wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFFEREMRBHRESERACriticS B IIRBEREE
55 B, BEE

5IAEX

Ef B, BEE. ETREMEERBBEESIEAC iticISERIMIRBREEED]. HETRS
2024, 51(7): 319-326.

WANG Xianwei, FENG Xiang, YU Huiqun. Multi-agent Cooperative Algorithm for Obstacle Clearance
Based on Deep Deterministic PolicyGradient and Attention Critic [J]. Computer Science, 2024, 51(7):
319-326.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)

HNRFABARANETIE SN Z T EEERENENSEICNIESR

Host Anomaly Detection Framework Based on Multifaceted Information Fusion of SemanticFeatures
for System Calls

HENRSE, 2024, 51(7): 380-388. https://doi.org/10.11896/jsjkx.230400023

A SESRERRIBUAIN RS EEE

Text Classification Method Based on Multi Graph Convolution and Hierarchical Pooling

HEMREIEE, 2024, 51(7): 303-309. https://doi.org/10.11896/jsjkx.230400164

ETREFINESNEMSNESEMHMING X
Overlap Event Extraction Method with Language Granularity Fusion Based on Joint Learning

HENRIE, 2024, 51(7): 287-295. https://doi.org/10.11896/jsjkx.230700118

ETF/MRERNB AR TEANEGmRERTTE

Image Captioning Generation Method Based on External Prior and Self-prior Attention

HENRSE, 2024, 51(7): 214-220. https://doi.org/10.11896/jsjkx.230600167

—METFYOLOX_sHIEXH R Bistall 5%
Foggy Weather Object Detection Method Based on YOLOX_ s
IHEHEIE, 2024, 51(7): 206-213. https://doi.org/10.11896/jsjkx.230400086


https://www.jsjkx.com/CN/10.11896/jsjkx.230600129
https://www.jsjkx.com/EN/10.11896/jsjkx.230600129
https://www.jsjkx.com/CN/10.11896/jsjkx.230400023
https://doi.org/10.11896/jsjkx.230400023
https://www.jsjkx.com/CN/10.11896/jsjkx.230400164
https://doi.org/10.11896/jsjkx.230400164
https://www.jsjkx.com/CN/10.11896/jsjkx.230700118
https://doi.org/10.11896/jsjkx.230700118
https://www.jsjkx.com/CN/10.11896/jsjkx.230600167
https://doi.org/10.11896/jsjkx.230600167
https://www.jsjkx.com/CN/10.11896/jsjkx.230400086
https://doi.org/10.11896/jsjkx.230400086

0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 230600129

ETREREERBEESERE N Critic W EREMNEFREE

FERE B A EEE

IR RBEIRFIUHHNAFEIER  LiF 200237

2 LEHREREIRKAAR TS L 200237
(y30211041@mai1. ecust. edu. cn)

W E AR H—ARAMRERAD EFMARGXER L, M RBEFY o F L IERF 2 A AF k2 A TERF 4 P M &Y
H BTk i&#ﬂ*ﬁ,Z%’ﬁ‘é%%’ki&fﬁéFﬁﬁ%(EFﬁ)fﬂ%ﬁ%i'}Tfk#‘%‘éﬁa‘éii,ﬁ;’%éﬁé TR R A E S SR, K,
SRR FEDESERDCEE)R M RARE AT B SHREFTREIT EELBIB TR, AR SRR FREM, P
RBET R JE AR MR e Hh 5 & A Critic 89 % % fe KW B 5 5L 2% (Multi-Agent Cooperative Algorithm for Obsta-
cle Clearance Based on Deep Deterministic Policy Gradient and Attention Critic, MACOC), & 4,81 T 4A £ HiLkth R iFE
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Multi-agent Cooperative Algorithm for Obstacle Clearance Based on Deep Deterministic Policy
Gradient and Attention Critic

WANG Xianwei' , FENG Xiang'* and YU Huiqun'*
1 Department of Computer Science and Engineering, East China University of Science and Technology,Shanghai,200237,China

