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Abstract. Semi-supervised learning is a learning method that uses both
labeled and unlabeled samples to improve the performance of the model
while reducing labeling costs. When there were tens to hundreds of la-
beled samples, semi-supervised learning methods showed good perfor-
mance, but most of them showed poor performance when only a small
number of labeled samples were given. In this paper, we focus on chal-
lenging label-scarce environments, where there are only a few labeled
samples per class. Our proposed model, ExMatch, is designed to obtain
reliable information from unlabeled samples using self-supervised models
and utilize it for semi-supervised learning. In the training process, Ex-
Match guides the model to maintain an appropriate distribution and re-
sist learning from incorrect pseudo-labels based on the information from
self-supervised models and its own model. ExMatch shows stable train-
ing progress and the state-of-the-art performance on multiple benchmark
datasets. In extremely label-scare situations, performance is improved by
about 5% to 21% for CIFAR-10, CIFAR-100 and SVHN. ExMatch also
demonstrates significant performance improvements in high-resolution
and large-scale dataset such as STL-10, Tiny-ImageNet, and ImageNet.

Keywords: Semi-supervised Learning · Scarce Labeled Samples · Self-
guided Exploitation · Confirmation Bias

1 Introduction

Semi-supervised learning, which leverages a few labeled samples and a number
of unlabeled samples, has evolved rapidly in recent years. With the performance
improvement of semi-supervised learning, they are widely used in various fields
of machine learning, such as image segmentation [7,11,38], object detection [1,
16, 29], text classification [5, 15, 31], and image classification [20, 26, 36]. Semi-
supervised learning approaches have shown successful performance when there
are a sufficient number of labeled samples, ranging from tens to hundreds [2,3,41].

However, most semi-supervised models showed poor performance when there
were only few labeled samples [19]. Figures 1a and 1b show the cases where
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(a) FixMatch with 10 labels per each class

(b) FixMatch with only 1 label per each class

(c) Our proposed method with only 1 label per each class

Fig. 1: Class boundaries by FixMatch and our proposed method on Moon dataset.
Each crescent represents a class in the moon dataset. Labeled samples are represented
by star shapes, and unlabeled samples are depicted as grey dots. Colored dots are
pseudo-labeled samples. Their colors are the classes of pseudo-labels. In our proposed
method, diamond signs denote additionally exploited samples by self-guidance.

each has 10 and 1 labeled samples, respectively. Figure 1a illustrates the class
boundary as the training progresses when applying traditional semi-supervised
learning method, FixMatch [36] to the moon dataset with 10 labels per each
class. Since there are a sufficient number of labeled samples to represent the data
distribution, the semi-supervised learning method effectively utilizes unlabeled
samples in training, demonstrating accurate class boundaries. Figure 1b shows
the class boundary as the training progresses when applying FixMatch to the
moon dataset with only one labeled sample per each class. In Fig. 1b, labeled
samples are insufficient to represent the data distribution. It can be observed that
the model is learning many incorrect pseudo-labels. Consequently, the correctly
learned red class region is affected by the wrong pseudo-labels in the next epoch.
Due to the repetition of learning incorrect pseudo-labels, the class boundaries
become highly unstable and change rapidly.

When the number of labeled samples decreases, it is hard to give exact
pseudo-labels to unlabeled samples, so the semi-supervised model would learn
from unlabeled samples with unreliable pseudo-labels. Eventually, the efficiency
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of semi-supervised learning process may drop. This phenomenon is referred to
as confirmation bias [25, 28, 37]. To alleviate this problem, some methods were
proposed to obtain more accurate pseudo-labels [4,14,18,19,26,30,40,44]. How-
ever, in situations with scarce labels, where only 1 or 2 labeled samples per class
were available, most of them showed poor performance [19]. The main reason
for the performance drop is that they heavily depend on the models’ own pre-
dictions to learn from unlabeled samples. In other words, few labeled samples
are too scarce to adequately represent the data distribution, making the model’s
predictions more inaccurate and obtaining accurate pseudo-labels for unlabeled
samples more challenging.

