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ABSTRACT

Learning to converge to an efficient, i.e., Pareto-optimal Nash equi-
librium of the repeated game is an open problem in multiagent
learning. Our goal is to facilitate the learning of efficient out-
comes in repeated plays of incomplete information games when
only opponent’s actions but not its payoffs are observable. We use
a two-stage protocol that allows a player to unilaterally commit to
an action, allowing the other player to choose an action knowing
the action chosen by the committed player. The motivation behind
commitment is to promote trust between the players and prevent
them from mutually harmful choices made to preclude worst-case
outcomes. Our agents learn whether commitment is beneficial or
not. Interestingly, the decision to commit can be thought of as ex-
panding the action space and our proposed protocol can be incor-
porated by any learning strategies used for playing repeated games.
We show the improvement of the outcome efficiency of standard
learning algorithms when using our proposed commitment proto-
col. We propose convergence to pareto optimal Nash equilibrium of
repeated games as desirable learning outcomes. The performance
evaluation in this paper uses a similarly motivated metric that mea-
sures the percentage of Nash equilibria for repated games that dom-
inate the observed outcome.
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1. INTRODUCTION

A rational agent, playing in iterated stage games, should max-
imize long-term utility. In a two-player, general-sum game, this
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means that the players need to systematically explore the joint ac-
tion space before settling on an action combination. Reinforce-
ment learning schemes, and in particular, Q-learning [6], have been
widely used in single-agent learning situations. In the context of
multi-player games, if one agent plays a stationary strategy, the
stochastic game becomes an MDP and techniques like Q-learning
can be used to learn to play an optimal response against such a
static opponent. When two agents learn to play concurrently, how-
ever, the stationary assumption does not hold any longer, and Q-
learning is not guaranteed to converge in self play. In such cases,
researchers have focused on convergence to Nash equilibrium (NE)
in self-play, where each player is playing a best response to the op-
ponent strategy and does not have any incentive to deviate from his
strategy.

Convergence is a desirable property in multiagent systems, but
converging just to any NE is not the preferred outcome since NE is
not guaranteed to be Pareto optimal (an outcome is Pareto optimal
if no agent can improve its payoff without decreasing its opponent’s
payoff). For example, the widely studied Prisoner’s Dilemma game
(PD) has a single pure strategy NE that is defect-defect, which is
dominated by the cooperate-cooperate outcome. A Pareto Optimal
outcome may not be appealing to players if that outcome is also not
a NE, i.e., there might be incentives for one agent to deviate and
obtain higher payoff. For example, each agent has the incentive to
deviate from the cooperate-cooperate Pareto optima in PD.

In repeated games, folk theorems[3] ensure that, when players
are “patient enough”, any payoff dominating a reservation payoff
can be sustained by a NE. Hence, in repeated games, there are
Pareto Optimal outcomes that are also NE outcomes. It is evident
that the primary goal of a rational agent, learning or otherwise, is
to maximize utility. Though we, as system designers, want con-
vergence and corresponding system stability, those considerations
are necessarily secondary for a rational agent. The question then
is what kind of outcomes are preferable for agents engaged in re-
peated interactions with an uncertain horizon, i.e., without knowl-
edge of how many future interactions will happen. We believe that
the goal of learning agents in repeated self-play with an uncer-
tain horizon should be to reach a Pareto-optimal Nash equilibria
(PONE).

We are interested in developing mechanisms by which agents can
produce PONE outcomes. [4] provides a solution under complete
knowledge. This assumption is unrealistic in most cases: oppo-
nent valuation is in general intrinsic and private. Moreover, payoff
communication opens the door for deceptive behavior. Hence, we
believe that not observing the opponent payoff is a more realistic
assumption. We are interested in two-person, general-sum games
where each agent only gets to observe its own payoff and the action
played by the opponent, but opponent’s payoff is unknown. Under



these conditions, it may be difficult to guarantee convergence to a
PONE. In order to compare the performance of different algorithms
that are trying to converge to a PONE, we introduce a new metric:
given an outcome of the game, the metric relates to the relative
number of states dominating the current outcome.

