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Attentional Intention and Communication for Multi-agent Learning

YU Wen-Wu"?  YANG Xiao-Ya"? LI Hai-Chang' WANG Rui' HU Xiao-Hui'

Abstract For multi-agent communication and cooperation tasks in partially observable environments, most of the
existing studies only use the information of the hidden layer of the network at the current time, which limits the
source of information. This paper studies how to use team rewards to train a set of independent policies and how to
improve the collaborative performance of independent policies. A multi-agent attentional intention communication
(MAAIC) algorithm is proposed to improve the communication mode, and an intention information module is ad-
ded to expand the source of communication information. The network with the best performance in the history of
an agent is taken as the intention network, from which the policy intention information is extracted. The historical
intention information of the agent that performs best at all times is retained as a vector in chronological order, and
combined with the attention mechanism and current observation history information to extract more effective in-
formation as input for decision-making. The effectiveness of the algorithm is verified by experimental comparison
and analysis on StarCraft multi-agent challenge.
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Fig.5

Experimental results of MAAIC-VDN algorithm on SMAC
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Experimental ablation results of the communication structure
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Table 3 GPU memory cost for different numbers of intention networks based on MAAIC-VDN algorithm (MB)
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Experimental results of intrinsic intention rewards
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Table Bl  Network parameters of MAAIC algorithm
ZH 4 5B B
rnn_hidden_ dim 64 T JR LI F) A T R AR AT S A A48 P, 08 A D) 245 [ B el 2 4
attention_ diml 64 RS BT i 4
attention_ dim2 64 x 8 E2SEN= ALK ILOE S
n_intention 3 = E M2 AN S
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Table B2 Training parameters of MAAIC algorithm in
SMAC
ZH 4 W EAE B
Lr 0.0005 BUR BRI 2 2]
Optim_eps 0.00001 RMSProp JnE| 4> BEE T E{E Fa e
Epsilon 1 R MR
Min__epsilon 0.05 R ARTR A 2
Anneal steps 50000 RREAIR K20 %
Epsilon _anneal scale  step PR R AL 1B k77 =0
N_epoch 20000 VBN R = e
N _episodes 1 BRI RR R 2 H
Evaluate cycle 100 VAl A 9T1A] b
Evaluate _epoch 20 AL
Batch_size 32 WIZRIHEEE R
Buffer _size 5000 AR /N
Target _update cycle 200 EpNEET R ]

Grad_norm_ clip 10 BEREREY, By 146 B AR AE

# C1  MPP 3£ K MAAIC BiR)IZ435

Table C1  Training parameters of MAAIC algorithm in
MPP
ZH 4 wEH Ui B

Training step 3000000 VES -2
Learning rate 0.0005 Adam A2 2] 2R
Replay buffer size 600000 BRCOR IFEAS A it B

Mini-batch size epsilon 32 HEH ST AR AR
Anneal _steps 500000 LR K2
1 HME R R 2L
B 0.5 W) 5 5L
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