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Videos are Sample-Efficient Supervisions: Behavior Cloning from Videos via Latent Representations

DRL requires expert rewards. BC requires action-labeld expert trajectories.
-- They are expensive and even unavailable in some domains!
Videos are a kind of supervisory information that is much easier to obtain.

--Current sota methods cannot balance performance and efficiency!

&

Is it possible to balance the effectiveness and sample efficiency in
visual policy learning, where only videos are accessible supervisions?
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BCV-LR efficiently learn policies from action-free videos in reward-free environments.

To the best of our knowledge, our work for the first time demonstrates that videos can support
extremely sample-efficient visual policy learning, without the need for expert actions or rewards.
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BCV-LR addresses ILV problem by estimating the expert actions contained in the
videos. The predicted actions are used to obtain a policy through behavior cloning.

It contains two stages: an offline pre-training stage and an online finetuning stage.



Videos are Sample-Efficient Supervisions: Behavior Cloning from Videos via Latent Representations

1. offline pre-training
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1.1 BCV-LR first pre-trains a self-supervised visual encoder f over the videos,
aiming to extract the action-related information from raw pixels and thus
alleviating the learning difficulty for both action prediction and policy cloning.

exp(u(S;")TWs;”)

+a|v(s}) — aug(o})|I?,
;\;1 exp(u(sy) ' Ws¥')

For procgen £if = —log S

For DMControl Lif= -y, logz!.
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1. offline pre-training
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1.2 Based on the pre-trained latent features, BCV-LR employs another trainable
world model w along with the latent action predictor p, optimizing a dynamics-
based objective in an unsupervised manner. This aims to obtain the latent actions
between consecutive video frames.

Lo = |Jw(sy, 27%) — s¥4])°.
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2. online finetuning and policy learning
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2.1 In the online stage, BCV-LR fine-tunes the latent actions with the pretrained
world model w over the collected reward-free transitions, aligning latent actions to
the real action space via a latent action decoder d.

L= —ai" log(softmax[d(z{)]) + Bl|w(sf, 2{*) — s{ |,
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2. online finetuning and policy learning
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2.2 Simultaneously, BCV-LR trains a latent policy pi that clones the latent actions,
which shares the latent feature encoder f and latent action decoder d to interact
with the environment. This enriches collected data for further latent action
finetuning, resulting in an iterative improvement. Note that f, pi, and d together
form the final policy of BCV-LR.

Loc = |Im(s7) — 27 |I*.
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Task | BCV-LR (ours) UPESV [28] BCO [26] ILPO [27] LAIFO [30] LAPO [21] PPO [63] | Expert Videos
Bigfish 359+2.0 305+ 1.6 36%3.7 0.8+0.1 0.8 £0.0 206+£0.7 09+0.1 36.3
Maze 9.9 +0.1 7402 74+£24 42+03 43+04 9.6 +£0.1 5.0+£0.7 10.0
Heist 9.3+£0.1 9.4 +£0.3 7.6+£1.9 6.7+0.5 54+0.6 9.4+0.3 3. 7402 0.1
Coinrun 8.9+0.0 7402 6.7+0.9 3.7£1.3 4.7+0.1 6.2+04 41+£0.5 B9
Plunder 44+0.2 35+0.7 42+03 22213 3.24+£0.9 4.8 +0.1 44+04 11.5
Dodgeball 124+ 0.8 91+08 54+£1.1 0.6+0.1 0.8+0.2 39+1.1 1. 1402 13.5
Jumper 7.5+03 6.6 +0.2 6.4+0.3 3.1+£06 39+04 4.3 2 35207 8.5
Climber 9.4+ 0.6 6.8 +0.6 33402 34+£0.5 2.17+£09 4.7+0.3 22402 10.2
Fruitbot 27.5+1.5 20.6 £ 1.6 35405 2007 -25+0.1 0503 -19+1.0 29.9
Starpilot 548+ 14 15.0+£0.8 128+ 139 0507 2.0+ 0.7 203+16 2.6+09 67.0
Ninja 72+03 653203 404 1.1 20+1.1 3.0+0.1 52201 34+£03 9.5
Miner 11.6 = 0.2 D3+1.2 S8 %13 1.2+04 1.2+02 6.7+0.6 1.2 0.2 11.9
Caveflyer 4.6 £ 0.2 35+06 28+1.1 32+£03 24+09 3.9+0.1 30+£04 92
Leaper 4.0 £0.2 29403 2.5+0.5 26+02 1.9+£0.2 27+0.2 25403 7.4
Chaser 3.1+05 0.8 +0.1 0.8+0.0 0.7+0.0 0.6 +0.1 0.8+0.0 04+0.2 10.0
Bossfight 10.3+0.3 2004 04+0.3 0.1+0.0 0.3+0.0 0.3+£03 0.14+0:1 11.6
Mean 13.8 9.0 4.8 2.1 2.2 6.8 2.3 16.6
Video-norm Mean 0.79 0.58 0.38 0.22 0.22 0.48 0.22 1.00

Results on 16 discrete Procgen tasks. Compared with state-of-the-art ILV and RL

baselines, BCV-LR achieve much higher sample efficiency.
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Metaworld-50k BCV-LR (ours) BCO[26] DrQv2 [3] | Expert Videos

Faucet-open 0.82 £0.20 0.13£0.19 0.00+0.00 1.00
Reach 0.63 = 0.25 0.03+0.05 0.13+0.12 1.00
Drawer-open 0.92 £0.12 0.13£0.09 0.00+0.00 1.00
Faucet-close 0.98 + 0.04 0.00+£0.00 0.50+£0.28 1.00
Mean Success Rate ‘ 0.84 0.07 0.16 | 1.00

Results on 12 continuous tasks (DMControl and Metaworld). Compared with state-
of-the-art ILV and RL baselines, BCV-LR achieve much higher sample efficiency.
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Figure 4: Ablation study on both discrete control and continuous control.
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Figure 5: The training curves of BCV-LR when given
different numbers of action-free video transitions. 50k

video transitions are enough for BCV-LR to learn an
effective policy.

Table 3: Multi-task pre-training and adaptation of BCV-
LR. BCV-LR-M denotes the variant of BCV-LR with
multi-task pre-training. PPO-S and BCV-LR-S denote
training under the default single-task setting, i.e., they
are the same as those in Section 4.2.

Task | BCV-LR-M | BCV-LR-S  PPO-S[63] | Expert Videos
Bigfish 322420 | 359220 09#£0.1 36.3
Maze 9.6 +0.1 9.9 +0.1 50+0.7 10.0
Starpilot | 443+19 | 548+14 2609 67.0
Bossfight | 55+0.3 103+03  0.10.1 11.6
Dodgeball | 9.5+0.3 124+08  1.1x0.2 15:5
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Thanks for your patient watching!




