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Abstract

Differing from traditional semi-supervised learning, class-
imbalanced semi-supervised learning presents two distinct
challenges: (1) The imbalanced distribution of training sam-
ples leads to model bias towards certain classes, and (2) the
distribution of unlabeled samples is unknown and potentially
distinct from that of labeled samples, which further con-
tributes to class bias in the pseudo-labels during training. To
address these dual challenges, we introduce a novel approach
called Twice Class Bias Correction (TCBC). We begin by
utilizing an estimate of the class distribution from the par-
ticipating training samples to correct the model, enabling it
to learn the posterior probabilities of samples under a class-
balanced prior. This correction serves to alleviate the inher-
ent class bias of the model. Building upon this foundation,
we further estimate the class bias of the current model pa-
rameters during the training process. We apply a secondary
correction to the model’s pseudo-labels for unlabeled sam-
ples, aiming to make the assignment of pseudo-labels across
different classes of unlabeled samples as equitable as possi-
ble. Through extensive experimentation on CIFAR10/100-LT,
STL10-LT, and the sizable long-tailed dataset SUN397, we
provide conclusive evidence that our proposed TCBC method
reliably enhances the performance of class-imbalanced semi-
supervised learning.

Introduction

Semi-supervised learning (SSL) (Van Engelen and Hoos
2020; Li and Liang 2019; Yang et al. 2019a,b) has shown
promise in using unlabeled data to reduce the cost of cre-
ating labeled data and improve model performance on a
large scale. In SSL, many algorithms generate pseudo-
labels (Lee et al. 2013) for unlabeled data based on model
predictions, which are then utilized to regularize model
training. However, most of these methods assume that the
data is balanced across classes. In reality, many real-world
datasets exhibit imbalanced distributions (Buda, Maki, and
Mazurowski 2018; Pouyanfar et al. 2018; Byrd and Lipton
2019; Li, Zhan, and Li 2022), with some classes being much
more prevalent than others. This imbalance affects both the
labeled and unlabeled samples, resulting in biased pseudo-
labels that further worsen the class imbalance during train-
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ing and ultimately hinder model performance. Recent re-
search (Wei et al. 2021; Lee, Shin, and Kim 2021; Guo and
Li 2022; Wei et al. 2022; Tao et al. 2023) has highlighted the
significant impact of class imbalance on the effectiveness of
pseudo-labeling methods. Therefore, it is crucial to develop
SSL algorithms that can effectively handle class imbalance
in both labeled and unlabeled data, leading to improved per-
formance in real-world scenarios.

Unlike traditional SSL techniques that assume identical
distributions of labeled and unlabeled data, this paper ad-
dresses a more generalized scenario of imbalanced SSL.
Specifically, we consider situations where the distribution
of unlabeled samples is unknown and may diverge from the
distribution of labeled samples (Oh, Kim, and Kweon 2022;
Wang et al. 2022; Wei and Gan 2023).

In this context, two challenges need to be addressed: (1)
How to mitigate the model’s class bias induced by training
on imbalanced data, and (2) How to leverage the model’s
predictions on unlabeled samples during the training pro-
cess to obtain improved pseudo-labels. To elucidate these
challenges, we devised an experiment, as depicted in Fig-
ure la, where labeled samples follow a long-tailed distribu-
tion, and unlabeled samples follow a uniform distribution.
Figure 1b illustrates the recall performance of the FixMatch
model trained under this scenario on the test set. Despite
the presence of many minority class samples in the unla-
beled data, due to the class imbalance in the labeled samples,
the eventual model still exhibits significant class bias. Fig-
ure lc represents the pseudo-label class distribution on un-
labeled data obtained by FixMatch, highlighting a notable
class bias present in FixMatch’s pseudo-labels, which can
adversely affect model training. To address these two chal-
lenges within imbalanced SSL, we introduce a novel ap-
proach termed “Twice Class Bias Correction” (TCBC).

