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Fig. 1 Schematic diagram of task planning method for deep space detectors based on policy gradient reinforcement learning
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Fig. 3 Principle diagram of action output based on policy gradient reinforcement learning method
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Table 3 Examples used in deep space probes

Algorithm 1 An Autonomous Planning Method For Deep Space
Exploration Tasks In Reinforcement Learning Based On Dynamic Rewards
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Fig. 9 Task Gantt chart of each subsystem
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Table 4 Success rate results of 10 experiments

success_num

total_num

(26)

Hoib e success num 3 s A H X O Th 19 Ik #
total_num 7= A H IR SR EL

NG 1 2 3 4 5 6 7 8 9 10 ¥iE
1 0.91 0.86 0.85 0.87 0.91 0.87 0.92 0.93 0.92 0.90 0.89
2 0.90 0.92 0.82 0.89 0.88 0.91 0.90 0.91 0.90 0.86 0.88
L3 0.90 0.92 0.82 0.89 0.92 0.91 0.90 0.91 0.93 0.89 0.89
L504 0.91 0.87 0.88 0.89 0.88 0.91 0.94 0.92 0.93 0.90 0.90
S 0.91 0.87 0.88 0.92 0.87 0.91 0.90 0.89 0.90 0.90 0.89
56 0.82 0.86 0.86 0.93 0.93 0.94 0.91 0.94 0.94 0.95 0.90
LT 0.91 0.90 0.91 0.93 0.92 0.89 0.90 0.91 0.92 0.89 0.90
L8 0.95 0.89 0.91 0.94 0.92 0.93 0.93 0.92 0.89 0.91 0.91
569 0.91 0.92 0.91 0.90 0.92 0.90 0.91 0.92 0.89 0.92 0.91
H10 0.91 0.89 0.83 0.93 0.89 0.89 0.94 0.88 0.94 0.92 0.90
RS 10RZWAIEIRMAX ARER
Table S Single planning time of 10 experiments

HAi7: s
HE 1 2 3 4 5 6 7 8 9 10 ¥l
F2501 0.109 0.111 0.122 0.121 0.117 0.113 0.112 0.132 0.110 0.114 0.116 1
TR 0.116 0.112 0.115 0.110 0.107 0.112 0.109 0.108 0.107 0.112 0.1108
LI63 0.112 0.111 0.111 0.112 0.110 0.111 0.109 0.113 0.109 0.113 0.1111
52464 0.110 0.112 0.113 0.113 0.113 0.106 0.107 0.106 0.111 0.111 0.1102
KIS 0.112 0.113 0.114 0.116 0.116 0.119 0.114 0.121 0.116 0.12 0.116 1
L6 0.116 0.111 0.113 0.110 0.112 0.107 0.110 0.108 0.112 0.112 0.1111
ST 0.113 0.113 0.112 0.111 0.113 0.110 0.114 0.108 0.112 0.113 0.1119
K8 0.110 0.109 0.111 0.114 0.110 0.110 0.112 0.110 0.106 0.110 0.1102
L9 0.109 0.107 0.111 0.110 0.112 0.112 0.109 0.109 0.112 0.110 0.110 1
25510 0.112 0.111 0.111 0.111 0.110 0.112 0.115 0.112 0.112 0.112 0.1118
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An Autonomous Planning Method for Deep Space Exploration Tasks in

Reinforcement Learning Based on Dynamic Rewards

MAO Weiyang', WANG Bin"*, LIU Jingxing', XIONG Xin'

(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: Aiming at the characteristics of multi-system parallelism and the need to meet various constraints in the
proceAiming at the characteristics of multi-system parallelism and the need to meet various constraints in the process of autonomous
mission planning of deep space detectors, a reinforcement learning task autonomous planning model construction method for deep
space detectors was proposed based on dynamic rewards, and a deep space detector agent was established. In the interactive
environment, a policy network and a loss function integrating resource constraints, time constraints and timing constraints were
constructed, and a dynamic reward mechanism was proposed to improve the traditional policy gradient learning method. The
simulation results show that the method in this paper could realize autonomous task planning. Compared with the static reward policy
gradient algorithm, the planning success rate and planning efficiency were significantly improved, and the method could start
planning in any state without changing the model structure, which improved the accuracy of the algorithm. This method provides a
new solution for autonomous mission planning and decision-making of deep space probes.

Keywords: deep space exploration; task planning; policy gradient; reinforcement learning; dynamic reward

Highlights:

e A reinforcement learning interactive environment for deep space probe agents is built.

e The traditional policy gradient reinforcement learning method is improved by constructing a loss function which integrates

resource, time and timing constraints for task planning of deep space detectors.
e A dynamic reward mechanism is proposed.

e A deep space exploration task planning model with random initial states is presented.
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