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Similar objectives were also used in recent worksis, 4.

[1] Wang Z, Lu C, Wang Y, Bao F, Li C, Su H, Zhu J. Prolificdreamer: High-fidelity and diverse text-to-3d generation with variational score distillation. NeurIPS 2023.
[2] Chen H, Lu C, Wang Z, Su H, Zhu J. Score regularized policy optimization through diffusion behavior. ICLR 2024.
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Experiment Results
Better than learning MoEs from scratch [3ji4]
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Environments  EM-GPT  IMC-GPT | VDD-VP VDD-VE EM-GPT IMC-GPT | VDD-VP VDD-VE
Avoiding 0.65+0.18 0.75+0.08 | 0.924+0.02 095+0.01 || 0.17+0.13 0.82+0.05] 0.37+0.01 0.73+0.09
Aligning 0.78+0.04 0.8340.02 | 0.704+0.07 0.86+0.04 || 0.38+0.11 0.27+0.09] 0.25+0.09 0.40 4 0.04
Pushing 0.16+0.07 0.76+0.04 | 0.614+0.04 0.85+0.02 | 0.14+0.10 0.31+0.03] 0.66+0.05 0.69+ 0.08

Stacking-1 0.58+0.06 0.5440.05 | 0.814+0.08 0.83+0.09 || 0.43+0.08 0.37+0.04] 0.194+0.05 0.16+0.03
Stacking-2 0.34+0.07 0.2940.07 | 0.604+0.07 0.57+0.06 || 0.274+0.05 0.17+0.07] 0.07+0.04 0.13+0.06
Sorting (image)  0.69+0.02 0.74+0.04 | 0.804+£0.04 0.76+0.03 || 0.134+0.03 0.10+0.03] 0.12+0.03 0.22 4+ 0.03
Stacking (image) 0.04 +0.03 0.39+0.10 | 0.78 £0.02 0.60+0.04 || 0.00£0.00 0.05+0.04] 0.0840.02 0.1140.03
Relay Kitchen ~ 3.62+0.10 3.6740.05 | 3.244+0.12 3.85+0.10 - - - -
Block Push 0.88+0.04 0.8940.04 | 0.934+0.03 0.91+0.03 - - - -
Success Rates Entropy
$Jo ) g $J = w ﬁlv |
(8 O & P o -
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Experiment Results

Compare with Consistency Distillation 5] and Consistency Trajectory Models s, 7]

VP (DDPM) _ VE (BESO) || VP-1 _ VE-1 CD-VE CTM-VE VDD-VP(ours)  VDD-VE(ours)

Kitchen 3.35 4.06 0.22 4.02 | 3.87+£0.05 3.89FX0.11 |[3.24+0.12 3.85 £ 0.10
Block Push 0.96 0.96 0.09 0.94 | 0.89+0.05 0.89 + 0.04 0.93+0.03  0.91 + 0.03
Avoiding 0.94 0.96 0.09 0.84 | 0.82 £ 0.05 0.93 £ 0.02 0.92£0.02 0.95 F 0.01
Aligning 0.85 0.85 0.00 0.93 | 0.944+0.08 0.81+0.11 0.70 + 0.07 0.86 £ 0.04
Pushing 0.74 0.78 0.00 0.70 | 0.66 £ 0.05 0.80 £ 0.07 0.61 +£0.04  0.85 =+ 0.02
Stacking-1 0.89 0.91 0.00 0.75 | 0.69 + 0.06 0.54 £ 0.17 0.81 £0.08  0.85 F 0.02
Stacking-2 0.68 0.70 0.00 0.53 | 0.46 +0.11 0.30 £0.09 ]0.604+0.07 0.57 £ 0.06
Sorting (Image) 0.69 0.70 0.20 0.68 | 0.71+0.07 0.70 £ 0.07 ]0.80 £0.04  0.76 + 0.04
Stacking (Image) 0.58 0.66 0.00 0.58 | 0.63+0.01 0.59 £ 0.10 J0.78 £0.02  0.60 + 0.04

(a) Task Success Rate (or Environment Return for Kitchen)

VP (DDPM)  VE (BESO) VP-1  VE-1 CD-VE CTM-VE VDD-VP(ours)  VDD-VE(ours)

Avoiding 0.89 0.87 0.25 0.76 | 0.72+0.02 0.79 £ 0.04 | 0.37 £ 0.01 0.72 £ 0.12
Aligning 0.62 0.67 0.00 0.34 | 0.32+0.14 0.31 £ 0.28 0.25+0.09  0.40 £ 0.04
Pushing 0.74 0.76 0.00 0.50 | 0.53+0.07 0.54 + 0.08 0.66 +£0.05  0.69 + 0.08
Stacking-1 0.24 0.30 0.00 0.26 | 0.194+0.12 0.18+0.08 [0.194+0.05 0.16 + 0.03
Stacking-2 0.12 0.13 0.00 0.07 | 0.03+0.05 0.09 + 0.06 0.07+0.04 0.13 4 0.06
Sorting (Image) 0.16 0.19 0.09 0.14 0.14 £ 0.06 0.08 £+ 0.05 0.12 £+ 0.03 0.22 4+ 0.03
Stacking (Image) 0.31 0.15 0.00  0.10 0.06 & 0.01 0.04 + 0.04 0.05 = 0.02 0.11 + 0.03

(b) Task Entropy
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