The first challenge primarily stems from the potential in-
consistency between the class distributions of labeled and
unlabeled samples. During training, the class distribution
of training samples may undergo substantial fluctuations,
rendering it infeasible to rely on the assumption of consis-
tent class distribution to reduce model bias. To address this
challenge, we dynamically estimate the class distribution of
participating training samples. Leveraging the assumption
of consistent class-conditional probabilities, we guide the
model to learn a reduced class bias objective on both labeled
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Figure 1: Experiments on CIFAR-10. (a) Class frequency of the labeled and unlabeled data. (b) Recall for each class on test set.

(c) The pseudo-label distribution generated from the unlabeled set.

and pseudo-labeled samples. Specifically, this objective is
the posterior probabilities of samples under the assumption
of a class-balanced prior. As depicted in Figure 1b, our ap-
proach significantly diminishes the model’s bias across dif-
ferent classes.

The complexity of the second challenge lies in the pres-
ence of class bias in the model during training and the un-
known distribution of unlabeled samples. This results in un-
controllable pseudo-labels acquired by the model on unla-
beled data. A balanced compromise solution is to ensure that
the model acquires pseudo-labels as equitably as possible
across different classes. Hence, we introduce a method based
on the model’s output on samples to estimate the model’s
class bias under current parameters. We leverage this bias
to refine predictions on unlabeled samples, thereby reducing
class bias in pseudo-labels. As illustrated in Figure lc, our
approach achieves a less biased pseudo-label distribution on
class-balanced unlabeled samples.

Our primary contributions are as follows:

* We present a novel technique that harnesses the class dis-
tribution of training samples to rectify the biases intro-
duced by class imbalance in the model’s learning objec-
tives.

* We introduce a method to evaluate the model’s class bias

under the current model parameter conditions during the

training process and utilize it to refine pseudo-labels.

Our approach is straightforward yet effective, as demon-

strated by extensive experiments in various imbal-

anced SSL settings, highlighting the superiority of our
method. Code and appendix is publicly available at
https://github.com/Lain810/TCBC.

Related Work

Class-imbalanced learning attempts to learn models that
generalize well on each class from imbalanced data. Resam-
pling and reweighting are two commonly used methods. Re-
sampling methods balance the number of training samples
for each class in the training set by undersampling (Drum-
mond, Holte et al. 2003; Buda, Maki, and Mazurowski
2018) the majority classes or oversampling (Buda, Maki,
and Mazurowski 2018; Pouyanfar et al. 2018; Byrd and Lip-
ton 2019) the minority classes. Reweighting (Huang et al.
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2016; Wang, Ramanan, and Hebert 2017; Cui et al. 2019)
methods assign different losses to training samples of each
class or each example. In addition, some works have used
logits compensation (Cao et al. 2019; Menon et al. 2020;
Ren et al. 2020; Ye et al. 2020) based on class distribution
or transfer learning (Yin et al. 2019; Chu et al. 2020; Ye,
Zhan, and Chao 2021) to address this problem.

Semi-supervised learning try to improve the model’s per-
formance by leveraging unlabeled data (Berthelot et al.
2019). A common approach in SSL is to utilize model pre-
dictions to generate pseudo-labels for each unlabeled data
and use these pseudo-labels for supervised training. Re-
cent SSL algorithms, exemplified by FixMatch (Sohn et al.
2020), achieve enhanced performance by encouraging con-
sistent predictions between two different views of an im-
age and employing consistency regularization. While these
methods have seen success, most of them are based on the
assumption that labeled and unlabeled data follow a uniform
label distribution. When applied to class-imbalanced scenar-
ios, the performance of these methods can significantly de-
teriorate due to both model bias and pseudo-label bias.

