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Fig. 1 Framework for autonomous task planning of deep space probes based on multi-agent reinforcement learning
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Fig. 2 Multi-agent proximal policy optimization algorithm with noisy regularized advantage values
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Table 1 Algorithm implementation
Algorithm 1 Noise-MAPPO

Input:Policy Network Parameters 6, Value Network Parameters ¢,exp-

erience pool D« {} ,batch size B,Agent nums N,noise variance o2,

Output: solution;

11 Sample random noisex’ ~ N(0, ¢2), Vi€ N for agent i

2: while step < stepmax do:

3: For i=1 to batch size do:

4 Interact all agents with environment following current policy to
obtain [s,a,r,s’], add to trajectoryT

5: Sample minibatch b from experience pool D

6: End For

If use Noise Advantage-MAPPO:

Add noise value ¢ to each agent according to equation (22)
If use Noise Value-MAPPO:

Add noise value ¢ to each agent according to equation (24)
9: Calculate advantage value A for trajectory T using GAE

10: Calculate reward value R based on trajectory 7

11: Split trajectory 7 into batches and store in experience pool D
12: For each training epochs do:

13: Update Policy network 6 according to equation (17)
14: Update Value network ¢ according to equation (19)
15: End for
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Fig. 3 Multi-agent reinforce learning environment graph for deep space probes
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Table 2 Simulation environment Table 4 Experimental case descriptions
T H [ R EKAE/GB K Ekg BORHE/ (KW-h)  FKHE/s
BAERS Windows 105 JE H1 3L hit 6447 ESII 400 400 400 4000
WS Python3.8.13 ZH2 500 500 500 5000
bF g Intel®Core™i5-10400F CPU @3.60 Hz 23 600 600 600 6000
2k GeForce RTX 2060 SUPER 245l 4 800 800 800 8000
ekES 16GB FBS 1000 1000 1000 10 000
%3 BEMBE ZHl6 2000 2000 2000 20 000
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Fig. 4 Reward values of different algorithms under different cases
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Fig. 9 Gantt chart for asteroid rendezvous and sampling task planning of deep space probes
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Multi-Agent Reinforcement Learning Autonomous Task Planning

for Deep Space Probes

SUN Zeyi', WANG Bin"“, HU Xinyue', XIONG Xin"*, JIN Huaiping"”

(1. Faculty of Information Engineering & Automation, Kunming University of Science & Technology, Kunming 650500, China;
2. Yunnan key Laboratory of Artificial Intelligence, Kunming University of Science & Technology, Kunming 650500, China)

Abstract: To meet the requirements for autonomy, rapidity, and adaptability in the collaborative planning of each subsystem
during the attachment mission of a deep space probe, a collaborative planning strategy based on proximal policy optimization
method and multi-agent reinforcement learning was proposed. By combining the single-agent proximal policy optimization algorithm
with the hybrid collaborative mechanism of multi-agent, a multi-agent autonomous task planning model was designed. The noise-
regularized advantage value ws introduced to solve the problem of overfitting in the collaborative strategy of multi-agent centralized
training. Simulation results show that the multi-agent reinforcement learning collaborative autonomous task planning method can
intelligently optimize the collaboration strategy of small celestial body attachment missions according to real-time environmental
changes, and compared with the previous algorithm, it improves the success rate of task planning and quality of planning
solutions, and shortens the time of task planning.

Keywords: multi-agent reinforcement learning; autonomous task planning of deep space exploration; proximal policy
optimization; small celestial body attachment

Highlights:

e Research has been carried out on multi-constraint requirements in parallel cooperation between multiple subsystems in the mission

planning process for deep space probes.

e A multi-agent reinforcement learning based deep space probe asteroid attachment mission planning method has been proposed.

e Based on the distributed parallel features and multi-constraint properties of various subsystems of the deep space probe, we

propose a multi-agent reinforcement learning coordinated planning strategy based on proximal policy optimization for deep space

probes.

e To address the policy overfitting problems faced in centralized training of multi-agent systems, we introduced a regularization on

policy’s advantage value using noise to optimize the multi-agent coordinated optimization strategy for deep space probes.
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