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Abstract

Semi-supervised learning (SSL) based on pseudo-label and
consistency has achieved significant success. The core idea
behind these methods is to assign sample weights based on
pseudo-label probabilities, thereby guiding the model toward
biased learning. However, existing research still faces two
major challenges in guiding learning: (1) how to evaluate
learning states across different classes in the absence of la-
bels, and (2) how to construct an effective sample weight
space that provides precise guidance throughout training. To
address these challenges, we propose the Bi-Dimensional
Sample Weight Guidance algorithm, BidMatch. BidMatch
introduces Class Information Entropy (CIE), which utilizes
pseudo-label information entropy to capture inter-class learn-
ing relationships, thereby enriching the representation of
learning states across different classes under unlabeled condi-
tions. Additionally, Pseudo-label Probability Redistribution
(PPR) is proposed to maintain distribution invariance and
sparsity during training, thereby emphasizing differences in
instance importance. By leveraging CIE and PPR, BidMatch
generates sample weights that account for both class and in-
stance dimensions, effectively guiding the model toward bal-
anced and efficient learning across classes. BidMatch has
demonstrated state-of-the-art performance on various SSL
datasets. Notably, it achieved a 6.45% error rate on CIFAR-
10 with only one label per class, significantly outperforming
baseline methods.

Introduction
Semi-supervised learning(SSL) leverages limited labeled
data and abundant unlabeled data to optimize the learning
process, thereby improving model performance on small
labeled sample datasets. Deep SSL combines the SSL
paradigm with the powerful feature extraction capabilities
of neural networks, enhancing the model’s learning ability
by fully utilizing large amounts of unlabeled data, ultimately
achieving better results than supervised learning(Yang et al.
2022b; Oliver et al. 2018). These learning methods demon-
strate significant application value in scenarios where re-
sources are limited or acquiring labeled data is challeng-
ing(Zhang et al. 2025; Ferman, Garrido, and Bharaj 2024;
Li et al. 2024; Wang et al. 2024).

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In recent years, combination methods based on pseudo-
label and consistency regularization, along with their ex-
tensions (Sohn et al. 2020; You et al. 2024; Li, Xiong,
and Hoi 2021; Zheng et al. 2022), have achieved great
success. These methods primarily rely on setting sample
weights based on pseudo-label probabilities to guide the
model toward consistent alignment with a bias. Among
these, FixMatch(Sohn et al. 2020), which first proposed
this idea, uses the prediction values of weakly augmented
views of unlabeled samples as class confidence and se-
lects high-confidence unlabeled samples for consistency
regularization. This approach significantly improves semi-
supervised learning performance without increasing com-
putational complexity. However, FixMatch simply maps
the sample weights of unlabeled data to a discrete space
based on a pre-set threshold, neglecting the varying im-
portance of classes and samples across different training
stages. To address this issue, SoftMatch (Chen et al. 2023)
assigns a weight of 1 to samples with pseudo-label proba-
bilities greater than the mean, while mapping the weights
of other samples to a Gaussian space. FlexMatch (Zhang
et al. 2021) assigns probabilities to different classes based on
the pseudo-label probabilities of weakly augmented views
of unlabeled samples, but still assigns sample weights of
either 0 or 1. While these methods have advanced combi-
nation SSL, they still face two key limitations: (1) current
methods rely solely on pseudo-label to determine the learn-
ing states of different classes, lacking inter-class relation-
ships and struggling to balance the learning difficulty across
classes, and (2) current methods map sample weights to a
simple discrete space, failing to reflect the varying impor-
tance of different samples under different training condi-
tions, thereby hindering effective guidance.

To address the limitations of combination SSL in sam-
ple weight guidance, we propose a bi-dimensional sam-
ple weight guidance algorithm, BidMatch, which simulta-
neously considers both the learning state of each class and
the importance of individual instances. BidMatch introduces
Class Information Entropy (CIE) to address the challenge
of varying learning difficulty across classes by characteriz-
ing learning states among samples of different classes. Un-
like directly using pseudo-label probabilities, CIE captures
inter-class learning relationships, offering a more nuanced
understanding of class-level learning difficulty. Addition-
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(a) FixMatch Avg=0.48.
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(b) FlexMatch Avg=0.71.
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(c) SoftMatch Avg=0.79.
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(d) BidMatch Avg=0.91.