Class imbalanced semi-supervised learning has garnered
widespread attention due to its alignment with real-world
tasks. The DARP (Kim et al. 2020) refines initial pseudo-
labels through convex optimization, aiming to alleviate dis-
tribution bias resulting from imbalanced and unlabeled train-
ing data. CREST (Wei et al. 2021) employs a combination of
re-balancing and distribution alignment techniques to miti-
gate training bias. ABC (Lee, Shin, and Kim 2021) intro-
duces an auxiliary balanced classifier trained through down-
sampling of majority classes. However, many existing meth-
ods assume a similarity between marginal distributions of
labeled and unlabeled data classes, an assumption that of-
ten doesn’t hold or remains unknown before training. To ad-
dress this limitation, DASO (Oh, Kim, and Kweon 2022)
combines pseudo-labels from both linear and similarity-
based classifiers, leveraging their complementary properties
to combat bias. L2AC (Wang et al. 2022) introduces a bias
adaptive classifier to tackle the issue of training bias in im-
balanced semi-supervised learning tasks. Compared to these
methods, we account for both class bias in the final model
and pseudo-labeling during training.
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Figure 2: Illustration of the proposed method. Our approach corrects the class bias in the model’s learning objectives by esti-
mating the class distribution based on the participating training data. Simultaneously, it refines pseudo-labels by estimating the
model’s class bias under the current parameters, reducing bias in the pseudo-labels.

Preliminaries function on unlabeled samples can also be formulated as
1 N -
Assuming the existence of a labeled set denoted by D; = L, = 1B Z M-H (G5, p (y|ay)) 2)

{(2n,y,)})_, and an unlabeled set denoted by D, =
{u, }M_,, where ,,,u,, € X represents training samples
in the input space, and y,, € ) represents the labels assigned
to labeled samples, with ) denoting the label space consist-
ing of K classes. The class distribution of labeled data and
unlabeled data is denoted by p;(y) and p,(y), respectively.
Moreover, we denote N;, and M), as the number of labeled
and unlabeled samples in class k&, respectively. Without loss Model Bias Correction
of generality, we assume that the classes are arranged in de-
scending order based on the number of training samples,
such that Ny > Ny > ... > Ng. The goal of imbalanced
SSL is to learn the model f that generalizes well on each
class from imbalanced data, parameterized by 6.

u; EBy
where M = I[max (p (y|u;)) > 7] and I is the indicator
function, 7. is the threshold. §; = arg max p (y|u;) denotes
the pseudo-label assigned by the model to the weakly aug-
mented sample u;, and u; represents the unlabeled samples
that undergo strong augmentation.

In imbalanced SSL, the first challenge to address is how
to learn a model that is devoid of class bias. Generally,
achieving a evaluation model without class bias involves
approximating a Bayesian optimal model under a class-
balanced distribution. This entails minimizing the loss on

In SSL, one effective method involves utilizing pseudo- data where the marginal distribution follows a uniform dis-
labeling techniques to enhance the training dataset with tribution, p., (y) = 1/ K. The corresponding posterior prob-
pseudo-labels for unlabeled data. In pseudo-labeling SSL, ability of the samples is denoted as pe, (y|x).
each unlabeled sample is provided with a pseudo-label based When directly optimizing surrogate loss, such as the soft-
on the model’s prediction. An optimization problem with an max cross-entropy loss, on training data with an imbalanced
objective function £ = L, + AL, is utilized to train the class distribution p;,(y), the learned posterior probability of
model on both labeled and pseudo-labeled samples. The loss the samples becomes py,.(y|2), which differs from pe,, (y|x)
function consists of two terms: the supervised loss £, com- and tends to favor the classes with more samples. Therefore,
puted on labeled data and the unsupervised loss £, com- resolving this challenge involves addressing the mismatch
puted on unlabeled data. The parameter A is used to bal- between py,.(y|) and pe., (y|).
ance the loss from labeled data and pseudo-labeled data. The When considering imbalanced SSL, the situation be-
computation formula for the supervised loss on labeled sam- comes more complex. The training data consist of labeled
ples is given by data (with a marginal distribution p;(y)) and unlabeled data

) (with a marginal distribution p, (y)). Here, p;(y) represents
= . . a known long-tail distribution, while p,, (y) represents an un-
£s |B;] w; i (yl2a), M) known distribution that may differ from(pz(y).

