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Semi-Supervised Learning

% FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence (NeurlPS, 2020)
*  Google researchOflA] A==l ==0|0, 20233 3& 28 7|&F 17243| Q18=
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FixMatch: Simplifying Semi-Supervised Learning
with Consistency and Confidence

Kihyuk Sohn® David Berthelot”™ Chun-Liang Li  Zizhao Zhang Nicholas Carlini
Ekin D. Cubuk  Alex Kurakin Han Zhang Colin Raffel
Google Research
{kihyuks ,dberth,chunliang,zizhaoz,ncarlini,
cubuk, kurakin,zhanghan, craffel}@google .com

Abstract

Semi-supervised learning (SSL) provides an effective means of leveraging unla-
beled data to improve a model’s performance. This domain has seen fast progress
recently, at the cost of requiring more complex methods. In this paper we propose
FixMatch, an algorithm that is a significant simplification of existing SSL methods.
FixMatch first generates pseudo-labels using the model’s predictions on weakly-
augmented unlabeled images. For a given image, the pseudo-label is only retained
if the model produces a high-confidence prediction. The model is then trained
to predict the pseudo-label when fed a strongly-augmented version of the same
image. Despite its simplicity. we show that FixMatch achieves state-of-the-art
performance across a variety of standard semi-supervised learning benchmarks,
including 94.93% accuracy on CIFAR-10 with 250 labels and 88.61% accuracy
with 40 — just 4 labels per class. We carry out an extensive ablation study to tease
apart the experimental factors that are most important to FixMatch’s success. The
code is available at https://github. com/google-research/fixmatch.
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Class-Imbalanced Semi-Supervised Learning

oA S+ HIO[EAINIM = Labeled dataZ} 0| giE2t=

M52 SAIGHHAN unlabeled dataZ 02510 4= =O0|XH

Q.. Data Min
eb® QU cllty/\ncily’r cs



B Class-Imbalanced Semi-Supervised Learning

% Class-imbalanced semi-supervised learning 31710 &< L|= H|0|E
Semi-supervised learning -10{|A AF2E[= HIO|EAIES S+ H|O[HAIC = HHStGI0] ARZet

O Unlabeleddata
@ Labeleddata

HIS| KSR A =

[SSL G101l 2 EEk= CIFAR-10 OfIA[]

Q.. Daota Mining
ob Quallity Anailytics



B Class-Imbalanced Semi-Supervised Learning

% Class-imbalanced semi-supervised learning 31710 &< L|= H|0|E
Semi-supervised learning A-10{|A AFELl= HIO|EAIS = HIO[HAIC =

rtol'

H51510] AFRSH

O Unlabeleddata
@ Labeleddata

HIY | KtSAE M o EH HIJY | XtSAE M b ES
[SSL 7101 28=)= CIFAR-10GiA[] [Class-imbalanced SSL %1101l &&=k= CIFAR-10 Gi|A[]

Q.. Daota Mining
ob Quallity Anailytics



B Class-Imbalanced Semi-Supervised Learning

o A S AR0ME SSL Hs0] X7t £ 6= WHES
*  Pseudo labeling 7]9t SSL EHHZS0]| X8t 4~ Q= 79 HIA|(Eks HIZHLIE)
v DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning

v" CReST: A Class-Rebalancing Self-Training Framework for Imbalanced Semi-Supervised Learning

 SSL BY = FixMatch 20| TH™El threshold 222 HHEZ (T OfF [EIX] HHZ)
v Adsh: Class-Imbalanced Semi-Supervised Learning with Adaptive Thresholding

Q.. Daota Mining
ob Quallity Anailytics



- Class-Imbalanced Semi-Supervised Learning

DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning

< DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning (NeurlPS, 2020)
> KAISTOIA A= =200, 20234 38 28Y 7= 893 Q1=

> FixMatch & pseudo labeling 7|#0| AFEEl= E= semi-supervised learningdi] M&et 4~ U=

Distribution Aligning Refinery of Pseudo-label
for Imbalanced Semi-supervised Learning

Jaehyung Kim', Youngbum Hur?, Sejun Park',
Eunho Yang'!, Sung Ju Hwang'-*, Jinwoo Shin'
!Korea Advanced Institute of Science and Technology (KAIST)
?Samsung Advanced Institute of Technology
FAltrics
{jaehyungkim,sajun.park,sjhwang82, jinwoos}@kaist.ac.kr
younghbum. hur@samsung. com yangeh@gmail.com

Abstract

While semi-supervised learning (SSL) has proven to be a promising way for
leveraging unlabeled data when labeled data is scarce, the existing S5L algorithms
typically assume that training class distributions are balanced. However, these SSL
algorithms trained under imbalanced class distributions can severely suffer when
generalizing to a balanced testing criterion, since they utilize biased pseudo-labels
of unlabeled data toward majority classes. To alleviate this issue, we formulate
a convex optimization problem to softly refine the pseudo-labels generated from
a biased model. and develop a simple iterative algorithm, named Distribution
Aligning Refinery of Pseudo-label (DARP) that solves it provably and efficiently.
Under various class-imbalanced semi-supervised scenarios, we demonstrate the
effectiveness of DARP and its compatibility with state-of-the-art SSL schemes.
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DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning
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DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning
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DARP: Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning
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Abstract

