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tThis paper des
ribes an approa
h to rein-for
ement learning in multiagent general-sumgames in whi
h a learner is told to treat ea
hother agent as either a \friend" or \foe". ThisQ-learning-style algorithm provides strong
onvergen
e guarantees 
ompared to an ex-isting Nash-equilibrium-based learning rule.1. Introdu
tionReinfor
ement learning (Sutton & Barto, 1998; Kael-bling et al., 1996) is a learning paradigm for agents inunfamiliar or 
omplex environments. One parti
ular
lass of s
enarios in whi
h reinfor
ement learning holdsa great deal of promise is adapting in the presen
e ofother agents. The Markov game framework (van derWal, 1981; Shapley, 1953; Owen, 1982) is a formaliza-tion of multiagent intera
tion that is a good mat
h forexisting reinfor
ement-learning theory.This paper extends the state of the art of reinfor
ementlearning in general-sum Markov games by presentingthe friend-or-foe Q-learning (FFQ) algorithm. FFQprovides strong 
onvergen
e guarantees and learns apoli
y that is optimal in several important s
enarios.The ICML 
onferen
e has been home to a series ofpapers developing the theory of reinfor
ement learn-ing in games. Littman (1994) introdu
ed a Q-learningalgorithm 
alled minimax-Q for zero-sum two-playergames. Littman and Szepesv�ari (1996) showed thatminimax-Q 
onvergen
es to the game-theoreti
 opti-mal value. Hu andWellman (1998) des
ribed an exten-sion to minimax-Q, 
alled Nash-Q here, that atta
ksgeneral-sum games by using a Nash equilibrium 
om-putation in the learning rule. Bowling (2000) 
lari�edthe 
onvergen
e 
onditions of the algorithm. Hu andWellman (2000) studied the 
onvergen
e behavior ofNash-Q in several small but non-trivial environments.Brie
y, although the Nash-Q algorithm is highly gen-eral, the assumptions that are known to be suÆ
ient toguarantee its 
onvergen
e are quite restri
tive. These

assumptions put limits on the types of games that 
anbe guaranteed to be solved (those with 
oordinationor adversarial equilibria) as well as on the intermedi-ate results of learning. Aside from zero-sum or fully
ooperative games, for whi
h 
onvergent learning al-gorithms are already known, no general-sum game hasbeen shown to satisfy the intermediate-result restri
-tions of the Nash-Q theorem.This paper presents a new algorithm, friend-or-foe Q-learning (FFQ), that always 
onverges. In addition,in games with 
oordination or adversarial equilibria,FFQ 
onverges to pre
isely the values Nash-Q oughtto. To do this, FFQ requires that other players areidenti�ed as being either \friend" or \foe" and fully
ooperative or zero-sum learning is used as appropri-ate. Although the theoreti
al properties of FFQ are animprovement over those of Nash-Q, a 
omplete treat-ment of general-sum games is still la
king.1.1 De�nitionsA one-stage general-sum n-player game is de�ned bya set of n players, their a
tion-
hoi
e sets A1; : : : ; An,and their payo� fun
tions R1; : : : ; Rn. Ea
h payo�fun
tion Ri maps an a
tion 
hoi
e for ea
h of the play-ers to a s
alar reward value.A one-stage poli
y for player i, �i, is a probabilitydistribution over its a
tions Ai. The expe
ted pay-o� to player i when players adopt one-stage poli
ies�1; : : : ; �n is abbreviated Ri(�1; : : : ; �n), whi
h is justthe expe
ted value of the values of Ri weighted by theprobabilities under the given one-stage poli
ies.Every one-stage general-sum n-player game has aNash equilibrium. This is a set of one-stage poli
ies�1; : : : ; �n su
h that no player 
an improve its expe
tedpayo� by unilaterally 
hanging its one-stage poli
y:Ri(�1; : : : ; �n) � Ri(�1; : : : ; �i�1; �0i; �i+1; : : : ; �n);(1)for all one-stage poli
ies �0i and 1 � i � n. A game
an have more than one Nash equilibrium, and theexpe
ted payo� to player i 
an vary depending on theequilibrium 
onsidered.



