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Abstract—Multi-agent systems are rapidly finding applications
in a variety of domains, including robotics, distributed control,
telecommunications, economics. Many tasks arising in these
domains require that the agents learn behaviors online. A
significant part of the research on multi-agent learning concerns
reinforcement learning techniques. However, due to different
viewpoints on central issues, such as the formal statement
of the learning goal, a large number of different methods
and approaches have been introduced. In this paper we aim
to present an integrated survey of the field. First, the issue
of the multi-agent learning goal is discussed, after which a
representative selection of algorithms is reviewed. Finally, open
issues are identified and future research directions are outlined.
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|. INTRODUCTION

Multi-agent systems are rapidly finding applications in a Direct Policy Search

wide variety of domains such as robotic teams, distributed
control, collaborative decision support systems, dataingin Figure 1. MARL encompasses temporal-difference reinforcerteamning,
etc. Although the individual agents can be programmed t§2ame theory and direct policy search techniques.
exhibit some basic behaviors, many tasks require that agent
learn new behaviors online, such that the performance of theiewpoints on the learning goal in MARL, which leads to
agent or of the whole multi-agent system gradually improvescertain diversity in the set of MARL algorithms and tech-
A reinforcement learning (RL) agent learns by interact-niques. Finally, we identify open issues in the field, andioert
ing with its environment, using a scalar reward signal ascontrol-theoretic ways to address some of these issues.
performance feedback [1]. The simplicity and generality of This paper is organized as follows. Section Il introduces th
this setting make it attractive also for multi-agent leagii  necessary background. Section Il addresses the problean of
However, the main challenge in multi-agent RL (MARL) suitable multi-agent learning goal, and Section IV reviews
is that each learning agent must explicitly consider othefepresentative selection of the MARL algorithms, clasaify
learning (and therefore nonstationary) agents, and coateli them by the type of task they solve. Section V concludes the
its behavior with theirs, such that a coherent joint behavio paper.
results.
Over the last years, many algorithms addressing this prob- Il. BACKGROUND
lem were proposed. These algorithms can be classified along Single-agent RL concepts are given first, followed by their
several dimensions: the type of task they address, the h@xtension to the multi-agent case.
mogeneity of the agent team, assumptions on the agents’ )
knowledge and inputs, etc. Figure 1 organizes the algosthm”- The single-agent case
by their field of origin, regarding MARL as a fusion of Definition 1: A Markov decision processis a tuple
temporal-difference RL, game theory, and more generattire (X, U, f, p) where: X is the discrete set of environment states,
policy search techniques. U is the discrete set of agent actiorfs, X x U x X — [0, 1]
MARL surveys typically review the field from a game- is the state transition probability distribution, apd X x U x
theoretic perspective and focus on the central part of Fig. X — R is the reward function.
[2]-[5]. The work in [6] is more general, but looking mainly As a result of action.;, the environment changes state from
at cooperativemulti-agent learning. x, ending up inzg; with probability f(xk, uk, xg+1). The
The aim of our survey is to take a broader approach andgent receives (possibly delayed) feedback on its perfocma
give an overall view of the field. We address the differentvia the scalar reward signal,.; € R, according top:



Thr1 = p(Tr, ug, vx41). FOr deterministic models, the tran- < Table |
sition distributions is replaced by a functiof; X x U — X. TABILITY AND ADAPTATION IN MULTI -AGENT LEARNING.