Figure 1: Illustration of the training state, performance metrics, and sample weight distribution for different models after 100k
iterations on the CIFAR-10 dataset with 10 labels. In this visualization, the three-dimensional surface represents the sample
weights, while the scatter points depict the distribution of pseudo-labels. The bar chart illustrates the model’s classification per-
formance across each class on the test set, with Avg indicating the average accuracy. Compared to baseline methods, BidMatch
achieves a well-balanced pseudo-label distribution and demonstrates consistently superior overall performance.

ally, BidMatch proposes Pseudo-label Probability Redistri-
bution(PPR) for weakly augmented views, ensuring both
distribution invariance and sparsity in training, which en-
hances sample importance assessment. Based CIE and PPR,
BidMatch constructs a continuous sample weight space, al-
lowing the model to engage in targeted learning, guided by
refined sample weights, for improved learning performance.
Figure 1 illustrates the sample weights, pseudo-label dis-
tribution, and performance across different classes during
training for weight-guided semi-supervised methods. Com-
pared to baseline methods, BidMatch distributes unlabeled
samples more evenly across different classes during train-
ing, effectively mitigating semantic drift and achieving ex-
ceptional performance.

In summary, this paper presents the following contribu-
tions:

• We propose Class Information Entropy, which utilizes
pseudo-label information entropy to capture inter-class
learning relationships, thereby enriching the representa-
tion of learning states across different classes under un-
labeled conditions.

• We introduce Pseudo-label Probability Redistribution to
evaluate the importance of individual instances under
varying training status. By incorporating both class and
instance dimensions, we construct a sample weight space
that effectively guides the model’s learning process.

• Extensive experiments on various SSL datasets demon-
strate that BidMatch achieves state-of-the-art perfor-
mance and effectively guides the model to maintain sta-
ble training while balancing learning across different
classes.

Related Work

This section begins with a review of classical SSL, including
pseudo-label and consistency regularization, and then dis-
cusses related research that combines these two approaches
through sample weight guidance.

Pseudo-Label and Consistency Regularization.
The core idea of pseudo-label methods(Lee et al. 2013;
Zhou and Li 2010)is to use the model’s predictions on
unlabeled samples as labels, treating these pseudo-labeled
data as part of the training set, thus enhancing the infor-
mation available to the model during training. For exam-
ple, SimCLRv2(Chen et al. 2020) generates pseudo-labels
using a pre-trained model, while MPL(Pham et al. 2021)
uses a validation set to prevent distribution drift in unla-
beled data. Consistency regularization methods(Ke et al.
2019; Pezeshki et al. 2016), based on the manifold hy-
pothesis or smoothness assumption, argue that samples with
similar distributions in feature space should produce iden-
tical outputs, describing methods in which small perturba-
tions of data should not alter the model’s output. Mean
Teacher(Tarvainen and Valpola 2017) performs alignment
via a teacher-student model, VAT(Miyato et al. 2018) trains
by applying adversarial perturbations to the samples, and
NICE(Ni and Koniusz 2023) uses generative networks to
augment the learning data. Recent advancements in deep
learning have spurred extensive research, building on these
fundamental techniques to explore areas like data augmen-
tation(Cubuk et al. 2020; Kurakin et al. 2020; Miyato et al.
2018; Sajjadi, Javanmardi, and Tasdizen 2016; Xie et al.
2020), model architecture(Donahue, Krähenbühl, and Dar-
rell 2016; Dong-DongChen and WeiGao 2018; Gan et al.
2017; Laine and Aila 2016; Abuduweili et al. 2021), and loss
function design(Iscen et al. 2019; Ren, Yeh, and Schwing
2020; Lee et al. 2022; Yang et al. 2023).

