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Preliminaries

DR-RL: Distributionally Robust Reinforcement Learning.
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Motivation
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Contribution

1.DR Maximum Entropy Framework
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Policy Flow

PPOOI| Continuous Normalizing Flow, CNF 222 Zg!
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Motivation
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Contribution
1.Importance Ratio pmmmmmmmmmmmommm -
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Similar color makes
segmentation difficult.

.""‘Background with

(a) A task-relevant mask segmentation example.
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Contribution

1.Temporal Segmentation Network

o Teacher Model: Encoder - ConvLSTM - Decoder &
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2.Invariant Representation Learning
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3.Actor-Critic
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Motivation
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Contribution
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3.Linear Transformer&Z In-Context TD-Learning ¢
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From Reward-Free Representations to Preferences:
Rethinking Offline Preference-Based Reinforcement Learning
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Motivation

7|Z& PbRL: Preference pair = Reward model & — ®™AH| offline
datasetd| reward £ — Offline RLZ policy &t&
Prefernce labelO| O™ reward model0| £ X =HsH RICt.
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Forward-Backward Framework
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Contribution

1.PbRL2} RFRLE| HE
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2.Preference loss= contrastive learning@ = Xl|5[{ 4]
o M= OEMZ rewardZf Q= HEISIHX| F11, latent representation 7F2| positive/negative
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3.Reward/Preference modelO| 2 R9l= FB-PbRL X[t

o Reward-Free Pre-training + Preference-guided Search and Fine-tuning

4. =2 Preference Efficiency2t Robustness
o 7|Z& offline PbRL baselineE2C} preference 20| £QHA| Aot &5 &AM,
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