The reward is then completely determined by the current [~Stpility property Adaptation property Relevant work
state and actionp : X x U — R. The agent chooses convergence rationality (8], [9]

i ; i i i ; convergence no-regret [10]
actions according to itpolicy .that_ may be either stopha_stlc, opponent-independent opponent-aware 51, [11]
h:X xU — [0,1], or deterministich : X — U. A policy is prediction rationality 4]
called stationary if it does not change over time. . {targete_d optimality, (2], [12]

The agent’s goal is to maximize, at each time steghe compatibility, safety '
discounted return:

Ry, = Zoi YTkt ity (1) opponents’ strategies. Nash equilibriumis a set of strategies
_ J__O _ such that each is a best-response to the others.

where y € (0,1) is the discount factor. Thection-value The purpose otoordinationis to make sure that all agents
function (Q-function), Q" : X x U — R, is the expected coherently choose their part of a desirable joint policy. In
return of a state-action pair under a given polig/:(z,u) = 4 game with multiple equilibria, coordination boils down to

E{Ry |2y = x,u, = u,h}. The agent can maximize its re- equilibrium selection, where the agents need to conslgtent
turn by first computing theoptimal Q-function, defined as pnick their part of the same equilibrium.
Q*(x,u) = max;, Q" (x,u), and then choosing actions by the
greedy policyh* (z) = arg max,, Q*(z,w), which is optimal.

The Q-learningalgorithm iteratively estimate@* by inter-
action with the environment, using observed rewards, and In fully cooperative SGs, the common return can be jointly
pairs of subsequent stateg, 1 [7]: maximized. In other cases, however, specifying a good MARL

Qe ) = Ol )+ goal is difficult, because the agents’ returns are corrélatel

k1 Tk Uk) = kT Uk ) cannot be maximized independently.
afrpe + “YH}E}XQ(%ﬂa u') = Qr(zr,ur)], (2) In this section, we review the learning goals put forward in
the literature. These goals incorporatability of the learning
N . . : : process on the one hand, aadaptatiorto the dynamic behav-
provably converges t@)* under certain conditions, including . .
. . . . ior of the other agents on the other hand. Stability esdgntia
that the agent keeps trying all actions in all states withzeon . _
means the convergence to stationary policies, whereasaadap

probability [7]. This means that the agent must sometlme?ion ensures that performance is maintained or improved. Th

ef:é?jre Lglli’c perform other actions than dictated by the currengoaIS typically formulate conditions for static games, &mme
9 y polcy. can be extended to dynamic games by requiring that condition
B. The multi-agent case are satisfied stage-wise for all the states of the dynamieegam
Definition 2: A stochastic game (SGXMarkov game) is Convergence to equilibrigs a basic stability requirement,
a tuple (A, X, {U;}ic 4+ - {pi}ica) Where: A = {1,...,n} postulated already in the early MARL literature [13], [14].
is the set ofn agents,X is the discrete set of environment Nash equilibria are most frequently used. However, corcemn
states{U; },. , are the discrete sets of actions available to théhave been voiced regarding their usefulness [2], due torthe u
agents, yielding the joint action s& = X,c4U;, f : X x clear link between stage-wise convergence to Nash edgailibr

U x X — [0,1] is the state transition probability distribution, @nd performance in the dynamic game.

IIl. MULTI-AGENT LEARNING GOAL

where o € (0,1] is the learning rate. The sequencg,

andp; : X x U x X — R,i € A are the reward functions of In [8], rationality is added as an adaptation criterion. It
the agents. requires the agent to converge to a best response when othel
Note that the state transitions, agent rewargds, ;, and thus ~ agents remain stationary. An alternative to rationalitythie

also the agent return®; 5, depend on thgoint action w;, = concept no-regret which prevents the learner from ‘being
(U1 k- s tunie) Ty up € U, u;y € Uy The policiesh; : X x  exploited’ by the other agents [10].