Sample Weight-Guided Combination Methods.
FixMatch(Sohn et al. 2020) initially integrated pseudo-label
with consistency regularization by mapping sample weights
to a discrete space based on pseudo-label probabilities,
which led to substantial performance improvements in semi-
supervised algorithms. Subsequent studies expanded on this
approach by incorporating techniques like graph embed-
dings(Li, Xiong, and Hoi 2021; Zheng et al. 2023; Sun, Shi,
and Li 2023), generative models(You et al. 2024; Hong et al.
2023) and contrastive learning(Yang et al. 2022a; Zhou et al.
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2024), further enhancing the combination-based method. In
sample weight guidance, influence functions(Koh and Liang
2017; Ren, Yeh, and Schwing 2020; Kong, Shen, and Huang
2022) can compute sample weights based on model per-
formance, but the lack of labeled data and high computa-
tional costs limit their scalability. Methods such as Flex-
Match(Zhang et al. 2021) and SoftMatch(Chen et al. 2023)
extend FixMatch by improving sample weight. They set
different thresholds for various classes based on the class
pseudo-label probability, aiming to address the issue of vary-
ing learning difficulties across classes. The sample weights
are mapped to a truncated Gaussian space to improve the
utilization of unlabeled samples.

However, these methods still face challenges, such as
overly simplistic sample weight assignments and difficulty
in distinguishing the learning states between classes. Our
work is precisely centered around these challenges, offering
a more effective sample weight guidance method.

Methodology
In this section, we first review the preliminary work on sam-
ple weight-guided combination methods, followed by a de-
tailed description of BidMatch. We begin by defining a se-
ries of notations as follows: let Dl = {xli, yli}NL

i=1 denote the
set of labeled samples and Du = {xui}NU

i=1 the set of unla-
beled samples. The unlabeled samples undergo two types of
augmentations, resulting in weakly augmented sample xw

ui
and strongly augmented sample xs

ui. We represent the pre-
dicted probability distribution for a sample after t iterations
as pt (y |x ) and denote the argmax of this distribution as a
one-hot label p̂t (y |x ). The cross-entropy between the two
distributions is represented as H(·, ·) .

Preliminary
Based on pseudo-label methods, the model’s predicted re-
sults are utilized as labels for unlabeled data during super-
vised training. The loss function for consistency regulariza-
tion methods encompasses both labeled loss and consistency
regularization loss: L = Ls+Lu. Specifically, for a training
batch with a batch size of B, the supervised loss is defined
as:

Ls=
1

B

B∑
i=1

H (ŷi, pt (y |xi )), (1)

where ŷi represents the one-hot vector of the true la-
bel. The consistency regularization method posits that the
predicted probability distributions for weakly and strongly
augmented unlabeled samples should be similar, defining
the consistency regularization loss as the cross-entropy be-
tween the two distributions(Sajjadi, Javanmardi, and Tas-
dizen 2016; Laine and Aila 2016):

Lu =
1

ηB

ηB∑
i=1

H (pt (y |xw
ui ) , pt (y |xs

ui )), (2)

where η is the ratio of unlabeled samples to labeled sam-
ples.However, during the training phase, the model may per-

form poorly on certain samples. Applying consistency regu-
larization indiscriminately to all unlabeled samples can mis-
lead the model, thus reducing convergence speed and overall
performance. To address this, FixMatch introduces a con-
fidence threshold τ , mapping sample weights to a discrete
space where samples exceeding the threshold τ are assigned
a value of 1, followed by consistency regularization.

Lu =
1

ηB

ηB∑
i=1

H (p̂t (y |xw
ui ) , pt (y |xs

ui ))

× 1 (max (pt (y |xw
ui )) > τ) .

(3)

FixMatch ignores the varying importance of classes and
samples across different training stages. FlexMatch designs
adaptive class thresholds based on the differences in pseudo-
label probabilities across iteration t and class c, assigning
different threshold τ(c) to each class:

σ (c) =

ηB∑
i=1

1 (pt (y |xw
ui ) > τ)

× 1 (argmax pt (y |xw
ui ) = c) ,

(4)

τc =
σ (c)

max
c

σ
τ. (5)

SoftMatch maps sample weights to a Gaussian space, em-
ploying a truncated Gaussian distribution for weight assign-
ment:

λui,t =


exp

(
− (max(pt(y | xw

ui))−µt)
2

2σ̂2
t

)
if max (pt (y |xw

ui)) < µt

1 otherwise,

(6)

where µt is the mean and σt is the standard deviation of
the distribution, and λui,t represents the weight for xui.