Instead of relying only on models’ predictions to obtain accurate pseudo-
labels from scarce labeled samples, we propose utilizing unlabeled samples addi-
tionally to enhance performance in scenarios with limited labeled samples. For
the additional exploitation of unlabeled samples, we utilize the distribution in-
formation of feature representation on unlabeled samples. Figure 1c shows the
concept of the proposed method. By utilizing not only unlabeled samples but also
the distribution information, our proposed method enables learning a wider dis-
tribution for each class. The given information guides the selection of unlabeled
samples that the model needs to learn additionally during the semi-supervised
learning process. Consequently, this self-guidance effectively prevents the learn-
ing of incorrect pseudo-labels, leading to a rapid and accurate convergence of
the class boundaries.

The proposed method, ExMatch, is a semi-supervised learning approach with
self-guided exploitation. To guide the semi-supervised model to consider the dis-
tribution information, ExMatch utilizes self-supervised models trained with the
given unlabeled samples. Our proposed model choose reliable samples with the
confidence of the semi-supervised model and the consistency between the semi-
and self-supervised models. The chosen unlabeled samples based on self-guidance
are used to additionally train the model to retain appropriate distribution and
resist incorrect pseudo-labels. By exploiting chosen unlabeled samples by self-
guidance, we can enhance the performance of semi-supervised models in scenarios
with limited labeled samples.

We conduct experiments on multiple benchmark datasets [9,10,21,23,33] un-
der label scarce scenarios and compare them with state-of-the-art methods [14,
18, 19, 26, 36, 39–41, 44]. Our method, ExMatch, shows a big improvement in
most of cases. It shows the best performance on CIFAR-10 [21] with 10 labels,
CIFAR-100 [21] with 100, 200, 400, and 1000 labels, and SVHN [33] with 10,
20, 40, and 250 labels. Especially in label-scare situations, one labeled sam-
ple per class, we improve the performance by 10.2% for CIFAR-10, 21.1% for
CIFAR-100, and 5.1% for SVHN compared with their best baselines. Further-
more, ExMatch shows performance improvements of 41.8%, 22.9%, and 20.8%
compared to FixMatch in high-resolution and large-scale dataset such as STL-
10 [9] with 10 labels, Tiny-ImageNet [23] with 800 labels, and ImageNet [10]
with 10k labels, respectively.



4 N. Kim et al.

2 Related Work

Semi-supervised learning is a machine learning technique using a small number
of labeled samples and a large number of unlabeled samples together. Semi-
supervised models achieve high performance as they utilizes a large number
of unlabeled samples obtained easily. Most semi-supervised learning methods
mainly have been proposed based on consistency regularization [22, 35] and
pseudo-labeling [24]. Consistency regularization is a method that makes a model
trained to predict similar outputs for an image with different augmentations
or perturbations. To utilize unlabeled samples, Temporal Ensembling [22], π
model [22], Mean Teacher [37], and VAT [32] utilized the consistency regular-
ization. Pseudo-labeling is a type of self-training technique [34,42] to learn unla-
beled samples using high-confident predictions of themselves. Pseudo-label [24]
and Noisy Student [42] were proposed based on pseudo-labeling.

With the advance of semi-supervised learning, researchers began to utilize
both consistency regularization and pseudo-labeling [2,3,14,18,19,26,30,36,39,
41,44]. Most of them consist of supervised loss, which learns from labeled samples
using cross-entropy, and an unsupervised loss, which is based on consistency
regularization and pseudo-labeling. For unsupervised learning, each unlabeled
sample is augmented using two types of augmentations (e.g. weak and strong
augmentation). Then, the model learns from each strong-augmented sample with
the paired weak-augmented sample’s prediction (pseudo-label). In other words,
this process involves learning from labeled samples, propagating labels (pseudo-
labels), and learning from unlabeled samples with propagated pseudo-labels.

Recently, most methods have focused on effectively utilizing unlabeled sam-
ples. SelfMatch [18] proposed a semi-supervised learning method that utilizes
self-supervised models as pre-trained models. CoMatch [26] combines self- and
semi-supervised learning techniques to simultaneously learn representations and
class probabilities. DoubleMatch [39] uses self-supervised learning to enable uti-
lization of all unlabeled samples. FlexMatch [44] and FreeMatch [40] proposed
curriculum pseudo-labeling to consider different learning statuses depending on
each class. Less [30] trains self-supervised learning on low-confident unlabeled
samples and proposed a class-aware confidence threshold for pseudo-labeling.
FlatMatch [14] proposed a regularization method for ensuring consistent learn-
ing performance between labeled samples and unlabeled samples.