Of 
entral importan
e in this paper are two spe
ialkinds of Nash equilibria. An adversarial equilibriumsatis�es Equation 1 and also has the property that noplayer i is hurt by any 
hange of the other players:Ri(�1; : : : ; �n) � Ri(�01; : : : ; �0i�1; �i; �0i+1; : : : ; �0n);(2)for all 
ombinations of one-stage poli
ies �01; : : : �0n.Not every game has an adversarial equilibrium. How-ever, in a two-player zero-sum game R1 = �R2 andall equilibria are adversarial equilibria (Equation 1 im-plies Equation 2 in this 
ase).In a 
oordination equilibrium, all players a
hieve theirhighest possible value:Ri(�1; : : : ; �n) = maxa12A1;:::;an2AnRi(a1; : : : ; an) (3)On
e again, su
h an equilibrium need not always exist.However, in fully 
ooperative games R1 = R2 = � � � =Rn and there is at least one 
oordination equilibrium.As a 
on
rete example of equilibria, 
onsider the two-player one-stage game de�ned by the following pair ofmatri
es, with row player 1 and 
olumn player 2:row:R1 = � �1 20 1 � ; 
olumn:R2 = � 1 20 �1 � : (4)Consider the pair of one-stage poli
ies �1 = (0; 1),�2 = (1; 0). This is a Nash equilibrium sin
e row'spayo� of 0 would be worse (�1) if row 
hanged to a
-tion 1, and 
olumn's payo� of 0 would be worse (�1)if 
olumn 
hanged to a
tion 2. In addition, it is anadversarial equilibrium, sin
e row's payo� would im-prove (to 1) if 
olumn 
hanged a
tions, and 
olumn'spayo� would improve (to 1) if row 
hanged a
tions.On the other hand, the pair of one-stage poli
ies �1 =(1; 0), �2 = (0; 1) is a 
oordination equilibrium, sin
eboth players re
eive their maximum payo� of 2.Equation 4 shows that a game 
an have 
oordinationand adversarial equilibria with di�erent values. In agame with both types of equilibria, either the 
oordi-nation equilibria have a higher value than the adver-sarial equilibria or both players have 
onstant-valuedpayo� fun
tions: R1 = 
1, R2 = 
2.1.2 Markov GamesA Markov game is a generalization of the one-stagegame to multiple stages. A game 
onsists of a �nite setof states S. Ea
h state s 2 S has its own payo� fun
-tions as in the one-stage game s
enario. In addition,there is a transition fun
tion that takes a state and ana
tion 
hoi
e for ea
h player and returns a probability

distribution over next states. In this setting, a poli
ymaps states to probability distributions over a
tions.The value for a player in a game, given dis
ount fa
-tor 0 � 
 < 1, is the dis
ounted sum of payo�s. Inparti
ular, let �1; : : : ; �n be a set of poli
ies for the nplayers. The Q fun
tion for player i is de�ned to beQi(s; a1; : : : ; an) = Ri(s; a1; : : : ; an)+
 Xs02S T (s; a1; : : : ; an; s0)Qi(s0; �1; : : : ; �n); (5)whereQi(s0; �1; : : : ; �n) is a weighted sum of the valuesof Qi(s0; a01; : : : ; a0n) a

ording to the �s. The value ofEquation 5 represents the value to player i when thestate is s and the players 
hoose a
tions a1 through anthen 
ontinue using their poli
ies.Filar and Vrieze (1997) showed how the Q fun
tionlinks Markov games and one-stage games. Treatingthe Q fun
tions at ea
h state as payo� fun
tions forindividual one-stage games, the poli
ies at the individ-ual states are in equilibrium if and only if the overallmultistage poli
ies are in equilibrium. Therefore, anequilibrium for a Markov game 
an be found by �ndinga Q fun
tion with the appropriate properties.2. Nash-QThis se
tion des
ribes a method for learning a Q fun
-tion for a player from experien
e intera
ting with otherplayers in the game. Experien
e takes the form of a tu-ple hs; a1; : : : ; an; s0; r1; : : : ; rni, where the game startsin state s, players 
hoose the given a
tions, and a tran-sition o

