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Abstract the agents have less information to compute their optimal
action. Though some independent reinforcement learning
algorithms have achieved success in the past (Sekaran &
Sen 1994; Weil3 1993) the non-stationary nature of the envi-

We consider a repeated Prisoner's Dilemma game
where two independent learning agents play against
each other. We assume that the players can observe each

others’ action but are oblivious to the payoff received ronment precludes the guarantee of convergence for single
by the other player. Multiagent learning literature has agent reinforcement learning mechanism.

provided mechanisms that allow agents to converge to Claus and Boutilier (Claus & Boutilier 1997) have shown
Nash Equilibrium. In this paper we define a special the dynamics of reinforcement learning in a cooperative
class of learner called a conditional joint action learner game. They described two kind of learners: Independent

(CJAL) who attempts to learn the conditional probabil-
ity of an action taken by the other given its own action
and uses it to decide its next course of action. We prove
that when played against itself, if the payoff structure of

learners and Joint Action learners. An independent learner
assumes the world to be stationary and ignores the pres-
ence of other players. However, a joint action learner

Prisoner's Dilemma game satisfies certain conditions, computes the joint probabilities of different actions take
using a limited exploration technique these agents can by other players and use them to calculate the expected
actually learn to converge to the Pareto optimal solution value of its own actions. Unfortunately, JAL-s do not
that dominates the Nash Equilibrium, while maintaining perform dramatically better than ILs as the Q-values as-
individual rationality. We analytically derive the condi- sociated with the actions of a JAL learner degenerate to
tions for which such a phenomenon can occur and have that learned by an IL learner (Claus & Boutilier 1997;
shown experimental results to support our claim. Mundhe & Sen 1999). We believe that the primary impedi-

ment to JAL's performance improvement is their assumption
that actions of different agents are uncorrelated, whiclots
the case in general. In this paper we present a new learner
Introduction vyhich understand; and tries to use the fact that its own ac-
tions affect the action of other agents. Instead of marginal
The problem of learning in multi agent system has attracted probabilities it uses conditional probabilities of theians
increasing attention in the recent past (Wellman & Hu 1998; taken by other agents given its own actions, to compute the
Hu & Wellman 2003; Littman 1994; Claus & Boutilier  expected value of its action choices. From now on we will
1997, Littman 2001; Matsubara, Noda, & Hiraki 1996; refer to this class of learners as Conditional Joint Action
Bowling & Veloso 2004; Littman & Stone 2001). As a  Learner or CJAL.

result a number of learning mechanisms were discovered | gelf-play, CJAL learners do not to converge to equilib-

which were proved to converge to Nash Equilibrium un- yiym every time. On the other hand, they guarantee conver-
der certain conditions (Hu & Wellman 2003; Littman 1994; gence to a Pareto-optimal outcome under certain restigtio
Conitzer & Sandholm 2003; Littman & Stone 2005; Bowl-  gyer the payoff structure. We in this paper primarily focus
ing & Veloso 2004). However many of these mechanisms  op, the game of prisoner’s dilemma between two players and
assume complete transparency of payoffs for both the play- gerive the conditions for which the players will converge to
ers, which may not be always possible in real environments. 5 pareto optimal solution. We also describe the effect of ex-
Moreover, convergence to Nash Equilibrium was assumed to poration strategy on these conditions. We show that under
be a desirable criteria for these algorithms, which in many ihese restrictions a combination of purely explorative and
cases may not be Pareto-optimal and may lead to poorer pyrely exploitative exploration will always eventuallyalé
payoff for the players. Under imperfect conditions, where g pareto optimality. We have also usedeagreedy strategy

a player can observe the action of all other players but not 5nq derived an upper bound ferabove which agents can
their payoffs the learning problem is even more difficult as peyer converge to Pareto-optimality. We support our theo-
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scribes the Prisoner’s Dilemma game and the CJAL learning
algorithm. In section 3 we prove the conditions for reaching
Pareto-optimality in prisoner’s dilemma for CJAL learners
when played against itself and discuss the effect of explo-
ration on the algorithm. In section 4 we provide experimen-
tal results and finally in section 5 we conclude the paper and
give directions to future work.

CJAL Learning Mechanism
Prisoner’s Dilemma

In a 2-player Prisoner's Dilemma (PD) game, two agents

play against each other where each agent has a choice of two

actions namely, cooperate(C) or defect(D). The bimatrix
form of this single stage game is shown below:

C D
C|RR|ST
D|ITS| PP

and the following inequalities hold:
T>R>P>S

and
2R>T+ S

Under these conditions the dominant strategy for a player
is to defect and so the defect-defect action combination
is a dominant strategy equilibrium and the only Nash
Equilibrium. But this is a Pareto suboptimal solution as
the cooperate-cooperate action combination dominates thi

CJAL Learning

We assume a seéi of 2 agents where each agentc S
has a set of actionl;. The agents repeatedly play a stage
game and in every iteration each agent chooses an action
a; € A;. Let us denote the expected utility of an agent
at time t for an actioru; as E¢(a;). In case of Prisoner’s
DilemmaA; = {C, D} and is same for both the agents.