U; — [0, 1] together form the joint policyh. The Q-function Targeted optimality / compatibility / safefit 2] replace con-

of each agent depends on the joint action and is conditionedergence with adaptation requirements, in the form of ayera

on the joint policy,Q" : X x U — R. reward bounds for three classes of opponents: those deemed

If X =0, the SG reduces to a static game. A static gameinteresting (targeted), those using the learner’s algorjtand
when played repeatedly by the same agents, is called a egpeatremaining opponents.
game. Ifp; = --- = p,, the SG is fully cooperative. If, = 2 Table | summarizes the desirable properties of MARL
and p; = —p,, the SG is fully competitive. algorithms, as discussed above and in the literature. Algos

In a static game, the policy loses the state argument anfibcused on stability only are typicallindependentof other
transforms into a strategy; : U; — [0,1]. Similarly, a  agents; those that consider adaptation clearly need tmlaee
policy conditioned on a given state yields a strategy. The of their behavior. If only adaptation is considered and ititab
best response of agentto a set of opponent strategies is ais disregarded, algorithms ateacking the behavior of other
strategy that achieves the maximum expected reward given thragents.



the direction that increase3;:

Fully cooperative Mixed
Team-Q Static Dynamic Qi1 (i, i) = max { Qi (wr, wi k),
Distributed-Q Fictitious Play Single—agent RL Pt +ymax Qg k (Trr1,us) (4)
OAL MetaStrategy Nash-Q Wi
JAL IGA CE-Q Ui k if maxy, Qi k+1(k, usi)
FMQ WoLF-IGA Asymmetric-Q higy1(r) = # maxy, Qix(zp,u;)  (5)
GIGA NSCP hir(zr) otherwise
Fully competitive GIGA-WoLF EIRA 7
. AWESOME WoLF-PHC Under the conditions thaf); o = 0 and the common reward
minimax-Q Hyper-Q PD-WoLF function is positive, the policies of the agents provably-co
EXORL verge to the optimal joint policyx*.

Direct coordination methods. A more general approach to
solving the coordination problem is to make sure that ties ar
broken by all agents in the same way. This clearly requirat th
random action choices are somehow coordinated or negtitiate

Figure 2. Taxonomy of MARL algorithms by the type of task theylass.

IV. MULTI-AGENT REINFORCEMENTLEARNING

— Social convention$16] and roles[17] restrict the action
ALGORITHMS

choices of the agents.

— Coordination graphssimplify coordination when the
global Q-function can be additively decomposed in local
Q-functions which only depend on the actions of a subset
of agents [18], [19].

— Communicatioris used to negotiate action choices, either
alone or in combination with the above techniques, as in
e.g., [20], [21].

Indirect coordination methods bias action selection to-
. . ward actions that promise to yield better values, and theer st
In a fully cooperative SGp = ... = p, and the learning agents toward coordinatiodoint Action LearnergJAL)
goal is to maximize the common discounted return. If a[22] employ empirically learned models of the other agents’

centralized controller is available, the task reduces toaakial/ behavior. TheFrequency Maximum Q-valugEMQ) heuristic

decision process whose action space is the joint actionespa 3i . : ) .
: . . is based on the frequency with which actions yieldeddyoo
of the SG. The goal can be achieved by learning the Opt'm%ﬂues in the past. I@ptimal Adaptive LearningOAL), the

joint-action values with Q-learning: bias is towards recently chosen Nash equilibria [24]. Using

additional mechanism to guarantee that optimal Nash &ajaili

are eventually selected, OAL provably converges to optimal

joint policies (at the cost of increased complexity). JAldan

FMQ only work in static games.

and using the greedy policy. If the agents are independent Remark_s and open |ssues(300rd_|na_t|0n-free m_eth(_)ds are

decision makers, a coordination problem arises even if af€@mmate-independent, whereas indirect coordinatiorh-met

the agents use the same algorithm to learn in parallel th8dS aré teammate-aware. Direct coordination methods are
teammate-independent if they rely on common-knowledge

common optimal Q-function. In principle, they could thereus 3 , o
the greedy policy to maximize the common return. Howevenassumptlons, and teammate-aware if they use negotiation.
To improve the applicability of algorithms in practice, @ff

the greedy action selection mechanism breaks ties randomly

which means that in the absence of additional mechanism&USt be invested in their scalability and their robustnest
different agents may break a tie in different ways, and th&ertain or incomplete observations. Coordination-fre¢hmes
resulting joint action may be suboptimal. are especially vulnerable to uncertain observations.