e Assuming that the training samples, including labeled,
where B; denotes a iteration of labeled data sampled from unlabeled samples and test samples, are drawn from the
Dy. p (yl;) = softmax(f(a;)) represents the output prob- same probability distribution of the corresponding class,
ability, and # is the cross-entropy loss. Similarly, the loss pi(x|y) = pu(x|y) = Pev(x|y) = p(x|y). 3)
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By applying the Bayes’ theorem, we establish that p(y|x)
p(x|y)p(y). If we consider labeled and unlabeled losses
separately, due to the fact that p;(y) # pu.(y), the poste-
rior probabilities learned from these two parts are differ-
ent. Specifically, let’s assume a sample x; exists in both
the labeled and unlabeled data. The posterior probabilities
pir(y|a;) learned by the model represent a weighted aver-
age of p;(y|x;) and p,, (y|x;). We denote the marginal prob-
ability distribution corresponding to p,.(y|x) as py-(y). Ac-
cording to Eq. (3), and considering p., (y) = 1/ K, we have:

per(ylz) o< p(x|y) - per(y)
X Pev (y|m)/pev (y) : ptr(y)
X Pev(YlT) - per ()

“

Because we aim to learn p,,, (y|x), which can be represented
as pey(y|lx) = softmax(f(x)), but what we learn through
the cross-entropy loss is py-(y|x). According to Eq. (4), we
have:

Per(yY|2) X pev (Y1) - Per(y) 5)
o softmax(f(x) + In py-(y)).

Therefore, the p(y|x;) in £, and p(y|@;) in £,, should be:

pir(ylz;) = softmax(f(x;) + Inpy-(y))
ptr(y|ﬁj) = Softmax(f(ﬂj) + Inpy-(y)).

This loss can be considered as an extension of the logit ad-
justment loss (Menon et al. 2020) or balanced softmax (Ren
et al. 2020) in imbalanced SSL. As the class distribution of
unlabeled data is unknown and varies during training, we
need to estimate py,(y). We use the class distribution of the
participating training samples in the most recent 7' itera-
tions as an estimate of p;,(y). Additionally, since there are
weights associated with the loss in £,,, we treat it as a form
of undersampling. Consequently, the number of samples for
class y in a batch is given by:

D Iwi=y)+ Y IM I =y).

x, €8 u]‘GBu,

count(y)

To investigate the correlation between ps, (y) and the true
distribution (representing the class distribution of D; UD,,),
we monitored the L2 distance between py-(y) and the true
distribution during the training process. Figure 3a shows the
results for both cases: when the distributions of labeled and
unlabeled samples are consistent and when they are incon-
sistent. It can be observed that when the distributions are
consistent, p(y) maintains a small distance from the true
distribution. When the distributions are inconsistent, p;-(y)
continuously approaches the true distribution.

Pseudo-Label Refinement

In the previous section, we utilized an estimate of the
marginal distribution py,-(y) of the training data to learn
a class-balanced model. However, is it optimal to use this
model to generate pseudo-labeled data for training during
the training process?
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We conducted a parametric decomposition of Eq. (4)
and (5), taking into further consideration the parameters 6,
of the model at the ¢-th iteration:

Poar (Y] 04) o< p(@|y; 01) - per (Y1602) /Der (y]01)
o per (Y] 25 0t) /Der (y10:)
o softmax (f () + Inpy-(y) — Inpyr (y|6:))

where ppqi(y|x; 0;) represents the posterior probability un-
der the uniform distribution prior for a given model param-
eters ;. It takes into account the model parameters more
explicitly than p.,, (y|x). To compute ppa; (y|x; 0;), a crucial
step is to estimate the class prior p.(y|6;) under the current
parameters. Referring to Hong et al. (2023), we can estimate
per(y|6:) through the model’s outputs on the training sam-
ples:

Pir(Y10t) = B, ep,, Der (Y| 25 04)
= Eg,ep,, (Peu(ylxi; 0:) - per(v)) 5

where Dy, represents the dataset composed of participating
training samples. Let dy, (0;) = Inpe.(y) — Inper (y]6:), we

have:

dy(et) = lnptr(y) - lnptr(il/|9t)

I ( Per(y)
Ewl ED¢r (SOftmaX (f(wl) +In Pir (y)))
— ln EwiGDtr <

ofV (@) )

Zszl efF (@) +np.. (k)

Utilizing d,(0:) to modify f(x) allows us to acquire
pseudo-labels under the current parameters that mitigate
class bias. However, an accurate estimation of d,(6;) ne-
cessitates considering the entire dataset. To ensure stable
and efficient estimation of d,(6,), we devised a momentum
mechanism that leverages expectations computed over each
iteration for momentum updates:

dy(0i41) =m - dy(0:) + (1 —m) - d;(&t),

where m € [0, 1) is a momentum coefficient, d; (¢;) is com-
puted utilizing data from the ¢-th iteration. Consequently, the
refined pseudo-label of u; can be expressed as follows:

;¢ = arg max (softmax (f (u;) + dy (0¢41))) -
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\ CIFAR10-LT \ CIFAR10-LT
. | N1 =1500,M; = 3000 | Ni=>500,M; =4500 | N =1500,M; =3000 | Ny =500, M; = 4500
Algorithm ~ = 100 v = 150 v =100 v = 150 ~ = 100 ~; = 100 ~; = 100 ~v = 100
Yo =100 4, =150 | =, =100 v, =150 Yo =1 Yu = 1/100 Yu =1 Y = 1/100
Supervised 61.9+041 5824029 | 47.3+0.95 44.2+033 | 61.9+041 61.94+0.41 47.3+0.95 47.3+0.95
FixMatch 7754132 72441.03 | 67.8+1.13 62.940.36 | 81.5+1.15 71.8 £1.70 73.0 +3.81 62.5 +0.49
w / DARP 77.84+0.63 73.64+0.73 | 74.54+0.78 67.24+0.32 | 84.64+0.34 80.0 £0.93 82.5 £0.75 70.1 £0.22
w / CReST+ 78.14+042 7374034 | 76.3+086 67.5+045 86.4 £0.42 72.9 £2.00 82.2£1.53 62.9 +1.39
w/ ABC 83.8+036 80.1+045 | 78.9+0.82 66.54+0.78 | 82.84+0.61  77.94+0.86 | 73.14+0.33  66.6+0.39
w / DASO 79.14+0.75 75.140.77 | 76.0+£037 70.1+1.81 | 88.840.59 80.340.65 | 86.6+0.84  71.040.95
w/L2AC 82.14+0.57 77.64+0.53 | 76.14+0.45 70.240.63 | 89.540.18 82.2+1.23 87.1 £0.23 73.14+0.28
w / TCBC (ours) | 84.0 +£0.55 80.4 +0.58 | 80.3 +0.45 75.24+0.32 | 92.8 £0.42 85.9 +0.17 | 92.4 £0.29  79.9 +0.41

Table 1: Comparison of accuracy (%) on CIFAR10-LT and under v; = ~, and ; # -, setting. We set y; to 100 and 150 for
CIFAR10-LT. We use bold to mark the best results.

