MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(1):145—151 [doi: 10.15888/j.cnki.csa.008237] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ETEITNZEEATHNRERLE
G, £ OE, B

(PEBFEREAR KRS B BB SR AR SR, & 230027)

HEE#H: £ 5, E-mail: wangl@ustc.edu.cn

1B T ORIR B SR AL S S AE — RV PR S e R AR T BRI RGN, (N B A 4R 2 B Re R R R A
RAAG I TR S SRS RO P RE. SRIME B 2R 1 2 & stk g s, fﬂﬁﬁ"]%%’?ﬁEWﬁE@%#’Z‘ﬁ_‘?ﬁ$ﬁq&§ﬁﬁ€§‘f§,
T HLRVE AR 1 TCVE DR UE . A SCHE T 2 T8 43 A0 14 22 38 B A4 7 A 20K 82 1 78 P SR IS A6 FE 5% (multi-agent
distributed distributional deep deterministic policy gradient, MA-D4PG), Y4 A 1 BB B\ B £ 5 e I R
TR [ 45 52 1 43 A7 15 2, M8 B PR BB 3115 B IR 8 A AR RS 15 5 BTN Z P TRk, IR m ARt 5IANT
A B A FHE 245 22 36 KR 2 BRI 268 58 35 AR, AT AT BAFE 2 1L FH 5 0, BRI (e 8. Seaeiie i, A
SCHE HH I BEAE 22 AN T A/ B Bl i 1) 22 8 e A 7 38 B B (R AR e ME AN SRR B2, I HLB REAR IR e S BE 0t
(GEINEE b LY 'Y .

KRRIR): 28 Aol R RS2 fE A, 28 Ik, A SN A il

IR R =, £ 5, R GE T 50 A0 1 2 4 B8k o A SR B 5l Ak 2% ) S i L R G0 S ,2022,31(1): 145151 http://www.c-s-
a.org.cn/1003-3254/8237.html

Multi-agent Distributed Deep Reinforcement Learning Algorithm Based on Value Distribution

CHEN Miao-Yun, WANG Lei, SHENG Jie
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract: In recent years, deep reinforcement learning has achieved great success in many sequerftiaf decision-making
problems, which makes it possible to provide effective and optimized decision—rﬁnaking strategies for complex and high-
dimensional multi-agent systems. However, in complex multi-agent scenarios, the existing multi-agent deep
reinforcement learning algorithm has a low continuous convergenc“er speed, and the stability of the algorithm cannot be
guaranteed. Herein, we propose a new multi-agent deep-reinforcement learning algorithm, which is called multi-agent
distributed distributional deep deterministic policy gradient (MA-D4PG). We adapt the idea of value distribution to multi-
agent scenarios and retain the complete distribution information of expected return, so that agents can obtain a more stable
and effective learning signal: We also introduce a multi-step return to improve the stability of the algorithm. In addition,
we use a distributed daia generation framework to decouple empirical data generation and network update for the purpose
of taking full advantage of computing resources to speed up the convergence. Experiments show that the proposed method
has better stability and a higher convergence speed in multiple continuous/discrete controlled multi-agent scenarios and
the decision-making ability of agents has also been significantly enhanced.
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