Coordination-free methods. The Team Q-learningalgo- Comrr_lu_nication _has the potenti_al to provide s_traightfor-
fithm [11] solves the problem by assuming that the optimalwa,rd' efﬂment solutions to the coordination problem in MAR
joint actions are unique (which will rarely be the case). The NS potential has not yet been fully exploited.

(3) can directly be used.

The Distributed Q-learningalgorithm [15] solves the co-
operative task without assuming coordination, howevesit i
only valid in the deterministic setting. Each agénmhaintains  the minimax principle can be applied: maximize one’s benefit
an explicit policy h;(x), and a local Q-function,(x,u;), under the assumption that the opponent will always act so as t
depending only on its own action. Both are updated only inminimize it. The resulting algorithm iminimax-Q[11], given

The MARL algorithms are organized here by the type of
task they address: fully cooperative, fully competitiveyda
mixed tasks. Some algorithms can only solve static games;
for mixed tasks, these algorithms are treated separately, a
depicted in Fig. 2.

A. Fully cooperative tasks

Qrt1(wr, up) = Qrlwr, up)+
afrepr +ymax Qg w') — Qrlr, ur)], (3)

B. Fully competitive tasks

In a fully competitive SG (for two agentss; = —ps2),



here for agent: Some methods in the area of direct policy search use
L B 6 gradient update rules that guarantee convergence in specifi
Lk(k, ) = arg My (Qr, zx) 6)  Classes of gamednfinitesimal Gradient AscentiGA) [27],
Qi1 (Th, U1k, U2,k) = Qr(Th, U ks U2 k) + @ Win-or-Learn-Fast IGA(WOLF-IGA) [8], Generalized IGA
frst + ML Qs 1) — Qi ua ks uz )] (GIGA) [28], and GIGA-WOLF [10]. |
wherem, is the minimax return of agerit F.eemarlfs and open issuesA pgrfect task model is rarely
available in practice. Thus, versions of the methods above
m;(Q,z) = max minZhl(x,ul)Q(x,ul,uQ) (8) that work with imperfect and/or learned models would be
ha(zy) w2 S interesting (e.g., GIGA-WoLF provides a heuristic extensi

The Q-table is not subscripted by the agent index, becaudgat does that).
the equations use the implicit assumption tiiat = Q = Static, repeated games represent a limited set of applica-
—Q-. Minimax-Q is truly opponent-independent, because evetions, among which are included negotiation, auctions, and
if the minimax optimization has multiple solutions, any of bartering. The algorithms above provide valuable thecaéti
them will achieve at least the minimax return regardless ofesults; these results should be however extended to the dy-
what the opponent is doing. namical case in order to become interesting for more gen-

If the learner has a model of the opponent’s policy (i.e., iseral classes of applications (e.g., WoLF-PHC, discussed in
opponent-aware), it might actually do better than the maxm Sec. IV-C2).
return (8). An opponent model can be learned using e.g., the 2) Dynamic stochastic game#/ixed, dynamic tasks cor-
M* algorithm [25]. respond to the unrestricted SG, which exhibits all the MARL
C. Mixed tasks ;:nhgalgllir;gljss. delayed reward, nonstationary agents, arftiaton

In the general case, no constraints are imposed on the gingle-agent RL can be directly applied to the multi-
reward functions of the agents. This is of course apprapriatagent case [29]. However, the nonstationarity of the MARL
for self-interested agents, but even cooperating agents Mayroblem invalidates most of the single-agent RL theoretica
encounter situations where theirimmediate interestsecen-  yagy|ts. Single-agent RL might not work when agents seyerel
flict, e.g., when they need to compete for some resource. Thiiterfere with one another. As they do not take into accolet t
game-theoretic elements, especially the concept of &quifh,  hehavior of the other agents, single-agent methods aret-agen
are most influential in this category. When multiple equiibr independent.
exist In a p_arﬂcular state of an SG, the _equmbrlurn sedetli Despite its limitations, this approach found applications
problem arises: t_h_e _agents need to consistently pick tfaetr p mainly because of its simplicity [30], [31]. In applicatian
of the same equilibrium. _ information about other agents is typically encoded in the

MARL algorithms for static, repeated games are first préyoaners input, thus indirectly enabling it to make demisi
sented, followed by those addressing dynamic SGs. on the basis of their behavior.