urs to state s0 with the given payo�s re
eived.The Nash-Q learning rule (Hu &Wellman, 1998) worksby maintaining a set of approximate Q fun
tions andupdating them byQi[s; a1; : : : ; an℄ := (1� �t)Qi[s; a1; : : : ; an℄+�t (ri + 
Nashi(s;Q1; : : : ; Qn)) (6)ea
h time a new experien
e o

urs. Here,Nashi(s;Q1; : : : ; Qn) = Qi(s; �1; : : : ; �n) where the �sare a Nash equilibrium for the one-stage game de�nedby the Q fun
tions Q1; : : : ; Qn at state s. The values�t are a sequen
e of learning rates, and this paper as-sumes they satisfy the standard sto
hasti
 approxima-tion 
onditions for 
onvergen
e (Jaakkola et al., 1994)(square summable, but not summable).The prin
iple motivation behind this 
hoi
e of learningrule is that in single-player games (Markov de
isionpro
esses), the Nash fun
tion is a simple maximiza-tion. Thus, in this 
ase, the update rule redu
es to



Q-learning, whi
h is known to 
onverge to optimal val-ues (Watkins & Dayan, 1992). Similarly, restri
ted tozero-sum games, the Nash fun
tion is a minimax fun
-tion. In this 
ase, the update rule redu
es to minimax-Q, whi
h is also known to 
onverge to optimal values(a Nash equilibrium; Littman & Szepesv�ari, 1996).The major di�eren
e between the general Nash fun
-tion and both maximization and minimax is that thelatter two have unique values whereas Nash does not.Consider, for example, the example in Equation 4,whi
h 
an have value 0 or 2 depending on the Nashequilibrium 
onsidered. As a result, the Nash-Q learn-ing rule in Equation 6, where Nash returns the valueof an arbitrary equilibrium, 
annot 
onverge sin
e itmay use a di�erent value at ea
h update.Hu and Wellman (1998) re
ognized that adversarialand 
oordination equilibria are unique.Proposition 1 If a one-stage game has a 
oordina-tion equilibrium, all of its 
oordination equilibria havethe same value.Proof: This is fairly dire
t, as, in ea
h equilibrium,players get their unique maximum value.Proposition 2 If a one-stage game has an adversar-ial equilibrium, all of its adversarial equilibria have thesame value.Proof: Let �1; : : : ; �n and �1; : : : ; �n be two ad-versarial equilibria for a one-stage game with payo�sR1; : : : ; Rn. Comparing the expe
ted payo� for playeri under the � equilibrium to that of the � equilibrium,Ri(�1; : : : ; �n)� Ri(�1; : : : ; �i�1; �0i; �i+1; : : : �n)= Ri(�01; : : : ; �0i�1; �i; �0i+1; : : : ; �0n)� Ri(�1; : : : ; �n):These three statements follow from Equation 1 of the �equilibrium, setting the arbitrary one-stage poli
ies toparti
ular values, and Equation 2 of the � equilibrium,respe
tively. Repeating this argument reversing theroles of � and � shows that the expe
ted payo� toplayer i under both equilibria must be the same.Be
ause of the uniqueness of the value of adversarialand 
oordination equilibria, their existen
e 
ould pos-sibly play a role in ensuring 
onvergen
e of a general-sum reinfor
ement-learning algorithm. Let us de�nethe following two 
onditions:

Condition A: There exists an adversarial equilibriumfor the entire game.Condition B: There exists a 
oordination equilibriumfor the entire game.In fa
t, it is not known whether Nash-Q 
onverges un-der these 
onditions. Hu and Wellman (1998) (
lari-�ed by Bowling, 2000) used two stronger 
onditions toprove 
onvergen
e:Condition A+: There exists an adversarial equilib-rium for the entire game and for every game de�nedby the Q fun
tions en
ountered during learning.Condition B+: There exists a 
oordination equilib-rium for the entire game and for every game de�nedby the Q fun
tions en
ountered during learning.As stated, even Conditions A+ and B+ are not suÆ-
ient to guarantee 
onvergen
e. It is ne
essary for thesame type of equilibrium to be returned by the Nashsubroutine and used in the value updates throughoutthe learning pro
ess.There are many ways to provide this strong 
onsis-ten
y guarantee. One is to assume that the algorithmnever en
ounters a one-stage game with multiple equi-libria. This results in extremely restri
tive 
onditions,but no 
hange in the algorithm. It is possible thatthis is the interpretation intended by Hu and Wellman(1998) as formalized in the following theorem.Theorem 3 Under Conditions A+ or B+, Nash-Q
onverges to a Nash equilibrium as long as all equilibriaen
ountered during learning are unique.Another approa
h to guaranteeing update 
onsisten
yis to ensure that the learning algorithm knows pre-
isely whi
h type of equilibrium to use in value up-dates. This approa
h requires weaker assumptionsthan Theorem 3, but demands that the learning algo-rithm be informed in advan
e as to whi
h equilibriumtype to use in all value updates. This requirement isformalized in the following theorem.Theorem 4 Under Conditions A+ or B+, Nash-Q
onverges to a Nash equilibrium as long as the 
orre-sponding equilibrium type is always used in Equation 6.3. Friend-or-Foe Q-learningFriend-or-Foe Q-learning (FFQ) is motivated by theidea that the 
onditions of Theorem 3 are too stri
t be-
ause of the requirements it pla
es on the intermediatevalues of learning. The 
onditions of Theorem 4 aremore realisti
|as long as we let the algorithm know



what kind of opponent1 to expe
t: \friend" (
oordi-nation equilibrium) or \foe" (adversarial equilibrium).However, given this additional information about itsopponents, a more dire
t learning algorithm suÆ
es,as des
ribed next.For simpli
ity, this se
tion des
ribes the two-playerversion of FFQ from the perspe
tive of player 1. InFFQ, the learner maintains a Q fun
tion only for it-self. The update performed is Equation 6 withNash1(s;Q1; Q2) = maxa12A1;a22A2Q1[s; a1; a2℄ (7)if the opponent is 
onsidered a friend andNash1(s;Q1; Q2) = max�2�(A1) mina22A2 Xa12A1 �(a1)Q1[s; a1; a2℄(8)if the opponent is 
onsidered a foe. Equation 7 is justordinary Q-learning in the 
ombined a
tion spa
e ofthe two players. Equation 8 is minimax-Q and 
an beimplemented via a straightforward linear program.For 
ompleteness, the following is FFQ's repla
ementfor the Nash fun
tion in n-player games. Let X1through Xk be the a
tions available to the k friends ofplayer i and Y1 through Yl be the a
tions available toits l foes. Then, the value for a state is 
al
ulated asNashi(s;Q1; : : : ; Qn) =max�2�(X1�����Xk) miny1;:::;yl2Y1�����Yl Xx1;:::;xk2X1�����Xk�(x1) � � ��(xk)Qi[s; x1; : : : ; xk ; y1; : : : ; yl℄:The idea is simply that i's friends are assumed to worktogether to maximize i's value, while i's foes are work-ing together to minimize i's value. Thus, n-player FFQtreats any game as a two-player zero-sum game withan extended a
tion set.Theorem 5 Friend-or-foe Q-learning 
onverges.The theorem follows from the 
onvergen
e of minimax-Q. Of 
ourse, the standard assumptions on learningrates are required. In brief, Littman and Szepesv�ari(1996) showed that the following non-expansion 
on-dition is suÆ
ient to guarantee 
onvergen
e: for allQ1, Q01, and s,jNash1(s;Q1; : : :)� Nash1(s;Q01; : : :)j �maxa1;a2 jQ1(s; a1; a2)�Q01(s; a1; a2)j:1For la
k of a better word, this paper uses \opponent"to refer to the other player, independent of whether it a
tsin an oppositional manner.

