two cubes get a rewatd), whereas keep learning.

in other cases the reward is zero for all agents. A “global” 14 pe more precise, we definety as a sequence of

rewar_d Would_ not be very coherent with agents having onlystepg beginning in a given situation. Thisy must be re-

local informations. . .. peated sufficiently /' times) to be useful. This succession
We conclude by some remarks about the simulation itselfof tries will be called anexperimentfor our agents. The

To focus on the learning problem, we have implemented sim¢ainer has to define a sequence of progresskgeriments

ple mechanisms to avoid some non-significant problems. Fag help learning. FollowingAsadaet al., 1996, we designed

example, cubes cannot go on border cells of the grid. Simiy training sequence where starting situations are more and

larly, when cubes reappear on the grid, they canonlybeput — ~

on inner cells. 2Itis true if V only depends on this agent’s policy, which is not
the case in a MAS.

Colors of agents and cubes are not related in this problem. %In astep all agents make one move simultaneously.

nearest position@rue|false)



Starting configuratior] n (moves)| N (tries) cubes agents
] 1 2 4 8 16 20
o 6 750 2 | 404 300 200 127 110
4 76 171 175 139 129
] H:E 6 34 11.2 147 157 16.5
6 00 8 | 1.9 86 135 159 18.0
O.# 10 | 1.6 67 11.0 17.7 206
10 750
@ Table 2: Average efficiencies
® H: 20 750 Number of merges for 1000 steps
D) @)
FF 20 750 5 More agents and more cubes
@) . .
H H 5.1 The next step in incremental learning
@l 100 75 Until now, only two agents were used. More could be neces-
@) sary to reach our goal in a world with more cubes.
In this section, we first have a look at the efficiency of a
%q ® 100 75 policy learned witi2a2c¢ and used with more agents and more

cubes, and then we let agents’ policies evolve in this more

Table 1: The sequence of experiments we used for incremer‘?—opUIated worlds. )

tal learning. Note : Here, we use agents that have either already learned
a policy through th@a2ccase with help or have never learned
anything at all.

100

5.2 Influence of the number of agents and cubes

without help
with help ===

In this part of our work, the first interest was to check the
efficiency of different numbers of agents having to deal with
different numbers of cubes (taking the same number of agents
(or cubes) of each color). In this experiment, we use agents
whose fixed behaviors have been learned in2t2c case,
which is not supposed to be very efficient with more cubes.
Nevertheless it gives them enough good reactions to have
some good results.
Several tests were carried out with 2, 4, 6, 8 or 10 cubes and
i 2,4,8,16 or 20 agents (always in a world of sipe< 10). We
N used series of 1000 consecutive steps, these series beginning
° 100 20 berof s (1000 50 o0 in random configurations. But as blocking situations could
sometime occur, 100 such series were made in each case.
Figure 2: 2 agents, 2 cubes : incremental vs. raw learning  Table 2 gives the average efficiency in each of the twenty-
five cases (the efficiency is the number of merges made in
1000 steps). It quickly shows that there seems to be an opti-
mal number of agents for a given number of cubes as denoted
more “distant” from the goal, as Asada showed the efficiencyPy bold numbers in Table 2.
of such a method. A growing number of agents improves the results, until
they cramp each other and bring too many coordination prob-
Table 1 shows a sequence of experiments we used to helpms. With a growing number of cubes, the results are im-
our agents in their training. The firstarting configuration  proved only up to an optimal number beyond which agents
on a6 x 3 world, needs only one move to reach the goal, eacthesitate on which cubes to work with and fall easily into os-
agent pushing toward the cubes. However, they have up teillatory sequences of moves.
6 steps to reach it (so they can explore different moves), and After another set of tries, in the same conditions but with
they can try this 750 times. policy-less agents, it appears that agents with a random be-
havior have always bad results, whatever their number.

number of merges (for 1000 steps)

Figure 2 shows the evolutions in the pair of agents’ effi-
ciency whether using or not progressive learning. The curv 3 Incremental learning along number of agents
showing the efficiency of learning after a period of assiste
training only begins after the 60000 steps of this training.With agents whose fixed behaviors have been learned in the 2
Once this delay elapsed, notably better performances amgents and 2 cubes cagalc-policie3, we have seen that a
reached with the assistance provided by our method. growing number of cubes induces problems that can be solved
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6 Discussion and similar works

6.1 On explicit coordination

Our experiments show that our work can benefit from ad-
120 ] dressing explicitly coordination problems. In particular, it is
100 | often the case that two agents, when placed in a world with
more than two cubes, are not able to coordinate so as to push
the “same pair of cubes”. Moreover, when too many agents
are present, they easily work at cross-purpose.

