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ABSTRACT

Communication for multiagent reinforcement learning (MARL) has emerged to promote understanding of an
entire environment. Through communication for MARL, agents can cooperate by choosing the best action
considering not only their surrounding environment but also the entire environment and other agents.
Hence, MARL with communication may outperform conventional MARL. Many communication algorithms
have been proposed to support MARL, but current analyses remain insufficient. This paper presents existing
communication algorithms for MARL according to various criteria such as communication methods, contents,
and restrictions. In addition, we consider several experimental environments that are primarily used to

demonstrate the MARL performance enhanced by communication.
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4. Level Based Foraging
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MARL(Multi-Agent Reinforcement Learning) S
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ACML Actor-Ciritic Message Learner
AME Ablated Message Ensemble
ATOC ATtentional Communication model
BicNet multiagent Bidirectionally-
Coordinated Network
CTDE Centralized Training and
Decentralized Execution
DIAL Differentiable Inter-Agent Learning
ETCNet Event-Triggered Communication
Network
G2ANET  Game abstraction mechanism based
on TWO-stage Attention NETwork
GNN Graph Neural Network
2C Individually Inferred Communication
IMAC Informative Multi-Agent
Communication
LBF Level Based Foraging
MACRL  Multi-Agent Communicative

Reinforcement Learning

MADDPG-M  Multi-Agent Deep Deterministic
Policy Gradient algorithm enhanced
by a communication Medium

MARL Multi-Agent Reinforcement Learning



114

HXpS A SEEA HI382 M4z 2023 8%

MASIA Multi-Agent communication via Self-
supervised Information Aggregation

MLP Multi Layer Perceptron

MPE Multi-agent Particle Environment

NDQ Nearly Decomposable Q-function

RIAL Reinforced Inter-Agent Learning

RNN Recurrent Neural Network

SMAC StarCraft Multi-Agent Challenge

TarMAC  Targeted Muld-Agent
Communication

TJ Traffic Junction

TMC Temporal Message Control

VBC Variance Based Control

WG Weight Generator
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