In the process of semi-supervised learning, there is a critical problem, confir-
mation bias, that incorrect pseudo-labels gradually increase if incorrect pseudo-
labels are propagated [19,28,37]. Confirmation bias could be more critical when
there are only few labeled samples [19]. To address the problem, previous meth-
ods are mainly focused on obtaining accurate pseudo-labels. MixMatch [3] and
ReMixMatch [2] used multiple augmentations for pseudo-labeling. CoMatch [26]
proposed memory-smoothed pseudo-labeling to assign pseudo-labels by using
predictions of similar samples in feature space. Less [30] proposed refining meth-
ods for pseudo-label selection. Propagation Regularizer [19] proposed an entropy-
based regularizer for accurate pseudo-labels. However, despite these efforts, most
methods have still show poor performance in label-scarce environments.
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Fig. 2: Overview of ExMatch. Phase 1 is training a self-supervised model for self-
guidance. For self-guidance, the model generates self-pseudo-labels reflecting distribu-
tion information. Phase 2 is a training semi-supervised model consisting of the su-
pervised loss, the unsupervised loss, and the proposed self-guided exploitation loss.
Through the self-guided exploitation loss, the semi-supervised model learns from addi-
tional unlabeled samples based on the information from both the self-supervised model
and semi-supervised model.

3 Proposed Method

3.1 Overview

In semi-supervised learning, we aim to guide the selection and additional train-
ing of unlabeled samples based on the distribution information of the data.
When there are only a few labeled samples, such guidance could alleviate the
phenomenon where learning is dominated by incorrect unlabeled samples, un-
like in Fig. 1b, enabling correct and stable learning, as depicted in Fig. 1c. To
achieve this, our proposed method consists of extracting distribution informa-
tion through feature representations and integrating it into the semi-supervised
learning process.

Figure 2 shows an overview of the proposed method, ExMatch. Our pro-
posed method, ExMatch, consists of two phases: (1) obtaining self-pseudo-labels
for self-guidance by a self-supervised model; and (2) semi-supervised learning
with additional self-guided exploitation. Unlike previous approaches, which ei-
ther train semi-supervised and self-supervised learning simultaneously [26, 39]
or utilize self-supervised models as pre-trained models [18], we decouple self-
supervised learning from semi-supervised learning. Because we aim to inde-
pendently utilize the information obtained through self-supervised learning. By
leveraging information from these independent models, we can effectively utilize
information from different perspectives.
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3.2 Self-supervised Learning for Self-guidance

The first phase is obtaining self-pseudo-labels from the distribution information
for self-guidance. To utilize the distribution information, we use SimCLR [6],
which is one of successful self-supervised models. SimCLR is a contrastive learn-
ing approach that minimizes the distance between feature representations in
differently augmented views of a single sample, and maximizes the distance be-
tween features representations of other samples. Self-supervised models can be
useful in the semi-supervised learning with a few labeled samples because they
do not require labeled samples for feature learning.

To obtain self-pseudo-labels, which serve as guidance for semi-supervised
learning, we generate feature representations of unlabeled and labeled samples,
fU and fL, from the self-supervised model, and evaluate cosine similarities be-
tween fU and fL. Next, each unlabeled sample is given the same label of the
nearest labeled sample. We call it self-pseudo-label, r̂. We may build a classi-
fier by fine-tuning the self-supervised model with given a few labeled samples,
and determine self-pseudo-labels by the classifier. If self-supervised models are
fine-tuned with only a few labeled samples, they are prone to overfitting [45].
Furthermore, through fine-tuning, the model will be trained with supervision
similar to semi-supervised learning, so the information obtained through both
models will become similar. So, instead of fine-tuning the self-supervised model,
we take the similarity of the feature representation.

Since self-pseudo-labels are obtained through self-supervised learning, it is
very probable that they are independent from pseudo-labels from semi-supervised
models. They can provide other additional information that is hard to obtain
from semi-supervised learning. We use them as guidance to select unlabeled
samples for additional exploitation.

3.3 Semi-supervised Learning with Self-guided Exploitation

The second phase is semi-supervised learning with self-guided exploitation. As
mentioned in the previous section, we propose a method for semi-supervised
learning models to receive guidance from the distribution information through
feature representation of the data. The information is provided through self-
pseudo-labels. However, instead of naively using the self-pseudo-labels, our ap-
proach considers the confidence of the semi-supervised model and consistency
between the trained self-supervised model and the semi-supervised model.

