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Sequence-Models for RL

e Treat Offline RL as a single sequence modeling problem

o Analogous to NLP

Word Sequence

RL Trajectory Sequence

Janner, Michael, Qiyang Li, and Sergey Levine. "Offline reinforcement
learning as one big sequence modeling problem." Advances in neural
information processing systems 34 (2021): 1273-1286.

Chen, Lili, et al. "Decision transformer: Reinforcement learning via
sequence modeling." Advances in neural information processing systems

34 (2021): 15084-15097.
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RL Search Trees Issue
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RL Search Trees Issue
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F e How do you handle state branching?
L 2 AR Dy ) o Standard RL: Expectation
4 ) o Adversarial Game/Robust RL:
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Return-Conditioning Issue
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SeParated Latent Trajectory

(SPLT) Transformer
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Our Latent Variable Search

Full Step-Wise Tree Search . AU[@;\E lmi



SPLT Transformer

Trajectory
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SPLT Transformer Trajectory
Generation

RL Trajectory Sequence
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SPLT Transformer Search

F e Evaluate using predicted return
27 \ G | for each predicted trajectory
; o ( 1 e Take min over world latent
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Carla Results
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Codevilla, Felipe, et al. "Exploring the limitations of behavior cloning for autonomous driving." Proceedings of the IEEE/CVF
International Conference on Computer Vision. 2019.
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