This 
ondition holds when Nash is max or minimax; itdoes not hold for the general Nash fun
tion.In general, the values learned by FFQ will not 
orre-spond to those of any Nash equilibrium poli
y. How-ever, there are spe
ial 
ases in whi
h it will. LetFriend-Q denote FFQ assuming all opponents arefriends and Foe-Q denote FFQ assuming all its oppo-nents are foes. We have the following theorem, parallelto Theorem 4.Theorem 6 Foe-Q learns values for a Nash equilib-rium poli
y if the game has an adversarial equilibrium(Condition A) and Friend-Q learns values for a Nashequilibrium poli
y if the game has a 
oordination equi-librium (Condition B). This is true regardless of op-ponent behavior.Proof: Be
ause of the 
onne
tion between equilibriain Markov games and one-stage games mentioned inSe
tion 1.2, it is suÆ
ient to show that the value ofa 
oordination equilibrium in a one-stage game is themaximum payo� (true by de�nition) and that value ofan adversarial equilibrium in a one-stage game is theminimax value (shown next).Let R1; : : : ; Rn be the payo�s in a one-stage game. Let�1; : : : ; �n be one-stage poli
ies that a
hieve the mini-max value for player 1 (assuming all other players a
tas a team). Thus, R1(�1; : : : ; �n) � R1(�01; �2; : : : ; �n)and R1(�1; : : : ; �n) � R1(�1; �02; : : : ; �0n) for arbitraryone-stage poli
y �01 and set of poli
ies �02; : : : ; �0n. Let�1; : : : ; �n be a set of one-stage poli
ies in adversarialequilibrium. Compare the expe
ted payo� to player 1under � and �:R1(�1; : : : ; �n) � R1(�01; �2; : : : ; �n)= R1(�1; �02; : : : ; �0n)� R1(�1; : : : ; �n):The �rst inequality follows from the fa
t that �1is minimax, the equality from taking �01 = �1 and�02; : : : ; �0n = �2; : : : ; �n, and the se
ond inequalityfrom Equation 2.Similarly, we haveR1(�1; : : : ; �n) � R1(�01; �2; : : : ; �n)= R1(�1; �02; : : : ; �0n)� R1(�1; : : : ; �n):The �rst inequality follows from Equation 1, the equal-ity from taking �01 = �1 and �02; : : : ; �0n = �2; : : : ; �n,and the se
ond inequality be
ause �1 is minimax.Thus, the value of an adversarial equilibrium for aplayer 
an be found by a minimax 
al
ulation usingonly its own payo�s.



Regardless of the game, there is an interpretation tothe values learned by Foe-Q.Theorem 7 Foe-Q learns a Q fun
tion whose 
orre-sponding poli
y will a
hieve at least the learned values,regardless of the opponent's sele
ted poli
y.This is a straightforward 
onsequen
e of the use ofminimax in the update rule of Foe-Q.4. ExamplesThis se
tion des
ribes the behavior of FFQ and Nash-Q in two simple 2-player games. Sin
e FFQ's 
onver-gen
e is guaranteed, idealized results are given; empir-i
al results are 
ited for Nash-Q. The games are de-s
ribed by Hu and Wellman (2000) and are depi
tedin Figure 1. In both games, the players 
an move si-multaneously in the four 
ompass dire
tions. Hittinga wall is a no-op. The �rst player to rea
h its goalre
eives 100 points. In the event of a tie, both playersare rewarded (non-zero sum). If two players 
ollide(try to enter the same grid position), ea
h re
eives �1and no motion o

urs.In grid game 1, both players 
an re
eive their max-imum s
ore. However, sin
e their paths must 
ross,they need to 
oordinate to ensure that they don't 
ol-lide. The game has several non-trivial 
oordinationequilibria 
orresponding to the dire
t, 
ollision-freepaths for the two players. Nash-Q 
onsistently learns
orre
t values in this game (Hu & Wellman, 2000).A Friend-Q learner �nds the same values as Nash-Q.Both Nash-Q and Friend-Q have the diÆ
ulty that theexisten
e of equal-valued non-
ompatible 
oordinationequilibria means that it is possible that following agreedy poli
y with respe
t to the learned values maynot a
hieve the learned value. For example, it is pos-sible that player A 
hooses E from the start state andplayer B 
hooses W. Although both of these a
tionsare part of 
oordination equilibria and are assignedmaximal value, their 
ombination results in disaster|neither player rea
hes the goal.In grid game 1, a Foe-Q learner will assign a 0 value tothe start state, as the opponent 
an always prevent thelearner from rea
hing its goal. Although it is possiblethat the learner will 
hoose a
tions that will 
ause itto rea
h the goal in a timely fashion (for example,if it 
hooses N-N-W-W and the opponent 
hoosesE-E-N-N), it is just as likely that the learner willsimply remain \
owering" in its initial position whilethe other player 
ompletes the game. However, theworst that a Foe-Q learner will re
eive is 0, 
omparedto the substantial negative value possible of Friend-Q