Our semi-supervised model consists of a supervised loss, an unsupervised loss,
and a proposed self-guided exploitation loss. The supervised and unsupervised
losses are based on FixMatch [36]. The supervised loss is as follows:

Ls =
1

B

B∑
b=1

H(yb, p (α (xb))) (1)

where Ls is a cross-entropy loss on weakly-augmented labeled samples. The
model p learns a weakly-augmented sample α(xb) with the given label yb.
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The unsupervised loss Lu is as follows:

Lu =
1

µB

µB∑
b=1

1 (max (qb) ≥ τ)H (q̂b, p (A (ub)))

q̂b = argmax (qb)

qb = p (α (ub))

(2)

where Lu is a masked cross-entropy loss on strongly-augmented unlabeled sam-
ples. The model p learns a strongly-augmented sample A(ub) with the pseudo-
label q̂b when the maximum of class probability in qb is above a threshold τ .
In Eq. (2), the model learns from strongly-augmented unlabeled samples with
pseudo-labels for label propagation.

To make the model robust against confirmation bias, we introduce an addi-
tional loss term called self-guided exploitation loss, which additionally trains the
model to retain an appropriate distribution and resist incorrect pseudo-labels. To
reliably choose pseudo-labeled unlabeled-samples for additional training, we con-
sider not only the confidence of pseudo-labels, but also the consistency between
pseudo-labels and self-pseudo-labels. By considering consistency, the model can
be guided by the distribution information. The self-guided exploitation loss Lex

is as follows:

Lex =
1

µB

µB∑
b=1

(
1 (q̂b = r̂b and max (qb) ≥ τex) ·H(q̂b, p (α (ub)))

)
(3)

where q̂b and r̂b are a pseudo-label and a self-pseudo-label of ub, respectively. To
mitigate noisy labels and utilize the distribution information, the mask consists
of consistency between a self-pseudo-label r̂b and its own pseudo-label q̂b, and its
own prediction’s confidence qb as shown in Eq. (3). These conditions allow the
model to choose additional unlabeled-samples for exploitation. Finally, the model
learns from a weakly-augmented sample α(xb) using masked cross-entropy.

Unlike the unsupervised loss used for label propagation, the self-guided ex-
ploitation loss is designed to guide the model consider the appropriate distri-
bution and resist learning from incorrect pseudo-labels. In other words, it is a
retraining process for reliable unlabeled samples. Therefore, we apply weak aug-
mentations to the samples selected through self-guidance, rather than strong
augmentations that may deviate significantly from the guidance.

Our overall loss is as follows:

L = Ls + λuLu + λexLex (4)

where λs, λu, and λex are weight factors for the supervised loss, the unsupervised
loss, and our proposed self-guided exploitation loss, respectively.



8 N. Kim et al.

4 Experiments

4.1 Experimental Setup

To evaluate semi-supervised models in environments with scarce labeled sam-
ples, we compare the proposed method, ExMatch, with UDA [41], FixMatch [36],
SelfMatch [18], CoMatch [26], DoubleMatch [39], FlexMatch [44], Propagation
Regularizer (PR) [19], FreeMatch [40], and FlatMatch [14]. UDA and FixMatch
are the most commonly used as baselines, and SelfMatch, CoMatch, and Dou-
bleMatch are semi-supervised learning methods adopting self-supervised learn-
ing. FlexMatch, PR, and FreeMatch are semi-supervised approaches that con-
sider the learning status of each class, and FlatMatch considers the learning
status between labeled and unlabeled samples. In environments with scarce la-
bels, the model’s performance is strongly effected by the set of labeled samples.
Therefore, we re-evaluate all methods based on their original works with the
same folds.

To evaluate our proposed method and baselines, we use CIFAR-10/100 [21],
and SVHN [33] as benchmark datasets commonly used in semi-supervised learn-
ing. Also, we conduct experiments on STL-10 [9], Tiny-ImageNet [23], and Ima-
geNet [10] to demonstrate the effectiveness of our approach with high-resolution
and large-scale datasets. Details of datasets are presented in the supplementary
material. We select an equal number of labeled samples for each class in all
datasets except SVHN, and for SVHN, labeled samples are chosen in accord-
ing to the original class distribution. All experiments are performed using the
same 5 folds. We use the original data as the unlabeled data, and only randomly
selected samples as the labeled data.