D Repeated gamesn repeated.games, one of the es;ential Agent-independent methodsshare a common structure
propeme; of RL’ delaygd reward, is lost. Howevgr, therley based on Q-learning, where policies and state values are com
problem is still nonstationary due to the dynamic behavior o uted with game-theoretic solvers for the stage gamesngrisi
the agents that play the repeated game. This is why metho S the states of the SG [5], [14]. Denoting K2 x(z,)}

in this cz_;\tegor_y always consider gdaptatlon_to the othentage the stage game arising in stateand given by all the agents’
Algorithms in this category typically require that the atgen Q-functions at timek:
S :

know the task model (i.e., the reward function), and assum

observable actions (some of them, even observable seg)egi hix(z,-) = solve; {Q. ()} )
Agent-tracking methods adapt to learned models of the RS P Uk

opponents’ behaviorFictitious play uses a best response to Qi1 (zh, wn) = Qi (Th, un) + a[ripra+ (10)

these empirical models, where&dy/per-Q incorporates the v-eval, {Q. x(Tp+1,)} —Qi,k(xk,uk)]

models in the state vector, and learns on their basis [26].

The MetaStrategycombines modified versions of fictitious solve; returns the’th agent's part of some type of equilibrium
play, minimax and a game-theoretic strategy called Bully(a strategy), ancval; gives the agent's expected return at
to achieve the targeted optimality / compatibility / saféfple  this equilibrium. When the solution ofolve is not unique,
goal [12]. These methods do not necessarily converge te equilibrium selection problem arises. The goal is the
stationary strategies. convergence to an equilibrium in every state.

Agent-aware methodstarget convergence as well. The The updates use the Q-tables of all the agents. So, each
AWESOMEalgorithm uses fictitious play, but monitors the agent needs to model the Q-tables of the other agents. It can
other agents and switches to a precomputed Nash equilibriugho that by applying (10). This requires two assumptionst tha
when it concludes that they are adapting (hence the nam@ll agents use the same algorithm, and that all actions and
Adapt When Everyone is Stationary, Otherwise Move torewards are observable.

Equilibrium) [9]. A particular instance ofolve andeval for e.g.,Nash Q-



learning [13] is: investigated. However, in many mixed tasks the agents are

cooperative, with competition arising in certain situaso
evali {Q.x(z,)} = Vi(z, NE{Q x(z,)}) (11)  such as when they compete for a resource. In these tasks,
solve; {Q.k(z,")} =NE;{Q x(z,")} cooperative coordination methods are a viable alternative

Many algorithms for mixed SGs suffer from scalability
issues and are sensitive to imperfect observations; ther lat
holds especially for agent-independent methods.

where NE computes a Nash equilibrium, aniVE; is
agent i's strategy component of this equilibrium, and
Vi(z, NE{Q. x(x,-)}) is the expected return of agerfrom x
under this equilibrium. Instantiations obrrelated Q-learning V. CONCLUSION AND FUTURE PERSPECTIVES
(CE-Q) [14] orasymmetric Q-learning32] can be performed
in a similar fashion, by using correlated or Stackelbergdés-
follower) equilibria, respectively. For asymmetric-Q etffol-
lower does not need to model the leader’s Q-table; howeve
the leader must know how the follower chooses its actions.
Agent-tracking methods adapt to learned models of the
other agents’ nonstationary policies without consideiiog-
vergence. Actions have to be observable. Nun-Stationary

We have reviewed the challenges of multi-agent reinforce-
ment learning, the methods to address them, and we have
provided specific conclusions and open issues for each class
of methods. More general open problems are given next.

