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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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U 9�ZOgJ\�� � ; h �-@�t K V�Á @ 9�C - d�� 500 V Æ 1�2 7ýåV��8���= � 9	Z � �r �B�B-´�h A�~Rc&d @ 0

5. [ \ ]
P -i�Æ 7 6�j�º P ]�^ V���C�Æ 7 6�j�º P U 9�+JM�/ @ ,^-H K	LGI � 9	_ Ua` ,�+�J�/ @ 0 - ��B�´�C�P -iÆ 7 6�jº Pcb � ���-V��*��������9	dJeO,9.-+/ @ C'C�J � e 5Q$ B
9�"�Hyh ��@ C h{H-�B�·8¸O9�i* @ 0

Ono
c!��C - � K�L

I � ��fLg�(ORUT���� h�DGF Modular Q-learning
( ¯�° D&B�0

D r DJC
Modular Q-learning

V�� o�p�K�L ��E�(�_�a�/ @ B

´�C�<�= I e�f-9�i+*&����±�²-9%.-+�DGFODJAEX8hJHõXihaj�9
Á @ 0
� - V�C��Â-Ã-V��

Modular Q-learning
({�2kyh-DGB�P� 

i�Æ 7 6�j�º P�b � �����O( ¯�° D`C����±�²&.R+R��HTj#h
�R@�K-L (�o	S T�� / @�- h!V�<�= I e�f�(�� � > þ - h!V
Modular Q-learning
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Modular Q-learning
(!�Jk¾h-DJF�Å � C	Æ 7 6�jº P �����O,

Q-learning
(8n�H-F�H @ 0#D r D`C�P� �i�Æ 7

6�j�º P ]�^ �Cm�Æ 7 6�j�º P �OnLoLp � ,�6��F ]�^ � KL N9�5#�$-9	p � / @ B-´
MDP ]�^ h	D&F5rq� � / @�- h9�V K � H�0<6���F�C���O, K�L NB�As��

Q ; 9�"�Hõh �R@
Q-learning

(8���	AA8n-H @G- hG�8�$V�±O,�t-·�9G @ 0�u$7
�v¸��C - �<6�X � ·�¸�,-gJw�x�V K @ 6�XG,!���	�R( :�w/ @G- h`V�Á @ 0
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