A Wide ResNet-28-2 [43] architecture is used for CIFAR-10, CIFAR-100,
SVHN, and Tiny-ImageNet. For STL-10 and ImageNet, Wide ResNet-37-2 and
ResNet-50 are used, respectively. The hyperparameter τex is set to 0.6 for Ima-
geNet, and 0.8 for other datasets. The weight of the exploitation loss is set to 0.4
for all datasets. Hyperparameters for the semi-supervised model are set accord-
ing to the FixMatch [36]. Details of the semi-supervised models are presented in
the supplementary material. To obtain self-pseudo-labels, SimCLR [6,17] models
with the ResNet-50 [13] are used for all datasets. For SVHN dataset, flip aug-
mentation is not used, and the scale of resize crop is set from 0.8 to 1.0 since it
includes digit numbers. All hyperparameters for self-supervised learning are set
according to the original works [6, 17]. We present the details of self-supervised
models in the supplementary material.

Although we conducted baseline experiments based on the original works,
we observed discrepancy in performance compared to the original results. Since
all the indices of the labeled samples were not disclosed, we randomly selected
labeled samples for the experiments. When labeled data is scarcely given, the per-
formance can vary significantly depending on which samples are chosen [19,36].
For the fair comparison, in this paper, we fix the indices of randomly selected la-
beled samples for all the baselines. More details on reproducibility are presented
in the supplementary material.
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Table 1: Comparison of accuracy for CIFAR-10, CIFAR-100, and SVHN on 5 folds.
For a fair comparison, all the baselines are conducted on the same labeled samples for
each fold.

Method
CIFAR-10 CIFAR-100 SVHN

10 20 40 100 200 400 10 20 40

UDA 56.93
± 8.17

77.62
± 7.04

89.41
± 4.28

24.85
± 0.85

38.12
± 0.93

48.62
± 1.88

12.84
± 6.29

37.76
± 20.14

84.90
± 16.28

FixMatch 60.01
± 7.41

75.50
± 10.93

85.57
± 5.21

24.11
± 1.50

35.83
± 1.63

46.04
± 1.41

13.07
± 4.48

27.58
± 14.50

56.65
± 26.88

SelfMatch 50.60
± 27.41

77.66
± 21.78

90.15
± 4.59

20.71
± 2.84

32.13
± 2.57

44.93
± 1.27

43.07
± 23.64

73.79
± 13.16

90.52
± 6.36

CoMatch 65.10
± 7.81

88.26
± 8.29

92.16
± 4.97

24.19
± 0.98

32.51
± 1.15

41.72
± 2.04

19.51
± 6.22

27.30
± 2.79

47.51
± 6.74

DoubleMatch 54.86
± 6.83

76.68
± 9.42

89.91
± 3.09

20.82
± 2.66

31.96
± 1.77

43.31
± 2.86

29.34
± 12.65

56.38
± 10.88

89.04
± 10.00

FlexMatch 59.06
± 19.80

94.62
± 0.15

94.86
± 0.05

4.47
± 0.81

30.59
± 1.69

46.11
± 2.83

8.71
± 0.40

9.93
± 0.81

32.41
± 23.12

PR 49.97
± 17.09

84.53
± 6.04

90.55
± 3.15

26.83
± 1.07

36.22
± 2.10

47.75
± 1.43

30.05
± 20.90

58.34
± 13.05

74.45
± 15.18

FreeMatch 66.19
± 23.58

91.66
± 7.11

94.88
± 0.11

8.08
± 2.74

29.86
± 1.68

44.72
± 1.09

8.84
± 0.67

29.47
± 30.37

69.50
± 17.61

FlatMatch 69.28
± 17.54

91.59
± 7.13

94.85
± 0.11

9.19
± 3.00

29.47
± 0.30

47.10
± 4.47

9.44
± 0.34

10.99
± 1.04

34.03
± 24.99

ExMatch 72.97
± 5.91

84.66
± 3.91

89.78
± 3.06

32.49
± 2.99

43.71
± 1.48

51.13
± 1.70

45.25
± 4.81

82.07
± 9.16

92.97
± 4.48

4.2 Overall Performance with Scarce Labeled Samples

Table 1 shows the results on CIFAR-10, CIFAR-100, and SVHN. For evalua-
tion, previous studies adopted the median performance of the last 20 check-
points [2, 3, 26, 36, 39], the best performance in all checkpoints [36, 39], or the
performance by model selection [19]. We employ the median performance of the
last 20 checkpoints as used in most research. We present the performance with a
small number of labeled samples. We present more results with a lager number
of labeled samples in the supplementary material.