Algorithm

CIFAR100-LT

STL10

Ny = 150, M; = 300

| Ny =150, My = 100k | Ny = 450, M; = 100k

7 =10 =20 7 =10 7 =10 7 =10 =20 7 =10 v =20

Yo = 10 Yo = 20 Yo =1 Yo =1/10 | v, =N/A ~,=NJ/A | v,=N/A ~,=N/A
Supervised 46.9+0.22 41.2+0.15 4694022 4694022 | 40.9+4.11 36.44+3.12 60.1+£5.22  50.6 +4.15
FixMatch 46.5+0.06 50.7 £0.25 58.6+0.73 57.6+0.53 51.64+2.32 47.6+4.87 72.44+0.71 64.0+2.27
w / DARP 58.1+0.44 52.240.66 | 55.8+030 51.64+0.83 | 66.9+1.66 59.942.17 | 75.6+0.45 72.340.60
w / CReST+ 57.440.18 52.140.21 59.3+0.88 56.6+0.23 61.24+1.27 57.14+3.67 71.54+096 68.54+1.88
w/ ABC 59.1+0.21 53.7 £0.55 61.3+0.53 59.8+0.63 69.6 +0.78 64.1 +0.67 78.6+£0.86 66.940.98
w / DASO 59.24035 5294042 | 59.84+0.32 59.74043 | 70.14£1.19 65.7+£1.78 | 7844080 75.3+0.44
w/L2AC 57.84+0.19 52.6+0.13 61.3+044 59.240.36 75.14+044  72.3+0.22 79.94+052  77.0+0.65
w /TCBC (ours) | 59.4 +£0.28 53.9 +0.72 | 63.2 £0.65 59.9 +£042 | 77.6 +0.93 74.9 £1.42 | 84.5 +£0.52 82.6 =1.23

Table 2: Comparison of accuracy (%) on CIFAR100-LT and STL10 under ; = =, and ~y; # ~,, setting. We set ~y; to 10 and 20

for them. We use bold to mark the best results.

Fixing p:(y) at 1/ K leads the algorithm to degenerate into
a process that exclusively incorporates pseudo-label refine-
ment into the FixMatch. We conducted a comparative anal-
ysis between the approach that exclusively employs pseudo-
label refinement and the original FixMatch, aiming to ex-
plore the characteristics of pseudo-label refinement. Exper-
imental trials were carried out utilizing unlabeled samples
distributed uniformly, aligning with the conditions depicted
in Figure la. Figure 3b visualizes the L2 distance between
the distribution of pseudo-labels and the uniform distribu-
tion. Clearly, with the advancement of training, the refined
distribution of pseudo-labels gradually converges toward the
uniform distribution. Our proposed approach successfully
mitigates the class bias present in pseudo-labels.

In summary, Figure 2 presents the overall training proce-
dure for TCBC. The labeled loss in Eq. (1) and unlabeled
loss in Eq. (2) are given by:

1
Ly=

|B[‘ Z H (yiaptr (y‘mz)) )

z, €8,

1
Bl

Eu = Z M-H (Q;eaptr (y|ﬁ])) .

Uu; B,
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Experiments

This section presents a comprehensive evaluation of our
algorithm’s performance within the context of imbalanced
SSL in classification problems.

Experimental Setup

Datasets. We conduct experiments on three benchmarks in-
cluding CIFAR10, CIFAR100 (Krizhevsky, Hinton et al.
2009) and STL10 (Coates, Ng, and Lee 2011), which are
commonly used in imbalance learning and SSL task. Results
on real-world dataset, SUN-397, are also given in appendix.
To validate the effectiveness of TCBC, we evaluate TCBC
under various ratio of class imbalance. For imbalance types,
we adopt long-tailed (LT) imbalance by exponentially de-
creasing the number of samples from the largest to the small-
est class. Following (Lee, Shin, and Kim 2021), we denote
the amount of samples of head class in labeled data and un-
labeled data as N7 and M respectively. The imbalance ratio
for the labeled data and unlabeled data is defined as ~; and
Yu» Which can vary independently. We have N, = Ny - ;%
and My = My - v,°, where ¢, = %

Baseline Methods. For supervised learning, we train net-
work using cross-entropy loss with only labeled data. For
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semi-supervised learning, we compare the performance of
TCBC with FixMatch (Sohn et al. 2020), which do not con-
sider class imbalance. To have a comprehensive comparison,
we combine several re-balancing algorithms with FixMatch,
including DARP (Kim et al. 2020), CReST (Wei et al. 2021),
ABC (Lee, Shin, and Kim 2021), DASO (Oh, Kim, and
Kweon 2022) and L2AC (Wang et al. 2022).