We now introduce some notations and definitions to build
the framework for CJAL learning. We denote the probability
that agent plays actior; at iterationt asPr;(a;). We also
denote the conditional probability that the other aggmll
play a; given thati*" agent plays:; attimet asPri(a;|a;).
The joint probability of an action paifa;, a;) at timet is
given by Pr.(a;,a;). Each agent maintains a history of in-
teractions at any timeas

Hj

i
U Ty (ai’ aj)
a; EA;
aj;EA;

wheren}(a;, a;) denotes the number of times the joint ac-
tion (a;, a;) being played till time: from the beginning. We

define ‘
Z ny (aiﬂ aj)

aj;€EA;

ni(a;)

Definition 1: A bimatrix game consists of a pair
of Matrices, (Mi,Ms), each of size|A;| x |As]
for a two-agent game, where the payoff of the
ith agent for the joint action(a;,az) is given by
M'Z-(al,ag), V(al,ag) € A x AQ, 1=1,2.

Definition 2: A CJAL learner is an agent i who at any

Nash Equlibrium. So the paradox is, even there exists an time instant chooses an action; € A; with a probability

action-combination which has a better payoff, the players
still chose the suboptimal action combination using indhvi
ual rationality. We claim that under imperfect condition as

described above a CJAL learner when played against itself

can actually find this cooperate-cooperate solution which
maximizes the social welfare and can stick with it given cer-
tain payoff structure (still satisfying the inequalitiegnd
suitable exploration techniques.

In this paper we concentrate on two-player games where

the players play with one another repeatedly and tries to
learn the optimal action choice which maximize their ex-
pected utility. We would like to point out that this prob-
lem is different from a repeated Prisoner’s Dilemma game.

Though the players interact repeatedly, they are unaware

about the duration for which the game will be played. In
other words they ignore the future discounted rewards while
computing their expected utility and choose its optimal ac-
tion only based on the history of interactions they had in the
past. This gaming environment is different from a repeated
Prisoner’s Dilemma problem as dealt by Sandholm et. al
(Sandholm & Crites 1995) where agents use the information
about duration of the game to compute their expected utility
Also note that, the players have no clue that it is a Prissner’
Dilemma game as they are oblivious to each others’ payoffs
and are only interested in maximizing individual payoffs.

fi(Ei(a;)) where
S AEia) =1

a;€EA;
and . A
Bi(ai) = Y Mi(ai,a;)Pri(a;|a;)

a; EAJ-
wherea; is the action taken by the other agent.

Using results from probability theory we can rewrite the
expression for expected utility as

Z Mi(ai7aj)

a;EAJ

If we define the probability of an event as the fraction of
times the event occurred in the past then equation 1 takes the
form

Prt(ai, aj)
Pri(a;)

@)

Ef(a;)

ni—l (ai7 aj)

ni—l(ai)

EZ(QL) = Z ]V[i(ai,aj) *

a;€EA;

)

So, unlike JAL a CJAL learner does not assume that the
probability of the other player’s taking an action is indepe
dent of its own action. A CJAL tries to learn the corre-
lation between its actions and the other agents actions and



uses conditional probability instead of marginal prokiapil and fort > N let

to calculate the expected utility of an action. In other veord . ;

a CJAL learner splits the marginal probability of an action a =arg g?eaﬁ(Et—l(ai))
a; taken by the other player in conditional probabilities :

Pri(ajla;) Va; € A; and considers them as the probability — then,

distribution associated with the joint action event, a;). Pri(a®) =1—¢
An intuitive reasoning behind this choice of probabilitg-di and,

tribution can be obtained by considering each agent’s view- Ya; € A—{a*}
point. Imagine that each agent views this simultaneous move , 6
game as a sequential move game where he is the first one to Pri(a;) = ——

_ a%
move. Then in order to calculate the expected utility of its A —a”|

action it must try to find the probability of the other player’ Analysis of CJAL L earning Dynamics
action given its own action, which is basically the condi- _ . L .
tional probability we described above. In this setting let us intuitively examine the emergent play