if non-
ompatible a
tions are sele
ted.Grid game 2 is di�erent in that it possesses neither a
oordination nor an adversarial equilibrium. A playerthat 
hooses to pass through the barrier (heavy linein �gure) gets through with probability 1/2 and risksbeing beaten to the goal half the time by an opponentthat uses the 
enter passage. On the other hand, sin
eboth players 
annot use the 
enter passage simultane-ously, it is not possible for both players to re
eive theirmaximum s
ore. Bowling (2000) found that simple Qlearners 
onsistently identify a Nash equilibrium (oneplayer uses the 
enter passage, the other attempts topass through the barrier). Hu and Wellman (2000)showed that Nash-Q learners will often identify equi-libria, but the probability depended on how the Nashfun
tion was implemented.Friend-Q learns to use the 
enter passage in gridgame 2. Whether this strategy is reasonable or not de-pends on the behavior of the opponent. If both playersare Friend-Q learners, say, both will 
hoose the 
enterpassage to their mutual disadvantage.A Foe-Q learner will avoid the possibility of 
on
i
t inthe 
enter passage by attempting to 
ross the barrier.Half of the time, this will be su

essful regardless ofthe opponent's 
hoi
e of a
tion.In both of these examples, Friend-Q and Foe-Q behavereasonably given their respe
tive assumptions on thebehavior of their opponents. Nevertheless, neither isideal, as dis
ussed in the next se
tion.5. Dis
ussionSimply put, the goal of learning is to maximize ex-pe
ted payo�. In a game, this goal is 
ompli
ated bythe fa
t that opponents 
annot be dire
tly 
ontrolledand may behave a

ording to unknown poli
ies. De-pending on assumptions about opponents' behavior,there are many di�erent ways to approa
h the learn-ing problem.To help explore the spa
e of possible learning strate-gies, 
onsider again grid game 2, des
ribed in the pre-vious se
tion. The most 
riti
al de
ision a player mustmake in the game is in the �rst step, when it de
ideswhether to move to the 
enter (C) or through the bar-rier (B). The game 
an be approximated by the simpleone-stage game de�ned by C BR1 = CB � �100 +100+50 +66 �and R2 = RT1 . This game is known in the game the-
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hi
ken", be
ause the player that isbold enough to use the 
enter passage is the big win-ner, while the \
hi
ken" that goes through the barriers
ores less well. Of 
ourse, pairing o� two 
enter play-ers is a disaster for all parties, as they 
ollide enteringthe 
enter passage.Depending on the opponent fa
ed, the learner 
an ap-proa
h this game in several di�erent ways:worst 
ase opponent: An adversary 
hooses the op-ponent used to evaluate the learner. Foe-Q �nds theoptimal poli
y for this s
enario, whi
h is B. It is ex-tremely pessimisti
, whi
h 
an lead to overly 
onser-vative poli
ies in some games.best 
ase opponent: The opponent will 
hoose a
-tions in a way that bene�ts the learner. This is appro-priate only in purely 
ooperative settings, and is theperspe
tive taken by Friend-Q, whi
h sele
ts C here.unknown �xed opponent: The opponent fa
ed dur-ing learning exe
utes a �xed poli
y, whi
h is usedto evaluate the learning player. Q-learning �nds thebest response|the payo� maximizing poli
y with re-spe
t to the �xed opponent|in this s
enario. Unfortu-nately, Q-learning need not learn an optimal poli
y ifits opponents are not �xed|if they are also Q-learners,for example.Nash opponent: In multiagent learning s
enarios, itis reasonable to imagine that all players will 
ontinueadapting their behavior until they �nd a best responseto the others. Under this assumption, the end resultwill be a Nash equilibrium. Therefore, �nding a Nashequilibrium is a reasonable goal for a learner. How-ever, it is not justi�ed for a player to 
hoose a
tionsa

