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DILO learns to imitate from observations:

Truly Off-Policy: Leverage arbitrary prior inferaction dato
Lower Errors: Avoild Compounding Errors
Stronger Guarantees: Does hot minimize loose upper bounds
Efficient: As efficient as vanilla Offline RL
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No inverse dynamic or discriminator needed!

Approach Simvulated Results

Only method to consistently succeed
on variety of offline datasets

Primal Formulation (Mixture Distribution Matching):

y 17, N y 17, / / TN / No expert actions Expert
s.tdd(s',s",a’) =1 —-y)dy(s',s") +ydd(s,s',a)p(s’|s, a) Suboptinal — ey SODICE —
Dataset
. . hopper | 75.21+21.90 | 100.46+0.64 | 97.87+8.11 || 111.33
Dual Formulation (D”—O) random+ | o ifcheetah | 60.4943.53 | 85.1643.62 | 91181024 | 88.83
expert walker2d | 27.02+23.49 | 108.41+0.47 | 108.42+0.64 || 106.92
ant 54.19427.60 | 122.56+4.47 | 122.15+5.15 || 130.75
p(A—y)Ey V(s s")] + s 5! ~Mix(dE )[f;(YV(S’; s")—V(s, S’))] - - -
min 0 , P andoma hopper | 29.86+22.60 | 78.80+3.09 | 93.73+7.59 || 111.33
V — (1 — ﬁ) L [)/V(S' S”) — V(S S’)] halfcheetah | 257649.52 | 4.10£1.50 | 52.32+10.72 || 88.83
s, ~p ! ! few-expert walker2d 3.2243.29 107.18+1.87 | 108.42+0.25 || 106.92
ant 136.524+9.37 | -8.89+39.12 | 117.50+4.75 || 130.75

Real Robot Results Image Inputs

Able to learn from cross-embodied demonstrations Learns from image observations
And performs well on complex dynamic tasks With minimal hyperparameter tuning
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