We now discuss the learning mechanism used to update N9 behavior for a two-player Prisoners Dilemma game if
the expected utility values. We would like to point out that adents take purely greedy actions £ 0) after the ini-
it would be unreasonable to use a single-agent Q-learning ia/ V_periods. For Prisoners Dilemma we havg =
scheme for CJAL to update the expected utility of its in- 1C> D}, @ = 1,2. Let us also denoté/;(C,C) as R,
dividual actions. Because using single agent Q-learning to Mi(C, D) asS, M;(D, D) as P and M;(D, C) asT. Ini-
estimate payoff from a joint action ignores the correlation Ually both the agent assumes that the other agent have an
among actions of the participating agents and hence will be €dual probability of playing any action. I¥' is sufficiently
similar to the Q-values learned by an independent learner. 1arge then we may assume that aftéiterations all the con-
Instead we use a joint action Q-learning for CJAL to es- ditional probab|I|t|§JerW|Il be close to 1T/§'P So for both the
timate the expected utilities associated with differemtjo ~ 298MsEN(C) = 552 and Ex (D) = —5=. Under Pris-
actions. oner’s Dilemma conditions theR’, (D) > E};(C). There-
So we rewrite the equation 2 as: fore, both the agents will start playing actidh Now as
( ) they play actiorD , Pr}(C|D) will tend to 0 andPr}(D|D)
i _ i ni(ai, a; will tend to 1. However thePri(C|D) and Pri(C|C) will
Bila) = ) Qilena)x = s @) still remain ast. So eventually e e>)(pected Htitied will be
€45 Ei(C) = (S+R)/2andE;(D) = P
where Now if &5 > P, then the agents will start playing
NN o Ny o C'. As they both start playing’' the Pr;(C|C) will reach
Qy(ai,a;) = Qy_1(a;,aj) + a(M;(a;, a;) Qt—l(az,a](z-)) 1 and Pri(D|C) will reach 0. So novi/J(E‘i(ng _ R and

« being the learning rate. Note that, if the reward associated arZiEjDr?erTc eP W|I'IA(S: (ijler 1; Egega\’r\ggli ng‘g&;‘e t?n ng)s/e(r:\ce
with a particular joint action is deterministic (which iseth 9 P . '

case for Prisoner’s Dilemma game we consider) equation 3 € agents will learn with time that even though stax€’
degenerates to equation 2. So from now on in our analy- is very lucrative and staté€'D is equally unattractive, they

sis we will use equation 2 as the equation used to calculate are alm-ost impossible ’to reach and wil pIé;SC instead,
expected utility. reinforcing each others’ trust on cooperation.

Unfortunately, the scenario is not so simple it 0. We
show below that there exist afy s.t. fore > ¢y, CC can

Dynamics of CJAL L earning never be achieved. We prove these results below.

Now that we've described the learning mechanism, we try

to capture the dynamics of such a mechanism when played  Theroem 1: If the agents randomly explore for a finite
against itself. We consider two CJAL learner’s to play the time interval N and then adopt are greedy exploration
Prisoner’s Dilemma game against each other. We try to pre- technique then there exists ap such that fore > e
dict analytically the sequence of actions they would take CJAl can never converge to Pareto-optimality in a game of
with time. Prisoner’s Dilemma.

Exploration Techniques Theorem 2: If the agents randomly explore for a finite
We use a combination of explorative and exploitative explo- time interval N and then adopts a complete greedy explo-
ration technigques in this paper. We assume that the agentsration technique { = 0) then CJAL will always converge
explore each action randomly for some initial time periods to Pareto-optimality if(R + S) > 2P for a Prisoner’s

N and then uses attgreedy exploration. Mathematically,  Dilemma game.

Viel,2and
Ya; € A; Proof: Let us assume that out @f initial interactions
ift < N each of the four joint actions has been pIay%dtimes
Pri(a:) = 1 (which is a fair assumption iV is sufficiently large). So the
t\") —

|A;] agents will playC' with probabilitye and D with probability
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Figure 1: Plot ofp(e) with number of iteration

(1 —€) asEY (D) > E4(C) . We observe that expected
values forn}(a;, a;) attimet is ¢t x Pri(a;,a;). Using the
notations given in section 2 at any time instant N + n
the expected value of the acti@rn and D will then be re-
spectively:

N 2 N
, = + ne 2 4+ ne(l —e)
E; c)=4 4 S 5
N+n( ) % + ne % + ne ( )
Similarly,
B(D) = M a el
’ Ntn(l—e) =)

Let us now define a function
¢(e) = E{(C) — E{(D)

Now the agents will choos€ if lim,_(¢(¢)) is positive.
which gives us:

n (P+T)—(R+9)
N( 3 (7)

Now RHS of inequality 7 is a positive constant under the
inequalities of Prisoner’s Dilemma and LHS is an increasing
function inn. So LHS will eventually be larger if,

R+S>2P

R+S—2P) >

8

which we stated as the condition in Theorem 2.
Now let us observe the nature ¢fe¢) as we increase,
noting that the maximum value efis 0.5,

. (R+8)— (P +D)
Jim (é(€)) = 5

9)

which is always negative for all valuesof R, S, T', P under
the conditions of Prisoner’s Dilemma.