BidMatch builds upon prior research and addresses the
limitations of existing sample weight guidance approaches.
To handle varying learning difficulties across classes, Bid-
Match introduces CIE, which characterizes the learning
states of different classes and captures inter-class learning
relationships. Furthermore, BidMatch redistributes pseudo-
label probabilities to assess the importance of individual
instances. Based the measures of class-level and instance-
level, BidMatch constructs a bi-dimensional sample weight
space that provides targeted guidance to the model. The
overall process of BidMatch is depicted in Figure 2, with
each component detailed in the following sections.

Class Information Entropy
The differential learning difficulties among classes presents
a fundamental challenge, particularly in SSL scenarios with
extremely limited labeled data. In existing research, the
learning state of a class is typically measured by the expecta-
tion E(max(ptc(y|xw

ui))) of the pseudo-label probability dis-
tribution across all pseudo-labels of class c within a batch,
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Figure 2: The BidMatch framework overview. For each training batch, BidMatch computes CIE and PPR based on the prediction
probabilities of weakly-augmented views for each sample. Conditional updates of CIE are then performed using an EMA. With
the calculated CIE and PPR values, BidMatch constructs a sample weight space to effectively guide the model’s learning
process.

which fails to capture the learning relationships among unla-
beled samples across different classes. To address this limi-
tation, we propose using CIE to assess the learning difficulty
of different classes during training.

CIE relies on the predicted probabilities of weakly aug-
mented views. Within each training batch, we first calculate
the information entropy for each unlabeled sample:

h (xw
ui) = −pt (y |xw

ui ) · log (pt (y |xw
ui )) . (7)

The class with the maximum predicted probability from
the weakly augmented view is assigned as the sample’s
pseudo-label, and the sample’s information entropy is used
to gauge the learning status of that class. Due to individ-
ual variations among samples, using information entropy
for each instance can lead to frequent updates of the class
learning status, which may be unstable and inaccurate. To
mitigate this issue, we draw inspiration from the stochastic
gradient descent optimization method. Within each training
batch, we first count the number of pseudo-labels for each
class:

nt (c) =

ηB∑
i=1

1 (argmax pt (y |xw
ui ) = c). (8)

The CIE hc(t) for class c is defined as the average in-
formation entropy of all pseudo-labeled samples belonging
to class c in the current batch, and is calculated based on
the sample information entropy h(xw

ui) and the number of
pseudo-labels nt:

ht (c) =
1

nt (c)

ηB∑
i=1

h (xw
ui)× 1 (argmax pt (y |xw

ui ) = c).

(9)

Due to significant variations in information entropy val-
ues across different datasets and training stages, the gener-
alization ability of class information entropy needs to be en-
hanced. To address this, the method normalizes the CIE for
each batch:

Ht (c) =
ht (c)

maxht
c

, (10)

where Ht(c) represents the learning status of class c in
the CIE Ht. Compared to the class pseudo-label probability
E(max(ptc(y|xw

ui))), Ht(c) incorporates information from
all classes and captures the learning relationships between
classes, which offers more comprehensive information to
guide model training.

Bi-Dimentional Sample Weight
Current combination methods typically map sample weights
to a simple, discrete space based solely on pseudo-label con-
fidence, which fails to capture the nuanced importance of
samples across different classes and training stages. In con-
trast, BidMatch first redistributes pseudo-label probabilities
to help the model better distinguish the significance of each
sample. It then constructs sample weights by incorporating
the CIE module, which effectively guides the model’s learn-
ing dynamics.

Pseudo-Label Probability Redistribution. The purpose
of redistributing pseudo-label probabilities is to help the
model identify the relative importance of individual in-
stances. Due to the absence of true instance labels, previous
research typically uses the maximum prediction probability
of a weakly augmented view as an indicator of pseudo-label
quality. However, directly relying on maximum prediction
probability does not suffice across different training stages.
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For instance, during early training, when the model has not
yet fully learned, maximum prediction probabilities tend to
be low, limiting the effective use of unlabeled samples and
making it difficult to select those that positively guide the
model. In later stages, most maximum prediction values for
unlabeled samples approach 1, leading to a densely packed
distribution that fails to effectively emphasize sample impor-
tance.

