
ICLR 2023

FreeMatch: Self-adaptive Thresholding for 

Semi-supervised Learning



Background

Semi-supervised Learning (SSL)

a small amount of 

labeled data
a large amount of 

unlabeled data



Related work

Recent methods of SSL

② Pseudo labeling

① Consistency regularization

③ Holistic methods (①+②)

—— Mean Teachers (2018) UDA (2020)

—— MixMatch (2019) FixMatch (2020)

ReMixMatch (2020) CoMatch (2021)

Dash (2021) FlexMatch (2021)

AdaMatch (2022) Adsh (2022) 

—— Noisy Student (2020) UPS (2021) 

– derive from xxMatch

– adaptive threshold



Related work

FixMatch (2020)

𝜏 is fixed high for high-quality unlabeled data, while ignoring a considerable amount of other unlabeled data.



Related work

Adsh (2022) 𝜏1 is for the most majority class, other classes’ 𝜏𝑐 fit 𝜏1 based on percentage of 

selected pseudo-labels for the most majority class. (for imbalanced SSL) 

How to make 𝜏 alive ? 

AdaMatch (2022) as the mean confidence of the top-1 prediction 

multiplied by a user provided threshold 𝜏

FlexMatch (2021)

Dash (2021)

global threshold

local threshold



Motivation

Limitation

In a nutshell, these methods might be incapable or insufficient in terms of adjusting 

thresholds according to model’s learning progress, thus impeding the training process 

especially when labeled data is too scarce to provide adequate supervision.

As shown in Figure (a), on the “two-moon” dataset 

with only 1 labeled sample for each class, the 

decision boundaries obtained by previous methods fail 

in the low-density assumption.

1) Is it necessary to determine the threshold based on 

the model learning status? 

2) How to adaptively adjust the threshold for best 

training efficiency? 

Two questions naturally arise:



Motivation

A motivating example

𝛽 is a positive parameter that reflects the model learning status, 𝜏 is a threshold.



Method

Self-Adaptive Fairness (SAF)

FreeMatch

The overall objective: 

Self-Adaptive Thresholding (SAT)

– backbone of FixMatch

– novel component



Method

Self-Adaptive Thresholding (SAT)

global (dataset-specific) and local (class-specific) thresholds based on the model’s learning status



Method

Self-Adaptive Thresholding (SAT)

global (dataset-specific) local (class-specific)

where 𝜆 ∈ 0,1 is the momentum decay of EMA， 𝑞𝑏 is an abbreviation of 𝑝𝑚 ȁ𝑦 𝜔 𝑢𝑏

Integrating the global and local thresholds, we obtain the final self-adaptive threshold as:



Method

Self-Adaptive Fairness (SAF)

A common fairness objective: , where is a uniform prior distribution. 

Considering that the underlying pseudo label distribution may not be uniform, SAF is proposed:
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Method
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Experiment

Quantitative results

FreeMatch consistently outperforms other methods by a 

large margin on settings with extremely limited labeled data.

Table2:  Error rates and runtime on 
ImageNet with 100 labels per class

Table1:  Error rates on CIFAR-10/100, SVHN, and STL-10 datasets.

On ImageNet with 100k labels, FreeMatch significantly 

outperforms the latest counterpart FlexMatch by 1.28%.



Experiment

Qualitative results



Experiment

Ablation study



Thanks
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