Training and Evaluation. We train Wide ResNet-28-2
(WRN28-2) on CIFAR10-LT, CIFAR100-LT and STL10-LT
as a backbone. We evaluate the performance of TCBC using
an EMA network, where parameters are updating via ex-
ponential moving average every steps, following Oh, Kim,
and Kweon (2022). We measure the top-1 accuracy on test
data and finally report the median of accuracy values of the
last 20 epochs following Berthelot et al. (2019). Each set of
experiments was conducted three times. Additional experi-
mental details are provided in the appendix.

Results

In the Case of v, = ~,. We initiate our investigation by
conducting experiments in the scenario where \; = A,.
Our evaluation of the proposed TCBC approach is exhaus-
tive, encompassing a comprehensive comparative analysis
against various recent state-of-the-art methods. These meth-
ods include DARP (Kim et al. 2020), CReST+ (Wei et al.
2021), ABC (Lee, Shin, and Kim 2021), DASO (Oh, Kim,
and Kweon 2022), and L2AC (Wang et al. 2022). Further
details about these methods are provided in appendix.

The main results on the CIFAR-10 dataset are shown in
Table 1. It is evident that across various dataset sizes and
imbalance ratios, our approach (TCBC) substantially en-
hances the performance of FixMatch. Moreover, our TCBC
consistently surpasses all the compared approaches in these
settings, even when they are designed with the assump-
tion of shared class distributions between labeled and unla-
beled data. For instance, considering the highly imbalanced
scenario with v; = v, = 150, our TCBC achieves im-
provements of 2.8% and 5.0% in situations where Ny
1500, My = 3000 and N; = 500, M; = 4000, respectively,
compared to the L2AC.

To facilitate a more comprehensive comparison, we also
conducted an evaluation of TCBC using the CIFAR-100
dataset. As illustrated in Table 2, our TCBC exhibits a more
competitive performance in comparison to the state-of-the-
art methods ABC, DASO and L2AC.

In the Case of 4, # ~,. In practical datasets, the dis-
tribution of unlabeled data might significantly differs from
that of labeled data. Therefore, we explore uniform and re-
versed class distributions, such as setting 7, to 1 or 1/100
for CIFAR10-LT. In the case of the STL10-LT dataset, as
the ground-truth labels of the unlabeled data are unknown,
we can only control the imbalance ratio of the labeled data.
We present the summarized results in Table 2.

Our method demonstrates superior performance when
confronted with inconsistent class distributions in unla-
beled data. For instance, when ,, is set to 1 and 1/100 on
CIFARI10-LT, TCBC achieves absolute performance gains
of 19.4% and 17.4% respectively compared to FixMatch.
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Yu =100 v, =1 -, =1/100
FixMatch 67.8 73.0 62.5
w / model bias correction 79.2 92.3 79
w / pseudo-label refinement 77.8 92.1 76.8
TCBC 80.3 924 79.9

Table 3: Ablation studies of our proposed TCBC algorithm.

v DASO  TCBC | 7, DASO  TCBC
100 79.1  84.0(+4.9) | 1/100 803  85.9(+5.6)
75 80.7 843(+3.6) | 1/75 821  86.8(+4.7)
50 829 852(+2.3) | 1/50 81.6  87.6(+6.0)
25 854 88.9(+3.5) | 125 840  86.0(+2.0)
1 838 92.8(+4.0) | Avg 828  86.8(+4.0)

Table 4: Results on more realistic imbalanced SSL settings.

Similarly, on CIFAR100-LT, our method consistently out-
performs compared methods. Even in the case of STL10-LT
where the distribution of unlabeled data is unknown, TCBC
attains the best results with an average accuracy gain of 3.2%
compared to L2AC. These empirical results across the three
datasets with unknown class distributions of unlabeled data
validate the effectiveness of TCBC in leveraging unlabeled
data to mitigate the negative impact of class imbalance.

