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Related work

FixMatch(2020)
FixMatch achieves significant improvement by combining pseudo-labeling and 
consistency between weak and strong data augmentations, but its reliance on a high 
fixed threshold for all classes results in inefficient selection of only a few unlabeled 
samples for training, leading to undesirable efficiency and convergence issues.

FlexMatch(2021) Addressing this issue, FlexMatch introduces a curriculum learning strategy to determine 
adjustable class-specific thresholds, significantly enhancing both results and efficiency.

CoMatch(2021)
CoMatch effectively utilizes both labeled and unlabeled data to enhance the accuracy 
and robustness of the model by integrating dual representation learning, memory-
smoothed pseudo-labeling, and graph-based contrastive learning.

(1) The results of both FixMatch and FlexMatch are 
unstable and of large variances, which is
shown in Figure 1(a), especially when there are only 
a small amount of labeled samples; 

(2) Only instance-level consistency is investigated, 
which neglects inter-class relationship and may 
make the learned feature indiscriminative.



Method

How to solve the problem of high variance in a model?

In practice, categories have a hierarchical structure,which is 
often neglected by existing methods. But it contains extra 
supervision signals for network training.

Introduce additional supervisory information.

Dual Classification Heads: CHMatch 
concurrently learns a fine-grained classification 
head hf (.) and a coarse-grained classification 
head 
hc (.).

The coarse-grained classification head can 
provide certain guidance to the fine-grained 
classification head.



Method

Adaptive Threshold Learning: For each classification 
head, CHMatch develops robust adaptive thresholds 
τ௖ and τ୤ to select highly confident samples.

At each epoch,we hope that a certain percentage K% of the 
samples are chosen for pseudo-label learning. For example, 
at the earlystage of the training, K% should be small to 
ensure that theselected samples are of high confidence to 
guide the network training. In contrast, at the end of the 
training, K% should be large enough to guarantee that most 
samples can join the training.



Method

We construct a memory-bank to save the 
maximum probability of the previous N weakly
augmented samples as 𝑄ெ஻

௙ = {𝑞ଵ
௙,𝑞ଶ

௙,...𝑞ே
௙}, where 

N is much larger than the mini-batch size. At each 
epoch, we hope that a certain percentage K% of 
the samples are chosen for pseudo-label learning.

Compute τ୤ = percentile( 𝑄ெ஻
௙ ; K) 



Method

Consider the inter-class relationships.

Consistency regularization only leads to instance-level 
correspondence in the feature space, resulting in unclear 
margins between classes. Using contrastive learning can 
effectively solve this problem.

In a semi-supervised scenario, how 
can we accurately identify samples 
of the same class?
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