Semi-supervised learning on class-imbalanced data, al-
though a realistic problem, has been under studied. While
existing semi-supervised learning (S8SL) methods are known
to perform poorly on minoriry classes, we find that they stll
generate high precision pseudo-labels on minority classes.
By exploiting this property, in this work, we propose Class-
Rebalancing Self-Training (CReST), a simple yet effec-
tive framework to improve existing SSL methods on class-
imbalanced data. CReST iteratively retrains a baseline
SSL model with a labeled set expanded by adding pseudo-
labeled samples from an unlabeled set, where pseudo-
labeled samples from minority classes are selected more

[frequently according to an estimated class distribution. We

alse propose a progressive distribution alignment to adap-
tively adjust the rebalancing strength dubbed CReST+. We
show that CReST and CReST+ improve state-of-the-art SSL
algerithms on various class-imbalanced datasets and con-
sistently outperform other popular rebufam mg mr:'.rhud\'
Cade has JJn.’u made av an’ab!‘c at |

1. Introduction
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Figure 1. Experimental results on CIFARIO-LT. (2) Both labeled
and unlabeled sets are class-imbalanced, where the most major-
ity class has 100= more samples than the most minority class.
The test set remains balanced. (b) Precision and recall of a Fix-
Maich [9] model. Although minority classes have low recall,
they obtain high precision. (¢) & (d) The proposed CReST and
CReST+ improve the quality of pseudo-labels (c) and thus the re-
call on the balanced test set (d), especially on minority classes.
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[Generation1] > [Generation2] > -

Generations A5 &= S H|0|EJA0] # & C|O|EJNC= X} HFE

- class re-balancing 1} HOHA =& HI0|EAl 2H|E A&t

Method Gen; Gens Gen;j

Supervised (100% labels)  75.8 - -
Supervised (10% labels) 46.0 - -
FixMatch (10% labels) 65.8 - -

w/ DA (t=0.5) 69.1 - -
w/ CReST 65.8 67.6 67.7
w/ CReST+ 68.3 70.7 73.7

Table 4. Evaluating the proposed method on ImageNet127 with
B =10% samples are labeled. We retrain FixMatch models for 3
generations with our CReST and CReST+.
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Class-Imbalanced Semi-Supervised Learning with Adaptive Thresholding

Lan-Zhe Guo' Yu-Feng Li'

Abstract

Semi-supervised learning (SSL) has proven to be
successful in overcoming labeling difficulties by
leveraging unlabeled data. Previous SSL algo-
rithms typically assume a balanced class distri-
bution. However, real-world datasets are usually
class-imbalanced, causing the performance of ex-
isting SSL algorithms to be seriously decreased
One essential reason is that pseudo-labels for un-
labeled data are selected based on a fixed confi-
dence threshold. resulting in low performance on
minority classes. In this paper, we develop a sim-
ple yet effective framework, which only involves
adaptive thresholding for different classes in SSL
algorithms, and achieves remarkable performance
improvement on more than twenty imbalance ra-
tios. Specifically, we explicitly optimize the num-
ber of pseudo-labels for each class in the SSL
objective, so as to simultaneously obtain adaptive
thresholds and minimize empirical risk. More-
over, the determination of the adaptive threshold
can be efficiently obtained by a closed-form solu-
tion. Extensive experimental results demonstrate
the effectiveness of our proposed algorithms.

1. Introduction

Semi-supervised learning (SSL) is one of the most promis-
ing learning paradigms to bypass the labeling cost by lever-
aging an abundance of unlabeled data (Chapelle et al., 2006).
In much recent work. SSL can be categorized into several
main classes in terms of the use of unlabeled data, such as
entropy minimization (Grandvalet & Bengio, 2005), con-
sistency regularization (Laine & Aila, 2017; Tarvainen &
Valpola, 2017; Miyato et al., 2018), pseudo-labeling (Lee,
2013), and their combinations (Berthelot et al., 2019; Sohn
et al., 2020; Berthelot et al., 2020; Xu et al., 2021). Due to
its capability to handle both labeled and unlabeled data, SSL.
has been successfully applied into various tasks such as im-
age classification (Sohn et al., 2020), object detection (Jeong
et al., 2019), semantic segmentation (Souly et al., 2017),
text classification (Miyato et al., 2017), ete. It has been
reported in certain cases, such as image classification (Sohn
et al., 2020), SS5L methods can achieve the performance of
purely supervised learning even when a substantial portion
of the labels in a given dataset has been discarded.

