ETatE SIS RERE I MES] 775 %

s

s 2 SO SEE D B!

L(H E R} B I 52 ARk G d6E 100190)
2(FEEFEBERF bR 101408)

W OFE RSP RS R R W SR T SIE 5 R SRR S5 IO SEAE, R A3 1]
SRR HACRIR MBI ER . 550 IR AR S BAR BREIR RSB IX I R, (Hm BRI TR fn 2 g
S BME, EERAESMERE PRI IR . ASCHEH —Fh T 2 3 Be a2 ST R 3 0508, K IR o0 iRy
LRI RIS FE, SEFRSPUE AN T RAT 5 R R T B M AR ER R, I B = L 4
HAEYEE R, IEETIILGR. S BHITHESE T S22 MR oo RS vk . Bl stk m, A ONEEIg
A Z I A s h IR AR I8, MRF — 35 T AL T 5T 2 3%~ 7%, SE TR AV b i 2 1
W3R, AT BRI A B, OB X R SR LA Tk 127 VAT BRAR RS S AR 1)
TEOL A REARRF BT PR ZEEHIRE /T, RIS RIFINBUARE S EEE R M

KPR B RIEMNEE, FERNMEES, SRiers], BEE MG, SR

FESES  (TP399

Reinforcement Learning-Based Adaptive Mesh Refinement

Method for Multiscale Transport Problems

Zhong Jiahao'*?>  Tang Wenlin' ~ MaRuidi' =~ Peng Xiaodong'

1 (National Space Science Center, Chinese Academy of Sciences, Beijing 100190)
2 (University of Chinese Academy of Sciences, Beijing 101408)

Abstract Multiscale transport processes in the space environment typically involve the coexistence of large-scale
background transport and localized structures with strong gradients, placing high demands on the spatial resolution and
computational efficiency of numerical simulations. Although traditional adaptive mesh refinement techniques can improve
resolution in key regions, they rely heavily on manually defined error indicators and empirical thresholds, resulting in limited
generalization capabilities for complex nonlinear problems. This paper proposes a mesh partitioning method based on
multi-agent reinforcement learning, which models mesh partitioning as a Markov decision process and transforms static mesh
optimization into a sequential decision-making task. Additionally, it constructs a graph-based representation of mesh features,
utilizes a graph attention mechanism to encode neighborhood physical information, and implements collaborative partitioning
decisions across multiple mesh cells within a centralized training and distributed execution framework. Numerical experiments
show that the proposed method achieves superior efficiency metrics in both training scenarios and multi-class generalization test
scenarios, outperforming the best baseline method by approximately 3% to 7% under the same conditions. Statistical tests and
ablation experiments further demonstrate that the proposed method has significant advantages over existing methods, and that all
key modules contribute to the performance improvement. This method maintains good error control even while reducing the
mesh update frequency, demonstrating excellent numerical stability and environmental adaptability.

Keywords Multiscale transport, Adaptive Mesh Refinement, Reinforcement Learning, Graph Attention Network,

Multi-agent
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Fig.4 Comparison of mesh refinement results between the reinforcement learning method and the traditional method.
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Fig.5 Comparison of global error growth curves between
the reinforcement learning method and threshold-based
methods with different refinement step sizes in the training
environment.
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Tab.4 Ablation results of different reinforcement learning

models under 30 random initial conditions.
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Tab.5 Generalization test scenarios.
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Fig.6 Mesh refinement results of the reinforcement learning method under generalization test scenario 1.
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Fig.7 Mesh refinement results of the reinforcement learning method under generalization test scenario 2.
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Fig.8 Mesh refinement results of the reinforcement learning method under generalization test scenario 3.
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Fig.9 Mesh refinement results of the reinforcement learning method under generalization test scenario 4.
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Fig.10 Mesh refinement results of the reinforcement learning method under generalization test scenario 5.
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Table 6 Comparison of efficiency metrics for different AMR methods in the training and generalization test scenarios.

ViRl J7i LlIE5iB 755 whYsl Zies2 eAm3 2ims4 Z2igESs
f:4 AMR  Grad-based  0.73(0.01)  0.57(0.01)  0.59(0.01)  0.62(0.01)  0.69(0.01)  0.55(0.02)
45 AMR ZZ-type 0.77(0.01)  0.61(0.01)  0.61(0.02)  058(0.01)  075(0.01)  0.59(0.01)
4 AMR  Lohner-type  0.81(0.01)  0.70(0.02)  0.63(0.01)  0.60(0.02)  0.72(0.01)  0.66 (0.01)
5% AMR  Kelly-type ~ 0.76(0.01)  0.68(0.01)  0.65(0.01)  0.64(0.01)  073(0.01)  0.63(0.01)

SARL Yang-RL 0.83(0.02)  0.72(0.02)  0.67(0.01)  0.73(0.02)  0.76(0.01)  0.73 (0.01)
MARL MARL 0.89(0.01)  0.75(0.01)  0.69(0.01)  0.77(0.02)  0.79(0.01)  0.75(0.01)
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Tab.7 Paired significance test results between MARL and
Yang-RL.
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