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Input:
state expert dataset Dg ~ dg(s)
state-action behavior dataset Dy ~ dp(s,a)

Def. State-action occupancy
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Main Contribution
Prior Work Limitations [DOI] Dual-Force (Our method)
Diversity Requires learning a skill-discriminator Van der Waals [VDW] + Successor Features
Objective 1) hard to train it offline No need to learn a skill-discriminator
i) InfoGain helps but quickly vanishes Provides strong diversity signal
Non-Stationary [DICE] assumes stationary reward, Handles non-stationary rewards by
Rewards violating it makes Value training unstable  conditioning Value function on FRE embedding
Dependance Scales linearly with the num_skills Independent of the num_skills
on num_skills Learning large set of skills is prohibitive All observed skills during training are invocable

Dual-Force

Offline Datasets Offline Policy g\ ®
. : % k Evaluation v ‘

WGAN FRE W-BC|
* A
“(s) k wk (s, a)
; R} (s, a) i \S)
asﬂﬂﬂss '
& 38 v
g —k 2 ™~
Imitation Dky,(d; (5)] < Successor Features

=) wi(s,a)p(s)

(3>a)€DO

Lagrange ),
Multiplier o(ps)

Fundamental Techniques
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Algorithmic Approach

Constraints
relaxation
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l Regularized RL Problem
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Experiments (SoLo12)

Successor Features

Locomotion Navigation
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Locomotion Task

1) The learned skills find all base-height movements ( , middle, low) and
have different angular velocity. The SMODICE-expert has middle base-height.
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OBsTACLE NAVIGATION TASK

2) While the multi-modal SMODICE-expert prefers passing over the box,
the set of learned skills capture all modalities: left, right, over, and mixed.
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RoBUSTNESS: FENCE OBSTACLES

3) Learned skills outperform SMODICE-expert (left, right)
or perform on par with it (both left and right).
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