The proposed method, ExMatch, shows the best performance on CIFAR-10
with 10 labels, CIFAR-100 with 100, 200, and 400 labels, and SVHN with 10, 20,
and 40 labels. Especially on CIFAR-10 with 10 labels, CIFAR-100 with 100 la-
bels, and SVHN with 10 labels, we achieve performance improvements of 5.3%,
21.1%, and 5.1% compared with the best baseline models, respectively. Also,
compared to FixMatch which is our base method, ExMatch shows improve-
ments. This indicates that self-guided exploitation leads to significant perfor-
mance improvement in harsh environments to semi-supervised learning, datasets
with fewer labeled samples or more classes.
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Table 2: Comparison of accuracy for STL-10, Tiny-ImageNet and ImageNet. STL-10
is evaluated on 3 folds, and Tiny-ImageNet and ImageNet are on 1 fold.

Method STL-10
10 labels

Tiny
-ImageNet
800 labels

ImageNet

10k labels 100k labels

Top-1 Top-5 Top-1 Top-5

FixMatch 38.09 27.48 21.47 38.53 54.43 76.69

ExMatch 54.01 33.77 25.94 43.99 55.95 77.58

On CIFAR-10 dataset, ExMatch shows the best performance and the smallest
variance with 10 labels, the most harsh environment. Although learning CIFAR-
100 is more difficult than CIFAR-10 due to more classes and fewer unlabeled
samples for each class, ExMatch shows a greater performance improvement. Es-
pecially on CIFAR-100 with 100 labeled samples, ExMatch achieves a significant
improvement of 21.1% compared to the best baseline, PR. Even in the case of
class imbalance in SVHN, ExMatch demonstrates superior performance com-
pared to the baselines. Despite being highly influenced by the choice of labeled
samples, our approach consistently achieves best performance and shows rela-
tively low standard deviation.

In contrast to the significant performance improvement of ExMatch, meth-
ods adopting self-supervised learning, such as SelfMatch, CoMatch, and Dou-
bleMatch, exhibit similar or lower performance compared to FixMatch on CIFAR-
10 and CIFAR-100 datasets. On SVHN, they show relatively better performance
than FixMatch, but there are performance difference of more than 5% compared
to ExMatch. These results indicate that our approach leverages the information
from the self-supervised model more effectively.

4.3 Results on Higher Resolution Datasets

To confirm our method is effective with high-resolution datasets and large-scale
dataset, experiments are also conducted on STL-10, Tiny-ImageNet, and Ima-
geNet datasets. For STL-10 and Tiny-ImageNet, we respectively sample 1 and 4
labeled samples per class. For ImageNet, we sample 10 and 100 labeled samples
per class. Table 2 shows the experimental results. Due to practical challenges
arising from high resolution and a larger number of samples, the comparison
experiments are conducted exclusively with FixMatch.

Our method exhibits a significant performance improvement of 41.8% on
STL-10 and 22.9% on Tiny-ImageNet. On the large-scale dataset, ImageNet,
which contains 1000 classes, high resolution, and a substantial number of samples
(1.3 million), our method achieves a performance improvement of 20.8% and
2.6%. The experiments shows that our method is also effective to large scale
datasets with high resolution images.
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Table 3: Ablation study of exploitation conditions and augmentations for CIFAR-10
with 10 labels on 3 folds.

Model Loss Acc.