Ablation Study

To explore the contributions of each key component in
TCBC, we conducted a series of ablation studies. We set
Nj to 500 and M7 to 4000, and performed experiments on
CIFAR-10 with various settings of 7; = 100. As shown in
Table 3, it is evident that using either model bias correction
or pseudo-label refinement alone can significantly enhance
the performance of FixMatch. This underscores the effec-
tiveness of the two components in our approach.

However, pseudo-label refinement performs poorly when
~Yu = 100 and 7,, = 1/100, mainly due to the imbalanced
distribution of D; U D,,, which introduces class bias into the
trained model. Model bias correction effectively addresses
this issue. Similarly, pseudo-label refinement also enhances
the effectiveness of model bias correction.

Discussion

Can our method adapt to unlabeled samples with differ-
ent class distributions? To assess the effectiveness of our
approach across different distributions of unlabeled samples,
we conducted experiments on CIFAR-10-LT. The labeled
sample distribution ; was maintained at a constant value
of 100, while systematically modifying the imbalance ratio
(7,) of unlabeled data. In this study, we configured /N7 as
1500 and M as 3000, and we conducted a comparative anal-
ysis of our method against the performance of DASO. The
outcomes of the experiments are illustrated in Table 4. No-
tably, our TCBC method consistently demonstrated superior
performance compared to DASO across all test scenarios,
achieving an average performance increase of 4%. These
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Figure 4: Confusion matrices of ABC, DASO and ours on CIFAR-10 under the imbalance ratio 7,

(c) TCBC (7, = 100) (d) TCBC (v, = 1)
Figure 5: The t-SNE visualization of the unlabeled set on
CIFAR-10-LT dataset.

results clearly demonstrate that our method can effectively
adapt to imbalanced SSL environments in the real world.

How does our method perform on samples of different
frequencies? A comparative analysis was performed on
our TCBC in comparison to various configurations of ABC
and DASO. Figure 4 shows the confusion matrices of the
models obtained by different algorithms on the test set when
N7 is set to 1500 and M, is set to 3000. The two confusion
matrices on the left depict the test results of ABC and TCBC
when the labeled and unlabeled class distributions are con-
sistent. From the recall of the minority class samples, it is ev-
ident that ABC exhibits bias across different classes. How-
ever, our approach effectively mitigates such biases. Under
the settings of ; = 100 and ~,, = 1, both our method and
the model learned by DASO reduced the model’s class bias.
However, our method outperforms DASO on both major-
ity and minority classes. This observation indicates that our
TCBC has successfully learned a model without class bias.

Have our methods learned better features? We fur-
ther visualized the features of unlabeled samples using t-
SNE (Van der Maaten and Hinton 2008) in the same setting
as depicted in Figure 4. As shown in Figure 5, compared to
FixMatch, TCBC has learned more discriminative features.
For instance, in the case of v, = 100, FixMatch exhibits
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Figure 6: Train curves for the recall of pseudo-labels.

only 8 clusters, while our method demonstrates all 10 clus-
ters. This high-quality feature representation reflects the ef-
fectiveness of our method in learning an unbiased model and
refining pseudo-labels.

How does the TCBC enhance model performance? We
examined the changes in recall of minority and all classes
of unlabeled samples under the settings of Figure 4 for both
FixMatch and TCBC methods. As shown in Figure 6, it is
evident that in FixMatch, the recall of the minority class
quickly plateaus and exhibits a significant disparity from
the recall of all classes. In contrast, in TCBC, the recall of
the minority class continues to increase and approaches the
average recall. This indicates that TCBC ensures equitable
treatment of pseudo-labeling for minority classes through-
out the process, aligning with our motivation.

Conclusion

In this work, we address the model bias and pseudo-label
bias in imbalanced SSL through the introduction of a novel
twice correction approach. For tackling model bias, we pro-
pose the utilization of an estimate of the training sample
class distribution to rectify the model’s learning objectives
onto an unbiased posterior probability. To address pseudo-
label bias, we refine a better set of pseudo-labels by esti-
mating the class bias under the current parameters during
the training process. Extensive experimental results demon-
strate that our method outperforms existing approaches.
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