
����������	�
�����
����
THE INSTITUTE OF ELECTRONICS,

INFORMATION AND COMMUNICATION ENGINEERS


������
TECHNICAL REPORT OF IEICE.

� � � � ��� � � � � �! " # $&% ' ( )+* ,+- . / 0 1 243+ 5 6 #
798 :<;

† =?> @BA †

† CEDGFIHKJMLONKPKQSRMTEHKNKUWVXCEDGFWY
E-mail: †matsuo@nitech.ac.jp

ZS[]\4^ _a`ObXcGdMegfKhji�kalnmgoOpKqsrgcgdMeKfthjiuqEvxwGy{zS|acGdMeKfthjix}�~X��|{�g���g�����n�t�W���
� |g�O�{rgcGdMeOfghji��S|��g���]�M�t�t�G�S�g�{ g�S¡M���t�B�£¢¥¤t¦S|X§©¨xrXmgotªt«�¬�­��G®x¯O°�±³²I�´�µ�
¶¸·]¹ �©º¼»½���´¾s| ·]¹ ¬�¿GÀG�W�]ÁgÂ¼�X����Ã©Ä�±�ÅK�

Modular Q-learning
�gqar�ÆGÇO|{ÈgÉ©ÊXËE�KÌWÍÎm©oXË

Ï ��¯n°a��� ·]¹ �GÐn���µÑXÒMÓKpKqs�©�G�O�X|��twM¡aÔX¤t¦{lMÁgÂ´¬]Õn�g�
Modular Q-learning

|{mgoaË Ï ¬�Öt×
���]ÁgÂ�¬½ÃgÄK�����
ØXÙWÚ]ÙÜÛ _a`ObacGdMeKfKhjiÝrgkalnmgonr

Modular Q-learning
r©�t�G�O�

Multi-Agent Reinforcement Learning with the Partly High-dimensional

State Space

Kazuyuki FUJITA† and Hiroshi MATSUO†

† Department of Computer Engineering, Nagoya Institute of Technology, Gokiso-cho, Showa-ku, Nagoya,

466-8555, Japan

E-mail: †matsuo@nitech.ac.jp

Abstract In Multi-Agent Reinforcement Learning, each agent observe a state of other agents as a part of environ-

ment. Therefore, the state space is exponential in the number of agents and learning speed significantly decrease.

Modular Q-learning [6] needs very small state space. However, the incomplete observation involves a decline in the

performance. In this paper, we improve Modular Q-learning’s performance with the partly high-dimensional state

space.
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