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Problem statement
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Key idea
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Problem Formulation
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Multi-Agent Advantage Decomposition Theorem
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Loss function for Multi-Agent Transformer
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Results

(a) HalfCheetah (b) CatchOver2Underarm (c) DoorOpenlnward (d) DoorCloseOutward

Figure 3: Demonstrations of the Bi-DexHands and the HalfCheetah environments.
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Figure 4: Performance comparisons on the Multi-Agent MuJoCo and the Bi-DexHands benchmarks.




Results

Table 1: Performance evaluations of win rate and standard deviation on the SMAC benchmark, where UPDeT’s

official codebase supports several Marine-based tasks only.

Task Difficulty | MAT MAT-Dec MAPPO HAPPO QMIX UPDeT | Steps
3m Easy 100.00s  100.0a.n  100.004 100.002 96915  100.052 | Se5
&m Easy 100.0[1.” 97.5(2.5; 96.8(‘2.9; 97.5“.1; 97. 719 96.3(9.?; leb
1c3s5z Easy 100.002.4) 100.00.4) 100.022) 97 508 96915 / 2e6
MMM Easy 100.0c2  98.1cy 95.6145  81.20200 91262 / 2e6
2c vs 6dzg Hard 100.0¢.3 959023 100,027 90.0sy 903w / 5e6
3svs 5z Hard 100.00n  100.003  100.025  91.9:3 92344 / Seb
57 Hard 100,009  100.0:3 725065  90.06s5 84364 / 3e6
5m vs 6m Hard 90.6014) 83.1ue 88.26 73 8iag 75867 90.66.1 le7
8m vs 9m Hard 100.0:.1, 9506 93.8.5) 86.21.9 92.614.0) / S5e6
10m vs 11m Hard 100.0¢.4 100.02.0) 96.3:5.8) 77 507 95.8i6.1) / S5e6
25m Hard 100.001.3) 80.9.6) 100.027  0.60s) 90.2.8) 2.86.) 2e6
37m vs 30m Hard+ 100.00.7 95.322) 93.1a2 0.00.0 39 2.8 / le7
MMM2 Hard+ 93.8026) 91 253 81.80 0.304 88 3024 / le7
6h vs 8z Hard+ 98.801.3) 93 .8 88.4i5) 0.00.0 9.7:n / le7
3552 vs 3s6z Hard+ 96.513 85305 84 3199y 8282127 68.8212 / 2e7
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Figure 6: Performance on the HalfCheetah task with different disabled joints shown in Figure (3a).




Results

Table 2: Median evaluation win rate and the standard deviation on the SMAC benchmark for pre-trained models
with different number of online examples.

Methods MAT MAPPO MAT-from scratch
#examples 0% 1% 5% 10% 0% 1% 5% 10% 0% 1% 5% 10%

S5m vs 6m 0.00.0) 0.0w0.0) 5.8:n 18.87.n | 0.00.0) 0.0w0.0) 4368 219022 | 0.000  0.000 1.903 3.8
8m 10000 10002 100¢0.3) 1002 | 10000  1000.4 10003 10004y | 0.000 10.6038y 92.5c7n 10004
27m vs 30m | 0.0w0.0 6.324) 53.8064 T1.2i82 | 9.4 15559 26.2¢8 26.807 | 0.000 0.0w.0 0.00n 03058
2s vs 1sc 0.000  15.6a3s 10007 10000 | 0.000 43.1a76 10001 10008 | 0.000 193G33n 96362 10003
1c3s5z 3.1as 5.6:5.0) 82.5:.5 10027 | 3.1as 43u9  T3.8u30  97.521n | 0.000  7.54s 87.5a9 10004

MMM?2 0.0¢.6 0.00sy  33.803n  62.5021 | 0.000) 0.001.4) 13.807.00  36.206 | 0.0000  0.000 0.000  0.007

Table 3: Average evaluation score and standard deviation on Multi-Agent MuJoCo for pre-trained models with
different number of online examples.

Methods MAT MAPPO MAT-from scratch
#examples 0% 1% 5% 10% 0% 1% 5% 10% 0% 1% 5% 10%
back foot | 2100isy 283715y 4691235y 564679y | 2936001, 3017035y 3221a1ey 3304029 | -0.4404  -5.18an 6700008 163501184
back shin | 4005:16) 414302300 60770200y 7176079y | 24062 2542008y 2796037 2955021 | <0310 -3.950n 74363 12520123
back thigh | 5361usy 5641as00 710119y 746061 | 3043390 3060043 321733 335301 | -0.5403  -4.87an  9306se 2067 @61
fore foot 13135120 19550232 485601450 6054172 6234 970085y 2025371 2480039 | -0.3702  -2.2509 1821asn 287706
fore shin 243513 261701, 38517 43733 171565y 24570250 309669 331054 | -0.15008 -0.9660 1461001y 3003316
fore thigh | 563121y 644817 79520000 83471 | 30870 3171y 334062 351969 | -0.2903  0.82a4  1021amm  2600:21s)




Conclusions
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