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- introduction of PbRL
- Reward Ensemble and Sampling
- on-policy Algorithm (PPO)

- unsupervised Pre-training for Exploration
- off-policy Algorithm (SAC)
- Relabeling Replay Buffer for Stable Learning

- semi-supervised learning 
- proposed data augmentation
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- offline RL
- weighted sum of non-Markovian rewards



Introduction

• Existing PbRL methods involve a two-step procedure

1) learn a reward model based on given preference data

2) employ off-the-shelf reinforcement learning algorithm using learned reward model

• problem

1) unclear how to extract the underlying reward structure from preference

2) the quality of the learned policy relies heavily on the quality of the learned rewards
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preference model의 정의?



Introduction

• DPPO(Direct Preference-based Policy Optimization)

• directly learns from preference without requiring any reward modeling

• adapt a contrastive learning framework to design novel policy scoring metric

• policy scoring metric: assign high scores to policies aligning with the provided preference dataset
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Preliminaries

• PbRL(Preference-based reinforcement learning)

• assumes the preference depends on the value of the underlying rewards summed over each 

timestep:

• reward model’s cross-entropy loss
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• Goal of Contrastive learning

• learn representations where similar sample pairs are close to each other while dissimilar pairs 

are far apart

Preliminaries
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anchor sample

positive sample

negative sample

softmax는 positive sample에 대한 확률 값으로
loss가 될때는 유사한 positive sample에 대해서 최소화가 되어야함
→ 그래서 -log가 붙음



DPPO(Direct Preference-based Policy Optimization)

• policy-segment distance: closeness between a policy and a trajectory segment
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0을 1보다 선호 한다면, 
선호하는 정책은 0에 더 가까워야 함



DPPO(Direct Preference-based Policy Optimization)

• policy-segment distance

• aggregation of the distance between policy and each transition tuple in trajectory segment
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policy-transition tuple distance



DPPO(Direct Preference-based Policy Optimization)

• Preference score metric

• using policy-segment distance

• we want to assign high score if policy is closer to 𝜎0 than 𝜎1

• adapt contrastive learning to capture this condition across multiple segment pairs into a single 

metric
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similarity between policy 𝜋𝜃 and the segment 𝜎𝑖

distance



DPPO(Direct Preference-based Policy Optimization)

• Preference score metric

• drawback: score function is indifferent to increase or decrease distance in the same magnitude.

• Regularizing factor 𝜆 ∈ (0, 1),
decreases the score when overall scale of the policy-segment distance increase:
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(𝑑0, 𝑑1) == (𝑑0 + 𝛼 , 𝑑1 + 𝛼)



DPPO(Direct Preference-based Policy Optimization)

• Policy Optimization with preference predictor

• To leverage the unlabeled dataset 𝒟,

• Train a preference predictor using the labeled dataset 𝒟𝑝𝑟𝑒𝑓
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𝜎′

𝜎
have a similar preference

against two largely overlapping segments



DPPO(Direct Preference-based Policy Optimization)

• Policy Optimization with preference predictor

• After training the preference predictor, train policy with unlabeled dataset 𝒟
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Experiment

• offline setting

• assumes a large unlabeled dataset 𝒟 

• assumes much smaller preference-labeled dataset 𝒟𝑝𝑟𝑒𝑓

• Experiments

• D4RL Gym: focus on medium-replay and medium-expert datasets

(most diverse quality trajectory)

• Adroit pen: 24-DoF robotic, high-dimensional tasks, pen task

• Kitchen:9-DoF robotic, solving multiple sub-tasks sequentially

• 약 100 ~ 150 개의 sample
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Experiment
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similar to GT rewards

lower variance



Experiment
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Adroit pen action space

: amount to 24



Experiment

• Ablation studies

• conservativeness regularizer 𝜆 and smoothness regularizer 𝜈
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Experiment

• Effect of dataset size
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Experiment

• experiments with scripted teacher

• scripted teacher(synthetic teacher)
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Experiement
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Conclusion

• learn directly from preference signal, removing the need for reward modeling

• formulate new policy optimization problem under the contrastive learning framework
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