First, the stage-wise application of game-theoretic tech-
nigues may not be the most suitable approach, given that the
environment and the behavior of learning agents are géyeral

Converging Policies(NSCP) algorithm computes a best- dynamic processes. So far, game-theory-based analysis has

response to the models and uses it in estimating value anscti only been applied to the learning dynamics [3], [37]. We &xpe
[33]. that tools developed in the area of robust control will play a

important role in the analysis and synthesis of the learning
process as a whole (i.e., the environment and the learning
dynamics). In addition, this framework can incorporateopri
knowledge on bounds for imperfect observations, such as
noise-corrupted variables.
Second, the issue of a suitable learning goal requires
} ~ additional work. MARL goals are typically formulated in tes
03k if u; = arg max Qi ot 1 (T, Ui) 12 of static games. Their extension to dynamic tasks is notydwa
_ Sk otherwise ' (12) straightforward or even possible. If an extension via stage
U1 games is possible, the relationship between the extendad go
The gradient stepj; , is 6, when the agent is losing and and performance in the dynamic task is not clear, and is
dw When it is winning, withé; > é,,. The win criterion is not made explicit in the literature. This holds for stalilit
based either on a comparison of an average policy with theequirements, like convergence to equilibria, as well as fo
current one, in the original version of WoLF-PHC, or on the adaptation requirements, like rationality.
second-order difference of policy elements, in PD-WoLF][34  Stability of the learning process is desirable, because the
The rationale is that the agent should escape fast fromdosinbehavior of stable agents is more amenable to analysis and
situations, while adapting cautiously when it is winning, i meaningful performance guarantees. Adaptation to ther othe
order to encourage convergence. agents is desirable because their dynamics are generally un
The Extended Optimal Respon@&XORL) heuristic applies predictable. Therefore, a good multi-agent learning goastm
a similar idea in two-agent tasks: the policy update is lmaseinclude both components. This means that MARL algorithms
in a way that minimizes the other agent’s incentive to deviat should not be purely agent-independent nor purely agent-
from its current policy [35]. tracking. The control-theoretic concept of robustnesstezp
Environment-Independent  Reinforcement  Accelerationntegrate stability and adaptation into a unified goal. léarh-
(EIRA) pushes policies onto, and pops policies from, aing algorithm is robustly stable with respect to nonstaditty
policy stack in such a way that long-term reinforcementin the other agents, it will converge while allowing for baieal
improvements are guaranteed [36]. EIRA does not make anghanges in the behavior of these agents.
assumptions on the environment and on the other agents. In Moreover, from a practical viewpoint, a realistic learning
this sense, it is very general. However, it may not be able tgoal should include bounds on the transient performance, in
take advantage of the task’s structure. addition to the usual asymptotic requirements. Examples of
Remarks and open issuesGame theory induces a bias such bounds include maximum time constraints for reaching a
toward static (stage-wise) solutions in the dynamic casee- s desired performance level, or a lower bound on instantaseou
e.g., equations (9)—(10) and the state-wise win/loser@ite performance levels. First steps in this direction have tiaken
in WoLF. However, the suitability of such state-wise sauas  in [10], [12].
in the context of the dynamic task is currently unclear [8], [ In our view, significant progress in the field of multi-agent
Agents in mixed SGs are generally regarded as selflearning can be achieved by a more intensive cross-fextidin
interested. Consequently, cooperative coordinationnigcies, between the fields of machine learning, game theory, and
such as communication, social conventions, or roles, ate n@ontrol theory.

Agent-aware methodstypically do consider convergence.
Win-or-Learn-Fast Policy Hill-Climbing(WoLF-PHC) com-
bines the basic Q-learning update rule (2) with a gradiesed
policy update originating in WoLF-IGA [8]:

higg1(@g, i) = hy g (25, u;)+
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