FixMatch Ls + λu
1

µB

∑µB
b=1 1 (max (qb) ≥ τ) H (q̂b, p (A (ub))) 60.84

M1 Ls + λu
1

µB

∑µB
b=1 1 (max (qb) ≥ τ and q̂b = r̂b) H (q̂b, p (A (ub))) 64.86

M2 Ls + λuLu + λex
1

µB

∑µB
b=1 1 (True)H (q̂b, p (α (ub))) 12.31

M3 Ls + λuLu + λex
1

µB

∑µB
b=1 1 (max (qb) ≥ τex) H (q̂b, p (α (ub))) 29.25

M4 Ls + λuLu + λex
1

µB

∑µB
b=1 1 (q̂b = r̂b) · H (q̂b, p (α (ub))) 56.61

M5 Ls + λuLu + λex
1

µB

∑µB
b=1 1 (q̂b = r̂b and max (qb) ≥ τex) H (q̂b, p (A (ub))) 50.07

ExMatch Ls + λuLu + λex
1

µB

∑µB
b=1 1 (q̂b = r̂b and max (qb) ≥ τex) H (q̂b, p (α (ub))) 74.83

4.4 Ablation Study

Exploitation Conditions and Augmentations. Table 3 shows the perfor-
mance with respect to how to guide and how to learn for exploitation. M1 is a
model that incorporates the consistency of pseudo-labels and self-pseudo-labels
into the unsupervised loss of FixMatch. M2 is a model using all pseudo-labeled
unlabeled samples instead of appropriate guiding conditions, M3 is a model that
selects and uses unlabeled samples based only on its confidence, without the
consistency guidance of the distribution information. M4 is a model that selects
and uses unlabeled samples based only on the consistency between pseudo-labels
and self-pseudo-labels. M3 and M4 are based on partial conditions of our pro-
posed method, ExMatch. Lastly, M5 is a model that uses strong augmentations
instead of weak augmentations in the self-guided exploitation loss.

Simply adding self-pseudo-labels does not lead to significant performance
improvement in the model (M1). Since pseudo-labeled samples are inaccurate,
using all of them without selection (M2) have a bad effect on model performance.
Choosing based on the confidence (M3) is not a good approach because the model
is also unreliable. It is not so effective to use unlabeled samples chosen with
consistency of pseudo-labels and self-pseudo-labels (M4) because the accuracy
of self-pseudo-labels is not so high, either. Despite consisting the same condition
as ExMatch, M5 shows lower performance due to the use of strong augmentation.

This demonstrates that we have effectively designed the exploitation loss
for consider the information of self-supervised models. As a result, it is evident
that simple incorporating self-pseudo-labels into the semi-supervised learning
process does not lead to performance improvement. Table 3 confirms that our
exploitation conditions are well-designed to achieve performance improvements.

Hyperparameters. To verify the sensitivity of parameters, we perform the
experiments with various exploitation weights (λex) and exploitation thresholds
(τex). The exploitation weight is the weight factor of the self-guided exploitation
loss, and the exploitation threshold is used in the conditions for self-guidance.
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Fig. 3: Accuracy with respect to the weight for exploitation loss, λex, and the threshold
for exploitation loss, τex.

Table 4: Performance depending on self-supervised models. All experiments are eval-
uated on CIFAR-10 with 10 labels.

Model Network Dataset Self-pseudo Accuracy

S1 RotNet NiN-4 CIFAR-10 Similarity 57.91

S2 SimCLR WRN-28-2 CIFAR-10 Similarity 71.92

S3 SimCLR ResNet-18 CIFAR-10 Similarity 74.72

S4 SimCLR ResNet-50 CIFAR-10 Fine-tuning 67.82

S5 SimCLR ResNet-50 ImageNet-32 Similarity 74.85

ExMatch SimCLR ResNet-50 CIFAR-10 Similarity 74.83

Figure 3 shows the performance of ExMatch with respect to the value of the
exploitation weight (λex) and the exploitation threshold (τex). Looking at the
blue line, ExMatch shows the best performance when λex is 0.4. It maintains a
performance of over 70% when λex is between 0.4 and 1.0. Looking at the orange
line, ExMatch shows the best performance when τex is 0.8. Its performance keeps
around 70% under the exploitation thresholds are 0.6 and 0.95.

Self-Supervised Models. We present an ablation study on self-supervised
models to examine how they affect the performance of ExMatch. We choose
two approaches for self-supervised model training: RotNet [12] and SimCLR;
four networks: NiN-4 [27], Wide Resnset-28-2, ResNet-18, and ResNet-50; two
datasets for self-supervised model training: CIFAR-10 and ImageNet-32; and two
methods for obtaining self-pseudo-labels: similarity and fine-tuning as shown in
Tab. 4. S1 is the ExMatch with a simple self-supervised models. S2 and S3
use SimCLR with Wide ResNet-28-2 and ResNet-18, respectively, which are
smaller networks compared to the original ExMatch. In S4, instead of utilizing
cosine similarity-based self-pseudo-labels, self-pseudo-labels are given by the self-
supervised model fine-tuned with scarce labeled samples. The self-supervised
models for S5 is trained with ImageNet-32 [8] instead of CIFAR-10.

