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Deep MARL has been successful

StarCraft 11 Dota 2 Autonomous Robots
[Mathieu et al., 2021] [Berner et al., 2019] [Chen et al., 2020]



Deep MARL is costly
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Dynamic sparse training

Dense Network Sparse Initialization Link Drop Link Grow

* Drop connections based on magnitudes
» Explore new connections based on gradients [Evci et al., 2020]



Comparison of different sparse training methods.
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RigL [Evcel et al., 2020]
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RLx2 [Tan et al., 2023]
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MAST: our proposed methQSd



Can we train deep MARL agents effectively using
ultra-sparse networks throughout?



Issue 1: Inaccurate learning target (1)
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Generated by sparse value networks.

The expected TD error:
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Existence of a best step length.
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Issue 1: Inaccurate learning target (1)
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Improving the reliability of training targets. .



Issue 1: Inaccurate learning target (2)

Deep MARL algorithms, including QMIX [Rashid et al., 2020], also grapple with the
overestimation problem.
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Reducing overestimation of training targets.




Issue 2: Unstationary data distribution
Multi-Agent
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Transition-level buffer tricks [Banerjee et al., 2022; Tan et al.,
2023] are not feasible in MARL settings, as transitions are in

episode form.
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Issue 2: Unstationary data distribution
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Improving the rationality of sample distribution.
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MAST: Multi-Agent Sparse Training

| | l St
Q1(T ut) Q. (" uf

- }On Policy
Buffer S
Off-Policy
Buffer < Storing Interaction Qtot(rr ut)
4 Mixing Network

Environment

Sampling (of, ut—1) (of, ut 1) (1-2 Z /1”_17}(”) (r,sm, (Q))
i =1
Dual buffers Agent 1 Agent N

TD(A) with Soft Mellowmax

12



Empirical Results

MAST

Total, “FLOPs FLOP2 | Tiny SS SET Rigl. RLx2
Alg. | Env. | Sp. : { : \
Sizel (Train) (Test) | (%) (%) (%) (%) (%) (%)
3m | 95% 0.066k 0.051x 0.050x | 983 91.6 96.0 953 12.1 ' 100.9
O- | 232| 95% 0.062x 0.051x 0.050x | 837 73.0 77.6 694 458 | 98.0
Mix | 3552| 90% 0.109% 0.101x  0.100x | 68.2 340 523 452 50.1  99.0
64* | 90% 0.106k 0.100x 0.100x I| 58.2 402 67.1 487 9.9 97.6
Avg.| 92% 0.086k 0.076x 0.075x | 77.1 59.7 73.2 646 29.8 | 98.9
3m | 90% 0.108x 0.100x 0.100x || 98.3 969 97.8 97.8 98.0 | 98.6
WQ- | 253z| 90% 0.106x 0.100x 0.100x | 89.6 754 859 868 873 | 100.2
M | 3852 | 90% 0.105k 0.100x 0.100x | 70.7 625 560 504 607 ' 96.1
64* | 90% 0.104x 0.100x  0.100x || 51.0 29.6 44.1 410 528 | 98.4
Avg.| 90% 0.106x 0.100x  0.100x | 774 66.1 709 69.0 747 | 98.1
3m | 95% 0.06Gx 0.055x  0.050x | 97.8 956 973 9Ll 979 | 993
253z | 90% 0.111k 0.104x 0.100x | 965 92.8 928 947 940 984
RES | 3s5z| 85% 0.158k 0.154x 0.150x || 95.1 89.0 90.3 928 862 | 99.4
64* | 85% 0.155x 0.151x  0.150x | 83.3 39.1 441 353 727 | 1049
Avg.| 89% 0.122x 0.116x 0.112x | 932 79.1 81.1 785 87.7 . 100.6

* Up to 20x FLOPs reduction for both training and inference
performance degradation

e Less than



Empirical Results
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Empirical Results
Zealots

StarCraft 11 Agent mask visualization
2s3z Map
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Conclusion
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