In [Boutilier, 1996, Boutilier has studied this problem
from a theoretical point of view, using Multi-agent Markov
Decision Processes. In his framework, each agent can com-
pute a globally optimal policy where only coordination prob-

) (2a20)‘

160

140

number of merges (for 1000 steps)

400 500 600 700 800 900 1000

number of steps (+1000) lems are to be solved, i.e. when the optimal joint action is not
unique. Such coordination can be reached using social laws,
Figure 3: evolution while learning from scratch communication or a learning mechanism. However, this cen-
(The (4a4c) and(2a2c) curves are practically confounded with  tralized planning framework can not be used for decentralized
abscissa axis.) RL. Other works, likelHu and Wellman, 1998 more ori-

ented towards reinforcement learning, settle on game-theory
and Nash equilibria to solve coordination problems. Once

again, these theoretical works are difficult to implement, es-

pecially with more than two agents.

Another field of research deals with explicitly taking into
account other agents when learning, or planning, in a MAS
(see[Carmel and Markovitch, 1996or [Vidal and Durfee,
1997). Usually, an agent builds a model of the other agents,
S0 as to estimate their next actions. But, in the general case,
it seems that not modeling the others is better than having a
bad model and modelization leads to more complex agents.

Communication could also be used to solve the problem of
explicit coordination. But attention must be paid to the fact
that communication in itself has a cd3tuanet al, 2004. Is

number of merges (for 1000 steps)

oY it worthwhile to pay this cost whereas, simply putting more
O 0D X o agents seems enough to increase the performances, even if
the coordination problem of two particular agents is not re-
Figure 4: evolution while learning froa2c behaviors ally and explicitly solved ? This is one of the questions we

would like to study in the near future. On the same subject,
we would like to investigate the use of short term memory to
provide our agent with attention mechanisms and help them

with a sufficient number of agents. The incremental learnto coordinate.

ing solution is to improve the policies by keeping on learning

with more agents. 6.2 Reward

Figures 3 and 4 show the efficiencies evolving with timeMataric, in her work with multi-robots systems (seataric,

in different learning cases : different number of objects,1997), took the option of adapting the reward function and
and agents learning from scratch or not. As shown on ﬁg_the agents’ actions and perceptions to use a simple reinforce-
ure 3, agents learning from scratch have a slow evolutiofment algorithm. The reward is not the kind of boolean process
if there are only a few objects (agents and cubes) in thd'€ have (noreward/big reward at goal) but rather a smoother
grid-world.  But their learning speed rises with the rate€Ward adapted to give very frequent hints to each individual
Mobjects/Si2€grid—worta. When a group of agents seems to agent. By using behaviors, that can be seen as macro-actions,
have reached a maximum efficiency, their results are bettdf© Size Of state and action space is greatly reduced and learn-
than the results obtained in Section 5.2 with the same situd'd IS €asier. On the other hand, this kind of specialization

tion but fixed policies. This confirms the interest of adapta-'S VeY task-dependent whereas our agents could be made to
tion through learning. learn another task without changing very much the agents or

the learning process.

One can notice that the optimal efficiency reached by The COIN framework[Wolpert et al, 1999 (COllec-
agents using incremental learning is by far better than the petive INtelligence) is similar to our framework : designing
formances reached using learning from scratch. As forecasiAS through learning. The main ideas behind their work
agents usin@a2c behavioreome with some useful knowl- is to adapt reward functions and clusters of agents to build
edge that allows them to find a better local optimum. a subworld-factored systemDealing with our problem , it



would mean creating only one sub-group sharing the samBBaxter and Bartlett, 1999J. Baxter and P. Bartlett. Direct
reward, and other experiments we conducted show that learn- gradient-based reinforcement learning: |. gradient estima-
ing becomes difficult and slow. Whereas this framework is tion algorithms. Technical report, The Australian National
useful for finding “independent” sub-groups of agents, our University, Canberra, Australia, 1999.