All of the positive results of SSL, however, are based on a
basic assumption that the class distribution is balanced in
both labeled and unlabeled data, i.e., the number of exam-
ples in each class is nearly the same. Such an assumption is
difficult to hold in practical applications. For example, in
computer vision tasks, the frequency distribution of visual
categories in our daily life is inherently imbalanced (Wang
et al.. 2017); in medical diagnosis tasks, a malignant lesion
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Table 1. Comparison of classification performance (Accuracy (%)) on imbalanced CIFAR-10 dataset under three different imbalance ratio:
~ = 50, 100, 150 and two different numbers of labeled data: Ny = 1500, M7y = 3000 and N1 = 500, My = 4000. The best results are
indicated in bold.

Imbalanced CIFAR-10 Dataset

.ﬁ

N; = 1500, M; = 3000 N1 = 500, M, = 4000
Algorithm ~ =50 ~ =100 ~ = 150 v =50 ~ = 100 ~ =150
Supervised | 6523 £ 0.05 58.94 £0.13 55.63 £ 038 | 51.31 £ 0.34 4582 £ 041 40.90 = 0.39

CBL 6552+ 031 58.52+045 5236+058 | 51.94+0.71 4622 +092 4158 +1.24
Re-Sampling | 64.53 £ 039 56344042 5321 +0.51 | 51.96 £ 0.65 48.13+1.25 40.26 + 1.88
cRT 6782+ 0.14 63.43+045 59.56+ 044 | 5628 + 1.45 48.11+0.79 45.02 + 1.08
LDAM 68.91+0.10 63.15+024 58.68+030 | 56.41 £0.92 4927 +0.88 45.10 + 0.75

Mean-Teacher | 68.84 £ 0.82 61.33 £ 0.28 54.79 = 031 | 56.34 = 1.68 48.55 £ 0.77 4532 + 1.20
MixMatch | 73.59 + 0.46 65.03 +0.26 6271 +029 | 6532+ 120 56.41 +1.96 52.38 + 1.88

ReMixMatch | 78.96 +0.29 72.88 +0.12 68.61 - 0.40 | 76.83 + 098 70.12+ 1.23 59.58 + 1.30
FixMatch | 79.10 £ 0.14 7150+ 0.31 6847 +0.15 | 7734+ 0.96 68.45+094 60.10 = 0.82

DARP 81.60 = 031 7523 +0.14 6931 =026 | 76,72 £ 046 6941 +0.50 61.23 = 0.31
CReST 82.03+026 75.08+041 69.84+039 | 76.18 £0.36 69.50 £ 0.70 60.81 = 0.55
Adsh 8338 £ 0.06 7652 =035 7149 L030 | 79.27 =038 7097 = 0.46 62.04 = 0.51
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Table 1. Comparison of classification performance (Accuracy (%)) on imbalanced CIFAR-10 dataset under three different imbalance ratio:
~ = 50, 100, 150 and two different numbers of labeled data: Ny = 1500, M7y = 3000 and N1 = 500, My = 4000. The best results are
indicated in bold.

Imbalanced CIFAR-10 Dataset

.ﬁ

Ny = 1500, My = 3000 N = 500, M; = 4000

Algorithm v =50 v =100 v =150 7 =50 v =100 v =150
Supervised 65.23 +0.05 5894 £0.13 5563 £038 | 51.31 +£0.34 4582 + 041 40.90 £+ 0.39
CBL 65.52 £0.31 58.52+045 5236+058 | 51.94+0.71 46.22+092 4158 +1.24
Re-Sampling | 64.53 +£0.39 56.34 +£0.42 53.21 +£0.51 | 5196 £0.65 48.13+1.25 40.26 + 1.88
cRT 67.82 +£0.14 63.43+045 59564044 | 56.28 =145 48.11 £0.79 45.02 + 1.08
LDAM 68.91 +£0.10 63.15 +0.24 58.68 £ 0.30 | 56.41 +0.92 49.27 + 0.88 45.10 + 0.75
Mean-Teacher | 68.84 +0.82 61.33 £0.28 54.79 £ 0.31 | 56.34 + 1.68 48.55+0.77 4532 +1.20
MixMatch 7359 +£0.46 65.03+£0.26 62.71+£0.29 | 6532 +1.20 5641 +196 52.38 + 1.88
ReMixMatch | 7896 +0.29 7288 +0.12 68.61 =040 | 76.83 £098 70.12+1.23 59.58 + 1.30
FixMatch 79.10 £ 0.14 71.50+0.31 6847+0.15 | 7734 +096 68.45+094 60.10+0.82
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Table 1. Comparison of classification performance (Accuracy (%)) on imbalanced CIFAR-10 dataset under three different imbalance ratio:
~ = 50, 100, 150 and two different numbers of labeled data: Ny = 1500, M7y = 3000 and N1 = 500, My = 4000. The best results are

.ﬁ

indicated in bold.

Imbalanced CIFAR-10 Dataset
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Yang, Y., & Xu, Z. (2020). Rethinking the value of labels for improving class-imbalanced learning. Advances in neural

information processing systems, 33, 19290-19301.
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Figure 3. Detailed analyses of the Adsh. (a) and (b): Confusion matrix on unlabeled data produced by FixMatch (left) and Adsh(right);
(c): Performance robustness with hyper-parameter 71 changes.
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