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Background

Semi-supervised 
Learning 

Leverages both labeled and unlabeled data to improve model performance, 
especially when labeled data is scarce or expensive to obtain.
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Background

Consistency Regularization 
Framework



Related work

relies on a fixed threshold but limits usage of more unlabeled data and leads to 
imbalanced pseudo-labels. 

employs class-specific thresholds to alleviate class imbalance by reducing 
thresholds for challenging classes. 

Improving Quality of Pseudo-
labeling

FixMatch 
(2020)

FlexMatch
(2021)

explores a trade-off between pseudo-label quantity and quality with a truncated 
Gaussian function to weigh sample confidence. 

SoftMatch
(2022)

applies contrastive learning through adaptive contraction of the class space. ShrinkMatch
(2023)



Related work

Π model
(2015)

introduces dual perturbations to input samples.

Temporal 
Ensemblin
g
(2017)

maintains an EMA of label predictions for each training example.

Improving Tolerance of Inaccurate 
Labels

Mean 
Teacher
(2017)

averages model weights to reduce label dependency during training.



Related work

Reward Modeling in Reinforcement 
Learning

Most reward models are supervised by classification losses, e.g., ranking loss, on 
constructed preference datasets from users.



Method

Define a continuous metric of pseudo-label quality based on label similarity.

Reward score: 

Measurement of Label Quality

Label similarity: 

The ideal reward score should satisfy monotonicity and smoothness (not increasing 
dramatically) and strive to meet the trend of calibration curve, where a lower reward 
confidence indicates poorer label quality.



Method

Rewarder：

Network Structures

extracts semantic information of     from     and tell the 
similarity between      and     according to their semantic 
correlation.

Generator：

decouples the training of      and     to avoid confirmation bias.



Method

Two-stage Training Paradigm



Method

Pre-training Rewarder

In the first stage, our main optimization goal is to approximate the ground truth reward scores 
with a wide range of fake labels without affecting the training of      .

Semi-supervised Training 
RewarderIn the second stage, the core objective is to optimize fS using R to filter high-quality labels.



Experiment

Comparison Results on Classification



Experiment

Comparison Results on Regression



Experiment

Evaluation of Pseudo-label Quality and 
Quantity



Experiment

Ablation Study



Additional Content 

Visual In-context Learning
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