ording to an arbitrary Nash equilibrium, sin
e thisdoes not maximize payo�. A more sensible approa
h,whi
h has not been well explored, is 
hoosing a Nashequilibrium poli
y that is somehow \
lose" to a best

response to the observed behavior of the opponent.best response opponent: If the learner assumes itsopponents will adopt best response poli
ies to its a
-tions, it 
an 
hoose a poli
y that maximizes its pay-o� under this assumption. Some early explorationsof this approa
h in one-stage games indi
ate that allplayers 
an bene�t in this s
enario (Littman & Stone,2001). By in
luding simple history features, players
an stabilize mutually bene�
ial strategies using the\threat" of aggressive punishment a
tions. For exam-ple, a player 
an propose to alternate between C andB, making it possible for both players to average +75.If the proposal is not a

epted, the player 
an punishthe opponent by exe
uting C. A smart opponent willre
ognize that a

epting this proposal is in its best in-terest. It is a multi-step Nash equilibrium, somewhatlike tit-for-tat in the Prisoner's dilemma.�xed-or-best-response opponent: The opponenttypes listed above 
an be roughly 
ategorized into �xedstrategies and best-response strategies. Another ap-proa
h is to assume opponents belong to one of thesetwo types and to attempt to identify whi
h. Depend-ing on the result, an appropriate learning strategy 
anbe adopted. This seems like a very promising ap-proa
h, and it has not re
eived mu
h attention.Ea
h of these assumptions on opponent type has ben-e�ts and drawba
ks. If there is a single best assump-tion, it has yet to be re
ognized.It is worth mentioning that grid game 2 admits aneven more sophisti
ated strategy in whi
h the C playerstalls until the B player 
lears the barrier. This allowsboth players to re
eive a full payo� of +100 (minusthe small expe
ted penalty 
aused by the delay). Itis possible that human beings would have a diÆ
ulttime learning this poli
y, but it is worth studying thekinds of reasoning required for learning algorithms to
onverge to this kind of mutually bene�
ial behavior.



In a repeated game s
enario, \sharing the wealth" likethis 
an be in a player's self-interest if it prevents otherplayers from be
oming disgruntled and a
ting un
oop-eratively.6. Con
lusionsFriend-or-foe Q-learning (FFQ) provides an approa
hto reinfor
ement learning in general-sum games. LikeNash-Q, it should not be expe
ted to �nd a Nash equi-librium unless either a 
oordination or an adversarialequilibrium exists.Compared to Nash-Q, FFQ does not require learn-ing estimates to the Q fun
tions for opposing players,is easy to implement for multiplayer (n � 2) games,and provides guaranteed 
onvergen
e. An extension ofTheorem 4 shows that it 
an �nd equilibria in a largerange of multiplayer games by mixing friends and foes.In 
ontrast, Nash-Q does not ne
essarily require thatthe agent be told whether it is fa
ing a \friend" or a\foe".Foe-Q provides strong guarantees on the learned pol-i
y, spe
i�
ally that the learner will a
t in a way thatwill a
hieve its learned value independent of its op-ponents' a
tion 
hoi
es. Furthermore, it 
hooses thepoli
y that provides the largest su
h guarantee. Poli-
ies learned by Nash-Q need not have this property.However, Friend-Q's guarantees are 
onsiderablyweaker. Be
ause of the possibility of in
ompatible 
o-ordination equilibria, the learner might not a
hieve itslearned value, even if its opponent is a friend. Nash-Qalso provides no answer to this problem.In addition, neither Nash-Q nor FFQ address the prob-lem of �nding equilibria in 
ases where neither 
oor-dination nor adversarial equilibria exist. These arethe most interesting games of all, sin
e some degreeof 
ompromise is needed|the learner must be willingto a

ept an intermediate out
ome between assumingits opponents will help it a
hieve its maximum valueand assuming the opponents will for
e it to a
hieve itsminimum value. This type of reasoning is mu
h moresubtle and remains to be addressed adequately in the�eld of reinfor
ement learning.A
knowledgementsMi
hael Bowling, Junling Hu, Satinder Singh, PeterStone, and Mi
hael Wellman, and anonymous review-ers provided helpful 
omments during the developmentof this work.
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