To address this, BidMatch standardizes and adjusts the
distribution of maximum prediction probabilities. Following
prior studies, it first applies Distribution Alignment DA(·)
on weakly augmented views to mitigate early-stage imbal-
ances in pseudo-label distribution(Kurakin et al. 2020; Chen
et al. 2023). Then, it normalizes the aligned pseudo-label
probabilities to calculate a sample importance coefficient:

qt (y |xw
ui ) =

max (DA (pt (y |xw
ui )))− µt

σt
, (11)

where µt and σt represent the mean and variance of the
pseudo-label probabilities, updated per batch using EMA.
This standardized redistribution offers two primary benefits
for assessing sample importance: (1)it ensures that pseudo-
label probability distribution remains consistent as training
progresses, and (2) it sparsifies the previously dense distri-
bution, enabling the model to differentiate between samples
more effectively.

Sample Weight Construction. BidMatch assesses the
learning difficulty across classes and the importance of indi-
vidual instances based on the CIE and PPR modules. First,
the unlabeled sample xui is matched to the CIE value of
the corresponding class based on its pseudo-label. Since the
original CIE values are all positive, they are insensitive to
the actual learning status of different classes. Inspired by
the advantage function in reinforcement learning, BidMatch
enhances sensitivity by subtracting a baseline value from
the original CIE. Specifically, it uses the expected entropy
E(Ht) as the baseline.

Ht (xui) = Ht · p̂t (y |xw
ui )− E (Ht). (12)

The instance value qt(y|xw
ui) represents the confidence

in the pseudo-label. For low-confidence samples, where
qt(y|xw

ui) < 0 indicates low pseudo-label reliability, the
sample weight should be adjusted accordingly in the oppo-
site direction. Therefore, when constructing sample weights,
the corresponding CIE value associated with the instance
should also be reversed to reflect this uncertainty. By con-
sidering both individual instances and class learning states,
BidMatch assigns weights as follows:

λui,t =


exp (qt (y |xw

ui )T +Ht (xui))

if qt (y |xw
ui ) > 0

exp
(
qt (y |xw

ui )T
−1 −Ht (xui)

)
otherwise,

(13)
where T is the temperature factor used to balance the

guidance provided by PPR and CIE, and to mitigate inter-
ference caused by misclassified samples during training. Ta-
ble 1 uses q and H to denote the instance and class dimen-
sions, respectively. Note that |H| is generally larger than

|q|, and a larger value of H indicates that the correspond-
ing class is less well learned. BidMatch adopts a progressive
optimization strategy, the sample weight λui approximately
highlights two key regions: (1) When H > 0, the class is
underlearned, and BidMatch promotes learning from high-
confidence instances where q > 0 to improve model relia-
bility. (2) When H < 0, the corresponding class is already
well learned. In this case, BidMatch encourages the model to
focus on harder instances with q < 0 within that class. This
progressive learning strategy, moving from easy to difficult
individual instances, aligns closely with the human cognitive
process. Further analysis can be found in the Supplementary
Material.

Dimentional Instance
q > 0 q < 0

Class H > 0
λui = e|q|+|H|

high weight
λui = e−|H|−|q|

low weight

H < 0
λui = e|q|−|H|

low weight
λui = e|H|−|q|

high weight

Table 1: Approximate visualization of the sample weight
distribution guided by bidMatch as defined in Equation 13

Implementation
To enhance model stability during gradient descent opti-
mization, BidMatch applies Exponential Moving Average
(EMA) updates to both the model parameters and the CIE
within each training batch. However, in the early stages of
training, some classes may lack pseudo-labels, resulting in
a CIE value of zero and potentially leading to erroneous
updates. To address this issue, BidMatch proposes a con-
ditional EMA updating strategy, in which only the classes
with pseudo-labels present in the current batch are updated.

Ht(c) =

{
αHt−1(c) + (1− α)Ht′(c) if Ht′(c) > 0

Ht(c) otherwise,
(14)

where Ht′(c) denotes the CIE for class c calculated in the
current batch, while Ht−1(c) represents the EMA result
from the previous iteration. In each training batch, we assign
exclusive weights to the samples, with the unsupervised loss
function and the complete loss function defined as follows:

Lu =
1

µB

ηB∑
i=1

λui,t · H (p̂t (y |xw
ui ) , pt (y |xs

ui )), (15)

L = Ls + λ · Lu. (16)
The overall implementation flow of the method is outlined

in the supplementary material.

