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ABSTRACT

The Study of Policy Optimization Algorithms in Cooperative MARL

Kefan Su (computer application technology)

Directed by Lu Zongqing

ABSTRACT

Reinforcement learning (RL), a machine learning method that learns from interaction
and experience, has achieved many breakthroughs in practical applications such as Go, game
Al, and aligning large language models with human feedback. As research in reinforcement
learning deepens, multi-agent reinforcement learning has gradually become focused, with co-
operative multi-agent reinforcement learning being a significant setting in this field. Many
decision-making and control tasks in the real world require multiple agents to collaborate, such
as autonomous driving and intelligent transportation systems. Compared with single-agent RL,
cooperative MARL primarily faces the challenge of environmental non-stationarity - mutual
interference caused by simultaneous policy learning among multiple agents. This challenge
directly results in difficulty in policy convergence, severely affect both policy stability and
performance.

This thesis investigates the design of policy optimization objectives to address environ-
mental non-stationarity, ensure policy convergence, and enhance agents’ performances in co-
operative MARL tasks. Through optimization objective design, this thesis aim to coordinate
agents’ policy learning under unified guidance, thereby achieving effective cooperation and
guaranteed convergence. Current cooperative MARL algorithms can be categorized into two
paradigms based on execution-training patterns: Centralized Training with Decentralized Ex-
ecution (CTDE) and Decentralized Training with Decentralized Execution (DTDE) or fully
decentralized Learning. CTDE permits centralized information exchange (e.g., centralized
value functions, communication, parameter sharing) during training, whereas fully decentral-
ized methods prohibit all inter-agent communication throughout both training and execution.
Although more challenging, the fully decentralized paradigm can be applied in broader prac-
tical scenarios.

For both paradigms, this thesis propose multi-agent policy optimization algorithms with
convergence guarantees to improve agents’ performances in cooperative tasks. For the CTDE

paradigm, this thesis introduce regularization terms into policy optimization objectives, en-
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hancing both exploration capability and sampling efficiency while ensuring convergence. For
the fully decentralized paradigm, this thesis develop convergence-guaranteed algorithms through
alternating update mechanisms and surrogate objectives, achieving policy convergence and
performance improvement under both alternating and synchronous update modes. Further-
more, we explore practical applications of fully decentralized algorithms. The main innova-

tions include four aspects:

First, in CTDE scenarios, inspired by entropy regularization in single-agent RL, we pro-
pose divergence-based regularization for cooperative MARL. This thesis theoretically ana-
lyze properties of the modified Markov Decision Process (MDP) and develop corresponding
policy optimization algorithms with proven monotonic convergence. Unlike existing policy
gradient-based CTDE methods limited to on-policy updates (even with off-policy correction
techniques), this algorithm enables off-policy updates through novel policy iteration design.
Experimental results demonstrate its universal compatibility with various baseline methods

and validate theoretical properties.

Second, for fully decentralized scenarios, this thesis proposes an alternating policy opti-
mization algorithm that ensures convergence through alternating value function updates while
being able to be completed in the fully decentralized condition. The relationship between itera-
tion errors and update counts is established in this thesis, deriving optimal iteration numbers for
maximal policy improvement. Experiments confirm the superiority of this alternating policy

optimization algorithm over baseline methods.

Third, to address the high sample complexity of alternating updates, this thesis develops
a synchronous policy optimization algorithm using surrogate objectives. By deriving novel
lower bounds for monotonic policy improvement, this thesis enables decentralized indepen-
dent optimization while guaranteeing convergence. Experimental results validate its advan-
tages over heuristic methods. To address trivial updates caused by estimation errors, this thesis
proposes an f-divergence policy optimization framework with theoretical guarantees. Based
on this framework, a novel convergence-guaranteed algorithm with less estimation errors is

proposed and verified by empirical results in experiments.

Finally, recognizing the practical need for decision-making under decentralized condi-
tions in many applications, this thesis construct a realistic simulation environment using Markov
Decision Processes (MDPs) for online advertising’s auto-bidding scenario - a typical fully de-
centralized decision-making problem. Enhanced by deep generative models, the similarity be-

tween the simulation environment and real-world application is improved. This environment
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conducts systematic evaluation of decentralized algorithms, further verifying our methods’ ef-
fectiveness.

This work provides convergence-guaranteed algorithms for both CTDE and fully decen-
tralized cooperative MARL scenarios, systematically evaluating their performance improve-
ments. It offers substantial support for future research, particularly in addressing remaining
challenges like on-policy update limitations in fully decentralized paradigms to develop higher-

efficiency convergent algorithms.

KEY WORDS: Multi-Agent Reinforcement Learning, Cooperation, fully decentralized learn-

ing, independent policy optimization