2. COMMITMENT

We now present our proposed commitment protocol that can be
added onto any stage game playing algorithm. The motivation be-
hind the protocol is for agents to improve payoffs by building trust
via up-front commitment to “cooperating” moves that can be mu-
tually beneficial, e.g., a cooperate move in PD. If the opponent my-
opically chooses an exploitative action, e.g., a defect move in PD,
the initiating agent would be less likely to repeat such cooperation
commitments, leading to outcomes that are less desirable to both
parties than mutual cooperation. But if the opponent resists the
temptation to exploit and responds cooperatively, then such mutu-
ally beneficial cooperation can be sustained.

We build on the simultaneous revelation protocol [5]. Agents
repeatedly play an n X n bimatrix game. At each iteration of the
game, each player first announces whether or not it wants to commit
to an action. If both players want to commit at the same time,
one is chosen randomly. If no player decides to commit, then both
players simultaneously announce their action, as in the traditional
simultaneous play protocol. When one player commits to an action,
the other can choose any action given its opponent’s action. Each
agent can observe which agent actually revealed, and which action
the opponent played. In this paper, agents play best response action
to opponent’s committed action.
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Figure 1: Game tree for a two-action game.

Such games can be represented by game trees, e.g., Figure 1
presents the tree for a two-action game. In the initial state, the
agents have n 4 1 actions: it can plan to commit to any of the n ac-
tions of the game, or decide not to commit. The transition from the
root of the tree depends on the decision of the opponent. The com-
mit states are reached when the player commits and the opponent
does not, or when both players are willing to commit, but the player
wins the toss. From the commit state, no further decision is needed,
and the payoft received depends on the play of the opponent. When
the player decides not to commit, the transition can lead to any one
of the n states where the opponent commits or to the state where
no players is willing to commit. In both cases, the player has n ac-
tions available. From the opp commit states, the transition depends
only on the current players’ decision. From the state where there
is no commitment, the transition also depends on the opponent de-
cision. Any multiagent learning algorithm can be used to estimate
the utility of different actions, including the commitment actions,
from repeated play against an opponent.

Compared to NE outcome of a traditional protocol, the NE out-
come with the commit protocol may differ. We hypothesize that,
under rational play, the outcome of a game played with the com-

mit protocol is not strictly dominated by the outcome of the game
played with the traditional protocol. Assume that players are in a
NE of the stage game and are provided the opportunity to com-
mit. A player ¢ commits only when it is beneficial, hence get-
ting a higher payoff. If the other player j is improving due to the
commitment, both players improve their respective payoffs. Else,
J’s payoffs is worse. In this case, j may improve by committing,
which might decrease i’s payoff. If on average both players’ pay-
offs decrease, the players will ultimately learn not to reveal. When ¢
commits and j cannot improve its payoff by committing, e.g. com-
mitting to any action yields a lesser payoff, the players reached a
different equilibrium (z improves and j is worse off but there is
no dominance). In any case, players should only benefit from the
commit protocol.

3. RESULTS

We compared the use of the commit protocol with the traditional
protocol of simultaneous play on various set of matrices. Any tradi-
tional algorithm for game playing can be used in combination with
the commit protocol. We chose to use WoLF-PHC' (Win or Learn
Fast - policy hill climbing) [1] as the learning algorithm. The algo-
rithm learns mixed strategy and is guaranteed to converge to a NE
in a 2-person, 2-actions repeated game.

3.1 Metric

To compare the equilibrium outcomes, we can use the concept
of dominance. However, when there is no dominance between the
outcomes, additional metrics are needed. Investigating the sum of
the payoff of the player (a measure of the social welfare), or the
product of the payoff (a measure of fairness) provides insight to
the equilibrium properties of the learning algorithms. Another ap-
proach is to consider the number of equilibria that dominate the
current equilibrium: the fewer outcomes that dominate the current
outcome, the closer this outcome is to a Pareto Optimum. The folk
theorems [3] ensure that when an outcome dominates the minimax
outcome, it can be sustained by a NE of the repeated game. For
an outcome z, let d(x) denotes the area containing all points that
dominates z in the payoff space. If d(z) = 0 and = dominates the
minimax outcome, then x is a PONE.

Definition 1. Performance metric of an equilibrium outcome x:

o(x) = =) _ where Tmm 1S the minimax outcome.
d(xvnm)

0(x) represents the proportion of NE outcomes of the repeated
games that dominates x. The smaller 6(x), the better the outcome
z is with respect to convergence to a PONE. When one outcome =
dominates an outcome y, §(x) < d(y). The opposite is not true:
when there is no dominance between = and y, J(z) may be less,
equal, or greater than 6(y).