ideas seem better adapted for in-group learning. [Bernsteiret al, 2004 D.S. Bernstein, S. Zilberstein, and
6.3 Automatic incremental learning N. Immerman. The complexity of decentralized control

. ) of markov decision processes. Rroc. of the 16th Conf.
As explained in 2.3, we need to decompose the problem at on Uncertainty in Artificial Intelligence2000.
hand in more and more complex tasks. The starting pointf N N ) )
of this decomposition are positive reward situations. The delBoutilier, 1094 C. Boutilier. Planning, learning and co-
composition process could be automatically performed on- Ordination in multiagent decision processes. Rroc.
line by the learning agents. In addition to classical methods, TARK'96, De Zeeuwse Stromen, The Netherlah8S6.
the agents could randomly explore their environment, marBuffet et al, 2001 O. Buffet, A. Dutech, and F. Charpillet.
“interesting situations” and then work around them. Knowl-  |ncremental reinforcement learning for designing multi-
edge thus learned could then be transfered to other agents.  agent systems. IRroc. of Agents’012001.

: [Carmel and Markovitch, 1996D. Carmel and
7 Conclusion S. Markovitch.  Opponent modeling for learning in
In this paper we have addressed the problem of automatically multi-agent systems. InProceedings of IJCAI'95

designing large Multi-Agent Systems. Our framework is  Workshop Springer, 1996.
based on each individual agent using a Reinforcement Learrf
ing algorlthm to adapt its behavior to the desired global tas_k. past-events. IfProc. of the 14th European Conf. on Ar-
This learning problem is generally unsolvable because of its ... . :

; ; S X tificial Intelligence, ECAI20002000.
decentralized aspect and more classical limitations like par- . ]
tial observability of state, credit assignment and combinatolFerber, 199p J. Ferber.Multi-Agent Systems. An introduc-
rial explosion. To that effect, we have emphasized the use of tion to Distributed Artificial Intelligence.John Wiley &
an incremental learning scheme where more and more agents Sons Inc., New York, 1999.

are faced with harder and harder problems. This method ifHu and Wellman, 1998J. Hu and M. Wellman. Multiagent

very generic as it can be adapted to any task without adapting reinforcement learning: theoretical framework and an al-
the agents to the particular problem at hand. gorithm. InProc. of ICML-98 1998.

We have tested our approach on a simulated environme E .
where agents have to coordinate in order to reach a shari ittmanetal, 1999 M. Littman, A. Cassandra, and
L. Kaelbling. Learning policies for partially observable

goal : the fusion of different colored cubes. The experiments ; . ;

give credit to our framework as they show the efficiency of environments: scaling up. roc. of ICML-95 1995.
incremental learning. Incremental learning leads to bettefMataric, 1997 M. Mataric. Reinforcement learning in the
learning rates than raw unassisted learning. Furthermore, it multi-robot domain. Autonomous Robaqts4(1):73-83,
is more efficient to learn a more complex task after an initial  1997.

stage of incremental learning than learning directly this morgsinghet al, 1994 S. Singh, T. Jaakkola, and M. Jordan.
complex task from scratch. As a whole, our framework led us | earning without state estimation in partially observable

to conclude that “the more the better”. markovian decision processes.Rroc. of ICML-94 1994.

Still, there is room for improvement. We have discusse .
several ways to overcome these limitations, like using comd[Stone and Veloso, 200P. Stone and M. Veloso. Multia-

munication for addressing explicit coordination, short-term ~9€Nt Systems: a survey from a machine learning perspec-
memory and intentions to deal with oscillatory behaviors and tiV€- Autonomous Robotic8(3), 2000.

policy-search reinforcement learning as a possibly more addSutton and Barto, 1998R. Sutton and G. BartdReinforce-
quate learning algorithm. We have also considered modeling ment Learning Bradford Book, MIT Press, 1998.

the_ behavior of t_he other agents as a mean 1o predict the[r\ﬁdal and Durfee, 1997 J. Vidal and E. Durfee. Agent

actions and thus improve the behavior of agents. learning about agents: a framework and analysis. In
S. Sen, editorCollected papers from the AAAI-97 work-
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