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Agenda

• Introduction

• Related work

• Method

• Experiment
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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



Introduction

• RL have several issues in reward engineering.

• designing a suitable reward function requires more human effort

as the tasks become more complex.

• if hand-engineered reward does not fully specify the desired task

• there are various domain, where a single ground-truth function does not exist

• personalization is required by modeling different reward functions based on the user’s preference

→ Preference-based RL provides an attractive to alternative to avoid reward engineering

• human teacher can guide the agent to perform novel behaviors and mitigate the effects of 

reward exploitation.
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Introduction

• Existing preference-based approaches often suffer from expensive labeling cost.

• This makes it hard to apply preference-based RL to various applications.

• In computer vision

• the label-efficiency problem has been successfully addressed through semi-supervised 

learning approaches using leveraging unlabeled dataset.

• Data augmentations improve the performance of supervised learning method.

(augmentation-invariant representations)

• SURF

• novel combination of semi-supervised learning and the proposed data augmentation,

• has not been considered or evaluated in the context in the preference-based RL.
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Introduction

• SURF: Semi-sUpervised Reward learning with Data augmentation for Feedback-efficient 

Preference-based Reinforcement Learning

• Pseudo-labeling

• leverage unlabeled data by utilizing the artificial labels generated by learned preference 

predictor, which makes the reward function produce a confident prediction
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Introduction

• SURF: Semi-sUpervised Reward learning with Data augmentation for Feedback-efficient 

Preference-based Reinforcement Learning

• Temporal Cropping augmentation

• slightly shifted or resized behaviors, which are expected to have the same preferences from a 

teacher.

• this data augmentation technique enhances the feedback-efficiency by enforcing consistencies
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Related Work

• Preference-based RL

• utilize unlabeled samples for reward learning.

• provide a novel data augmentation technique for the agent behaviors.

• Data Augmentation for RL

• In RL, data augmentation has been widely investigated for improving data-efficiency to be 

beneficial to learn policy. ( for learning reward function)

• Semi-supervised learning

• SSL is leveraging unlabeled samples to improve a model’s performance when the amount of 

labeled samples are limited.

• FixMatch
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SURF

• SURF can be used in conjunction with any existing preference-based RL methods.

• leverage a large number of unlabeled samples collected from environments for reward 

learning, by inferring pseudo-labels.

• to increase the effective number of training samples, propose a new data augmentation 

that temporally crops the subsequence of the agent behaviors.
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SURF

• in experiment, use PEBBLE (ICML 2021).
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Method
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Method

• Semi-supervised reward learning(SSL)

• to leverage unlabeled experiences in the buffer for reward learning

• labeled dataset

• unlabeled dataset 

• use unlabeled dataset to optimize the reward model 𝑟𝜓

• generate artificial label ො𝑦 by pseudo-labeling for unlabeled dataset 𝐷𝑢

• to filter out inaccurate pseudo-labels, use unlabeled samples for training when the confidence of the 

predictor is higher than a pre-defined threshold 𝜏
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Method

• Semi-supervised reward learning(SSL)

• reward model 𝑟𝜓 loss

•

• is an index of the preferred segment from the pseudo-label

• 𝜆 = hyperparameter that balances the losses (use 1)

• 𝜏 = confidence threshold
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Method
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Method

• Temporal data augmentation; Temporal cropping

• given two segments and preference 𝜎0, 𝜎1, 𝑦 , generate augmented segment ො𝜎0, ො𝜎1, 𝑦
by cropping the subsequence from each segment.

• for a given air of behavior clips, the human teacher may keep their relative preferences for 

slightly shifted or resized version of them. (consistency regularization, in SSL)
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Experiments

• Setup

• consider a scripted teacher that provides preferences between two trajectory segments to the 

agent according to the underlying reward function (ground truth reward of the environment).

• PEBBLE(2021) used for backbone algorithm.

• use SAC algorithm to learn policy.

• for query selection strategy, use disagreement-based sampling scheme, which select queries with 

high uncertainty (ensemble disagreement)

• sample unlabeled samples as 10 times of labeled ones by uniform sample scheme.

• unlabeled batch ratio 𝜇 = 4.

• threshold parameter 𝜏 = 0.999 for window open, sweep into, cheetah, and use 0.99 for others.

• Goal is not to outperform SAC, but rather to perform closely using as few preference queries as 

possible.
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Experiments

1. How does SURF improve the existing preference-based

RL method in terms of feedback efficiency?
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PEBBLE need 2500 queries,

6 times more queries than SURF



Experiments

1. How does SURF improve the existing preference-based RL method

in terms of feedback efficiency?
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Experiments

2. What is the contribution of each of the proposed components in SURF?
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on walker-walk



Experiments

3. How does the number of queries affect the performance of SURF?

• varying number of queries N ∈ {50, 100, 200, 400}

• more significant in the extreme label-scarce scenario N ∈ {50, 100} 

18



Experiments

4. Is temporal cropping better than existing state-based data augmentation methods

in terms of feedback efficiency? (on Walker-walk)
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Experiments

5. Effects of hyperparameters of SURF?
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Experiments

6. Can SURF improve the performance of preference-based RL methods when we 

operate on high-dimensional and partially observable inputs?

• backbone = DrQ-v2
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