3.2 Testbed of 2x2 conflicted games

We first use a neutral but extensive testbed of games introduced
by Brams in [2]: the testbed is composed of all possible conflicting
situations that can occur in a two-action two-player game with a
total preference order over the four outcomes of the game. This
testbed represents a wide variety of situations, including often-
studied games like PD, the chicken game, battle of the sexes, etc.
There is no game where agents can simultaneously obtain their
most preferred outcome, which implies that each game represents a
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The games were played over 10,000 iterations, and results were
averaged over 40 runs.
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conflicting situation. There are 57 structurally different 2x2 conflict
games (no two games are identical by renaming the actions or the
players). In five games, the equilibrium reached by WoLF(commit)
strictly dominates the equilibrium reached with WoLF. Three of
them are games where the NE is dominated. The remaining two
are the games where the NE is a mixed strategy NE dominated
by a pure strategy. In nine other games, the outcome obtained by
WoLF(commit) is different than the outcome of the NE of the stage
game played with the traditional protocol, but there is no domi-
nance (one player gains and the other looses). We found that the
use of the commit protocol fails to produce a Pareto optimal so-
lution in only two games, one of which is the prisoner’s dilemma
game.

3.3 Results on randomly generated matrices

As shown in the previous experiments, the structure of some
games can be exploited by the commit protocol to improve the pay-
off of both players. To evaluate the effectiveness of the protocol on
a more general set of matrices, we ran experiments on randomly
generated matrices as in [5]. We generated 1000 matrices of sizes
3x3, 5x5 and 7x7. Each matrix entry is sampled from a uniform
distribution in [0, 1]. We compare the outcome of WoLF(commit)
and WoLF. In the top plot of Figure 2, we plot different areas:
the average area containing all the outcome of NE (i.e. dominat-
ing the minimax outcome), the area that dominates the outcome of
the traditional and the commitment protocol. We first observe that
the minimax outcome is dominated by more outcomes for larger
games, i.e. the space of NE is larger. When we compare with the
area that dominates the outcome found by WoLF we find that the
outcome with the protocol with commitment is dominated by less
outcomes, and the difference increases with the game size. In the
bottom plot of Figure 2, we plot our § metric that provides the per-
centage of sustainable NE of the repeated game that dominates the
outcome of the algorithm. The chart indicates that the outcome
obtained with protocol with commitment is dominated by at most
10% of the possible NE, when the outcome of the traditional simul-
taneous game is dominated by 3 times more NE. This suggests that
the commitment protocol produces more efficient equilibrium than
the traditional simultaneous game protocol.

4. CONCLUSION AND FUTURE WORK

In this paper, we built on a previous algorithm from [5] with the
goal of producing PONE outcomes in repeated single-stage games.
We propose a metric that can be used to measure the quality of an
outcome: it represents the relative number of Nash equilibria of
the repeated game that dominate the outcome reached. Under the
assumption that the opponent payoff matrix is unknown, it might be
difficult to ensure convergence to a PONE. Our proposed metric is
helpful in comparing the relative efficiency of different outcomes.

We experiment with two-player two-action general-sum conflict
games where both agents have the opportunity to commit to an ac-
tion and allow the other agent to respond to it. The opportunity
of revealing its action should not be seen as making a concession
to the opponent, but rather as a means to explore the possibility of
mutually beneficial outcomes. Any learning algorithm can be aug-
mented to incorporate the commit protocol, which improves the
payoffs in most cases: we empirically show that our protocol im-
prove the payoffs obtained by WoLF-PHC in a variety of games.
The experiments also show shortcomings of the current commit-
ment protocol in that it fails to reach PONE outcomes: the primary
reason for this is that a player responds to a commitment with a
myopic best response.

We assume that a player does not know the payoff matrix of the
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Figure 2: Results over randomly generated matrices.

opponent, which makes it difficult to estimate whether the equilib-
rium reached is acceptable for both players. In particular, there are
situations where not playing a best response to a committed action
can be beneficial for both players. To find a non-myopic equilib-
rium, an agent should not be too greedy! Currently, the agents are
learning only their own payoff, and learn to play a best response
to a committed action. We are working on learning action-utility
estimates that incorporates an estimate of the preference of the op-
ponent in the game tree presented in Figure 1. We expect that the
agents will be able to more consistently discover states beneficial
for both learners, and thereby converge to PONE outcomes.
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