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Abstract

Learning behaviors in a multiagent environment is crucial for developing and adapting multiagent syvstems. Feinforce-
ment learmning techniques have addressed this problem for a single agent acting in a stationary environment, which 1s
modeled as a Markov decision process (MDP). But, multiagent environments are mherently non-stationary since the
other agents are free to change their behavior as they also learn and adapt. Stochastic games, first studied in the game
theory community, are a natural extension of MDPs to include multiple agents. In this paper we contribute a compre-
hensive presentation of the relevant techniques for solving stochastic games from both the game theory community and
reinforcement learning communities. We examine the assumptions and limitations of these algornithms, and identify
similarities between these algorithms, single agent reinforcement learners, and basic game theory techniques.
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1 Introduction

The problem of an agent /earning fo act in an unknown world 15 both challenging and interesting. Reinforcement
learning has been successful at finding optimal control policies for a single agent operating in a stationary environment,
specifically a Markov decision process.

Learming to act in multiagent svstems offers additional challenges; see the following surveys [17, 19, 27]. Multiple
agents can be employed to solve a single task, or an agent may be required to perform a task in a world contaiming
other agents, either human, robotic, or software ones. In either case, from an agent’s perspective the world 15 not
stationary. In particular, the behavior of the other agents may change, as they also leam to better perform their tasks.
This type of multiagent nonstationary world creates a difficult problem for learning to act in these environments.

However, this nonstationary scenario can be viewed as a game with multiple plavers. Game theory has aimed at
providing solutions to the problem of selecting optimal actions i multi-plaver environments. In game theory, there
15 an underlying assumption that the players have similar adaptation and leaming abilities. Therefore the actions of
each agent affect the task achievement of the other agents. It seems therefore promising to identify and build upon the
relevant results from game theory towards multiagent reinforcement leaming.

Stochastic games extend the single agent Markov decision process to include multiple agents whose actions all
impact the resulting rewards and next state. They can also be viewed as an extension of game theoryv's simpler notion
of matrix games. Such a view emphasizes the difficulty of finding optimal behavior in stochastic games, since optimal
behavior depends on the behavior of the other agents, and vice versa. This model then serves as a bnidge combimng
notions from game theory and reinforcement leaming.

A comprehensive examination of the multiagent learming techniques for stochastic games does not exist. In this
paper we contribute such an analysis, examining techniques from both game theory and reinforcement leaming. The
analysis both helps to understand existing algorithms as well as being suggestive of areas for future work.

In section 2 we provide the theoretical framework for stochastic games as extensions of both MDPs and matrix
games. Section 3 summarizes algorithms for solving stochastic games from the game theory and reinforcement learn-
g communities. We discuss the assumptions, goals, and limitations of these algorithms. We also taxonomize the
algorithms based on their game theoretic and reinforcement leaming components. Section 4 presents two final algo-
rithms that are based on a different game theoretic mechamism, which address a limitation of the other algorithms.
Section 5 concludes with a brief summary and a discussion of the future work i multiagent reinforcement learning.

2 Theoretical Framework

In this section we setup the framework for stochastic games. We first examine MDPs, which 1s a single-agent, multiple
state framework. We then examine matrix games, which 15 a multiple-agent, single state framework. Fmally we
mtroduce the stochastic game framework which can be seen as the merging of MDPs and matrix games.

2.1 DMarkov Decision Processes

A Markov decision process 15 a tuple, (&5,.A,7T, R), where & 15 a set of states, .4 15 a set of actions, 1’ 15 a transition
function & x A x &5 — |0, 1], and R 15 a reward function & x A — K. The transition function defines a probability
distribution over next states as a function of the current state and the agent’s action. The reward function defines the
reward recerved when selecting an action from the given state. Solving MDPs consists of finding a policy, w : & — A,
which determines the agent’s actions so as to maxumize discounted future reward, with discount factor .

MDPs are the focus of much of the reinforcement learning work [11, 20]. The crucial result that forms the basis
for this work is the existence of a stationary and deterministic policy that is optimal. It 1s such a policy that 1s the target
for RL algorithms.