2 Shanghai Engineering Research Center of Smart Energy,Shanghai,200237,China

Abstract Dynamic obstacles have always been a key factor hindering the development of autonomous navigation for agents. Ob-
stacle avoidance and obstacle clearance are two effective methods to address the issue. In recent years,multi-agent obstacle avoi-
dance(collision avoidance) has been an active research area,and there are numerous excellent multi-agent obstacle avoidance algo-
rithms. However, the problem of multi-agent obstacle clearance remains relatively unknown,and the corresponding algorithms for
multi-agent obstacle clearance are scarce. To address the issue of multi-agent obstacle clearance.a multi-agent cooperative algo-
rithm for obstacle clearance based on deep deterministic policy gradient and attention Critic(MACOC) is proposed. Firstly, the
first multi-agent cooperative environment model for obstacle clearance is created,and the kinematic models of the agents and dy-
namic obstacles are defined. Four simulation environments are constructed based on different numbers of agents and dynamic ob-
stacles. Secondly, the process of obstacle clearance cooperatively by multi-agent is defined as a Markov decision process (MDP)
model. The state space,action spacesand reward function for multi-agent are constructed. Finally,a multi-agent cooperative algo-
rithm for obstacle clearance based on deep deterministic policy gradient and attention critic is proposed,and it is compared with

classical multi-agent algorithms in the simulated environments for obstacle clearance. Experimental results show that, the pro-
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posed MACOC algorithm has a higher success rate in obstacle clearance, faster speed,and better adaptability to complex environ-

ments compared to the compared algorithms.
Keywords

rance, Attention mechanism
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Critic Learning Rate 110+
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Fig. 7 Obstacle clearance process in the simulation environment

of 4 agents vs. 7 intelligent obstacles
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Table 2 Experimental results in four simulate environments of

obstacle clearance(intelligent obstacles)

Scenario Algorithm AER AEL AES

2VS2 MACOC —85.0810.2 42.2240.25 99.78%1+0.18%
2VS2 MAPPO  —91.4941.74  46.15+2.58 98.93% +£1.06%
2VS2 MADDPG —106.37+4.17 50.58+2.15 96.53%+0.57%
3VSs3 MACOC —107.23%+2.67 51.33£1.16 99.52%=+0.09%
3VS3 MAPPO  —122.64+5.96 57.32+3.09 97.51%+0.67%
3VS3 MADDPG —131.61+6.68 61.28+2.51 97.00%+1.52%
3VSs MACOC —156.40%+4.20 76.13£0.78 98.67%=+0.12%
3 VS5 MAPPO  —187.94+6.84 82.71+1.53 92.60% +3.31%
3 VS5 MADDPG —221.15+4.64 90.98+1.70 75.86%+8.27%
4 VS7 MACOC —196.41%+2.33 83.86+0.44 98.26%=+0.30%
4 VS7 MAPPO  —232.97+4.57 91.80+1.15 93.27%+2.16%
1 VS7 MADDPG  —247.01+20.2 95.69+4.16 89.98% +4.79%
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Table 3

Experimental results in four simulate environments of

obstacle clearance(non-intelligent obstacles)

Scenario Algorithm AER AEL AES

2VS2 MACOC  —65.18£0.63  36.29+0.15 99.55%+0.38%
2VS2 MAPPO  —76.64+2.25 40.23+2.52 97.21%+1.01%
2VS2 MADDPG  —87.3343.73  43.22+1.23 94.49%+3.39%
3VS3 MACOC  —72.57%£1.08 40.95+1.27 99.83%=%0.23%
3VS3 MAPPO  —88.66+11.99 44.35+4.25 98.75%+1.82%
3VS3 MADDPG  —93.72+7.69  46.68+2.62 98.42% +1.53%
3 VS5 MACOC —136.12%4.86 64.331+0.44 98.47%10.29%
3 VS5 MAPPO —148.63+15.75 66.24+4.61 97.74%+2.03%
3 VS5 MADDPG —175.76+4.64 75.75+6.02 87.45%+7.15%
4 VS7 MACOC —149.25+8.13 68.91+0.14 98.24%+0.31%
4VS7 MAPPO 167.89+20.53 71.574+0.40 96.18% +2.45%
4VS7 MADDPG —195.72+15.34 84.05+4,37 89.52% +4.76%
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Fig. 8 Convergence graphs of three algorithms in the simulation environment of 4 agents vs. 7 intelligent obstacles
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