Despite the limitation of the self-supervised learning method and network
size, S1 shows a similar performance to FixMatch. Its accuracy is 57.91% while
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Table 5: Analysis of self-guided exploitation on CIFAR-10/100 and SVHN. Accuracy
of exploited samples and exploitation ratio are median of the last 20 checkpoints.

CIFAR-10 CIFAR-100 SVHN

10 20 40 100 200 400 10 20 40

Accuracy of
All Self-Pseudo-Labels 53.36 65.13 74.46 36.57 43.08 47.99 45.33 65.63 77.21

Accuracy of
Exploited Samples 87.87 92.02 93.86 64.27 71.42 76.41 62.54 86.32 93.90

Exploitation Ratio 52.77 66.21 76.85 36.63 45.38 51.79 61.67 73.53 81.07

FixMatch is 60.98%. It can be noted that our method still effectively provide
additional exploitations, despite the distribution information not being accurate
due to the low quality of the self-supervised model. Furthermore, S2 and s3
with a relatively smaller model demonstrates comparable performance to Ex-
Match, achieving an accuracy of 71.92% and 74.72%, respectively. We adopt
self-supervised models fine-tuned on labeled samples to generate self-pseudo-
labels for S4, and it achieves a performance of 67.82%. This demonstrates that
adopting self-supervised learning is effective, but our approach proves to be more
effective. S5 achieves a performance of 74.85% even though the self-supervised
model is trained with ImageNet-32, other dataset than CIFAR-10. This provides
the possibility of utilizing publicly available pre-trained models, which could lead
to a reduction in training costs for self-supervised models.

This result demonstrates additional advantages of our approach. By decou-
pling the self-supervised model from the semi-supervised model and leverag-
ing information through self-pseudo-labels instead of using the self-supervised
model directly, our method provides flexibility and advantages in utilizing self-
supervised models with diverse architectures, sizes, and datasets.

4.5 Analysis of Exploitation

We analyze how effectively the proposed self-guided exploitation utilizes unla-
beled samples. We evaluate the exploitation by the accuracy of all self-pseudo-
labels, the accuracy of exploited samples, and the exploitation ratio as shown in
Tab. 5. The accuracy of all self-pseudo-labels is the quality of self-pseudo-labels
obtained from the self-supervised model. In other words, it denotes the quality
of the distribution information obtained from the self-supervised model. It is
evaluated using ground-truth labels that are not used for training. The accuracy
of exploited samples refers to the accuracy of unlabeled samples chosen by the
conditions in Eq. (3) for self-guidance. The exploitation ratio is the proportion
of the chosen unlabeled samples for exploitation.

In Tab. 5, we can know that the accuracy of exploited samples are always
much higher than the accuracy of all self-pseudo-labels. This indicates that our
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Fig. 4: Comparisons of learning stability between FixMatch and ExMatch with 1 la-
beled sample per class on 5 folds.

exploitation conditions are effective in selecting more accurate and reliable sam-
ples to guide semi-supervised learning using the distribution information. The
ratio of exploited samples is about 36% to 81%, which means that a quite number
of unlabeled samples are utilized for additional exploitation. What is interesting
is the ratio is linearly proportional to the accuracy of all self-pseudo-labels. As
the accuracy increases, so does the ratio, and vice versa. However, the accuracy
of exploited samples are kept high.

4.6 Training Stability

We analyze how the self-guided exploitation helps the models stably learn by
comparing with FixMatch. Figure 4 shows the accuracy as training progress on
CIFAR-10, CIFAR-100, and SVHN with only 1 labeled sample per class. On all
datasets, ExMatch demonstrates gradual and stable performance improvements
compared to FixMatch. These results show that the self-guided exploitation leads
to not only high performance but also high stability in model training.

5 Conclusion

We proposed ExMatch, a semi-supervised learning approach that addressed the
performance degradation when a small number of labeled samples were available.
By leveraging self-supervised models, ExMatch effectively extracted the distribu-
tion information from unlabeled samples. Subsequently, in the semi-supervised
learning process, ExMatch learned from unlabeled samples guided by the infor-
mation to maintain an appropriate distribution and resist learning from incorrect
pseudo-labels, which helps alleviate confirmation bias. ExMatch demonstrated
stable training progress and achieved state-of-the-art performance on various
benchmark datasets with scarce labeled samples.
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