From equations 7,
€0, 0 < ¢g < 0.5 s.tfore > ¢y expected utility for co-

9 we conclude there exists some

CJAL will never reach Pareto-optimality, which is the claim
of Theorem 1. _
Now if € < ¢, Let us assume after iterationsE;, (C)

supersede®’, (D). At this point(N + ng) an agent will
chooseD with probability e and C' with probability 1 — e.
So afterN + ng + n iterations the expected utilities will be:
E]iV+no+n(C) =
T +nge? +n(l—e)?
L +noe+n(l—ce)
N X+ noe(l —€) +n(e)(1 —e)
¥ +noe+n(l—e

S (10)

E§V+n0+n(D) =
T +no(1 —€)?) + ne?
L +ne+no(l—e)
N X+ noe(l—€) +n(e)(1 —e)
% —|—ne+n0(1 — 6)

T (11)

Substitutinge = 0 in equations 10, 11, we observe that

N
_atn

N

i = +n

E;V«kn +n(0)_ N 3
0 5 +n

N
2 Tn

R+ S

and ' _
E;\/+n0+n(D) = E?V-&-ng (D)

Now under the conditions of Prisoner's Dilemma,
EN tny+n(C) 1s an increasing function inn. So
ENingin(C) will continue to be greater than
ENtno+n(D), which is the second claim of Theorem
2

We plot ¢(¢) for 0.011 < e < 0.101, varying n from O
to 1000 shown in figure 1 andfdk = 3, S =0, T =
5, P = 1. We observe thap(¢) decreases with increasing
values ofe and is always negative whenis greater than
some particular value.

Experimental Results

In our experiments we allow two CJAL learners play a Pris-
oner’s Dilemma game repeatedly. Each agent has two ac-
tion choices: cooperate or defect. Agents keep count of all
the actions played to compute the conditional probakilitie
and update their beliefs after every iteration. We expentme
with different values forR, S, T, P and used two different
exploration techniques namely:

1. Choosing actions randomly for fir3t iterations and then
always choose action with highest estimated payoff.

2. Choosing actions randomly for firdf iterations anck-
greedy exploration thereafter. i.e. explore randomly with
probability e, otherwise choose action with highest esti-
mated payoff. We take the value of N as 400.

We use payoff values such th@t-S > 2P, R=3, S =
0, T =5, P = 1. We plot the expected utilities of two

operation can never supersede the utility of defect. Hence, actions against the number of iterations in Figure 2. We also
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compared in Figure 3 the values of four different conditiona ) ] o
probabilities mentioned in section 2 and how they vary with number of iterations. The results are shown in Figure
time. We observe from Figure 3 that as the players continue 4. Here we observe due to the conditiGh+ S < 2P,

to play defect the probabilities dPr(D|D) increases, but ~ though expected utility of defect reduces to the payoff
this in turn reduces the expected utility of taking action ©Of defect-defect configuration, it still supersedes the ex-
D where asPr(C|C) and Pr(D|C) remain unchanged. pected utility for cooperation. Hence the agents choose
This phenomena is evident from figure 3 and 2. Around to defect and the system converges to the Nash Equlllbrlum.
iteration number 1000, expected utility bffalls below that

of C' and so the agents starts cooperating. As they cooperate |n our final experiment we use the second exploration
Pr(C|C) increases an@r(D|C) decreases. Consequently, technique taking epsilon value as 0.1 and the same payoff
the expected value for cooperating also increases, ang&henc configuration as the first experiment. The results are plot-
the agents continue to cooperate. ted in figure 5. We observe that though the expected value
of defecting reaches below the vaIue%j—S, due to explo-
In the next experiment we continue using the first ration, Pr(D]|C) also increases, which effectively reduces
exploration technique but choose the payoff values such the expected utility of cooperation. In effect, players find

thatR+S < 2P(R =3, S =0,T =5, P =2). more attractive to play defect, and hence converge to defect
We plot the expected utilities of two actions against the defect option.



Conclusion and Future Work

We described a conditional joint action learning mecha-
nism and analyzed its performance for a 2-player Prisoner’s
Dilemma Game. Our idea is motivated by the fact that in
a multi-agent setting a learner must realize that he is also
a part of the environment and his action choices influence
the action choices of other agents. We showed both ex-
perimentally and analytically that when played againsgtiits
under certain restriction on the payoff structure it leaims
converge to Pareto-optimality using limited exploratiam

the other hand IL or JAL converges to the Nash-equilibrium
which is a non-Pareto outcome. We also theoretically de-
rived the conditions for which such a phenomena may occur.
In future work, we would like to observe the impact of CJAL
for n-person general sum games to deduce the conditions for
reaching Pareto-optimality using this learning mechanism
We would also like to observe the performance of CJAL in
presence of other strategies such as tit-for-tat, JAL astl be
response strategies, which does not assume transparency on
opponent’s payoff.
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