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Figure 1 Multi-agent distributed event-triggered control algorithm architecture based on deep reinforcement learning. (a) Architecture of distributed
event-triggered control in MADDPG algorithm; (b) architecture of distributed event-triggered control.
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Figure 2 Training process of the algorithm.

BOMIEERSS

SR AR IE 1FHUA LA o A 35 A B 4% ) U5 92
i ) 32 B 1 1k B P 3 s

SRR, AEAMA B S K I Rt RE o, A
i 42 ) 75025 RE W LA 30 v A3 SR Pk P S
SHENANILLF-AH [F OB, PRI, 207 5 i [F) 8 347 il
PEREANIE T (5. tAbh, oA U A4 77
I ICSIGE e W] PR TR AR IE S . AL R
BEARAELE, H bRz sh st se B B0 TX )1
FhTIE.

Ko A sCEF A AP0 0T 155 HoRr LR (S L
I A AT LA, S5 R4 FR. SEiRah KR,
A A i e 42 ) AT A AR AN T v A £
A%, DRI AT K27 i RE S B s AL R e 1 1] FRD 3
fEbLH], PRIRIEE A, AR EIRRY, 72

1997



285 SR BE IR SR 3T 1A 22 B e Ak AT T P A A DA

70
BREEE
60 2IMNE B
IEIRRES
50 — FEREES
— B
Q 40 — DERBUMRITE
30
20
10 e
i
0 0.5 1.0 15 2.0 25 3.0 35 4.0
YOS A

B 3 thRzsEEsvkRe g

Figure 3 Comparison of cooperative motion control performance.
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Figure 4 Comparison of communication cost.
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Figure 5 Comparison of reward function curves.
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moments in time.
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Table 3 Comparison of success and collision rates for cooperative motion control task
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Multi-agent distributed event-triggered optimization control based on
deep reinforcement learning
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In order to reduce the communication cost of the multi-agent cooperative control in obstacle environments, this paper designs a
distributed event-triggered optimization control method. The method jointly designs the event-triggered communication mechanism
and control policy, determines the communication triggering conditions, and reduces redundancy in the real-time or cyclic
communication. Meanwhile, in order to avoid collision between the agent with other agents or obstacles, an exponential function-
based collision penalty term is designed to give a penalty exponentially when the agent approaches obstacles or other agents. The
method is applied to the multi-agent deep deterministic policy gradient (MADDPG) algorithm and simulated on the multi-agent
particle environment (MPE) with added obstacles. Simulation results show that this method can complete the collision-free multi-
agent cooperative control task with superior performance while reducing the amount of data transmission.

multi-agent, reinforcement learning, distributed event-triggered control, cooperative motion control
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