Experiments
Experimental Setup
Experiments on the BidMatch method were conducted us-
ing four datasets: CIFAR-10, CIFAR-100(Krizhevsky, Hin-
ton et al. 2009), STL-10(Coates, Ng, and Lee 2011),
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Dataset CIFAR-10 CIFAR-100 SVHN STL-10
Labels 10 40 250 400 2500 10000 40 1000 40 1000

Fully-Supervised 4.62±0.05 19.30±0.09 2.13±0.02 NONE

MeanTeacher 79.18±1.11 70.09±1.60 37.46±3.30 81.11±1.44 45.17±1.06 31.75±0.23 36.09±3.98 3.27±0.05 71.72±1.45 33.90±1.37
PseudoLabel 80.21±0.55 74.61±0.26 46.49±2.20 87.45±0.85 57.74±0.28 36.55±0.24 64.61±5.60 9.40±0.32 74.68±0.99 34.14±0.71

VAT 79.81±1.17 74.66±2.12 41.03±1.79 85.20±1.40 46.84±0.79 32.14±0.19 74.74±0.38 4.11±0.20 74.74±0.38 37.95±1.12
MixMatch 65.76±7.06 36.19±6.48 13.63±0.59 67.59±0.66 39.76±0.48 27.78±0.29 30.60±8.39 3.69±0.37 54.93±0.96 24.70±0.68

UDA 34.53±10.69 10.62±1.75 5.16±0.06 46.39±1.59 27.73±0.21 22.49±0.23 5.12±4.27 1.89±0.01 37.42±8.44 6.64±0.17
FixMatch 24.79±7.65 7.47±0.28 8.68±0.05 46.42±1.76 28.03±0.16 22.20±0.12 3.81±1.18 1.96±0.03 35.97±4.14 6.25±0.33

MPL 23.55±6.01 6.62±0.91 5.76±0.24 46.26±1.84 27.71±0.19 21.74±0.09 9.33±8.02 2.28±0.04 35.76±4.83 6.66±0.00
FlexMatch 21.08±7.23 4.97±0.06 4.98±0.09 39.94±1.62 26.49±0.20 21.93±0.15 8.19±3.20 6.72±0.30 29.15±4.16 5.77±0.18
SimMatch 15.81±10.36 5.38±0.01 5.05±0.08 39.32±0.72 26.21±0.37 21.50±0.11 7.06±2.21 2.05±0.05 16.98±4.34 5.84±0.31
SoftMatch 15.77±5.15 4.91±0.12 4.82±0.09 37.10±0.77 26.66±0.25 22.03±0.03 2.33±0.25 2.01±0.01 21.42±3.48 5.73±0.24

ReFixMatch 32.62±14.89 4.95±0.05 4.85±0.06 46.73±1.37 27.25±0.25 21.78±0.04 2.63±1.46 2.01±0.05 28.66±4.40 5.76±0.42
EPASS 22.69±4.31 5.31±0.10 5.08±0.05 38.88±0.24 25.68±0.33 21.32±0.14 2.31±0.04 2.02±0.02 15.71±2.48 5.58±0.04

BidMatch(Ours) 6.45±1.11 4.78±0.05 4.71±0.04 36.27±0.63 25.91±0.33 21.24±0.10 2.22±0.36 2.01±0.06 13.75±1.45 5.26±0.11

Table 2: Test error rates(%) from comparative experiments with varying numbers of labels, evaluated on the CIFAR-10, CIFAR-
100, SVHN, and STL-10 datasets. The best number is in bold.

0 20k 40k 60k 80k 100k
Iterations

0.86

0.88

0.90

0.92

0.94

Ac
cu

ra
cy

BidMatch
SoftMatch
FlexMatch
FixMatch

(a) CIFAR-10

0 20k 40k 60k 80k 100k
Iterations

0.2

0.3

0.4

0.5

0.6

Ac
cu

ra
cy

BidMatch
SoftMatch
FlexMatch
FixMatch

(b) CIFAR-100

0 20k 40k 60k 80k 100k
Iterations

0.2

0.4

0.6

0.8

Ac
cu

ra
cy

BidMatch
SoftMatch
FlexMatch
FixMatch

(c) STL-10

0 20k 40k 60k 80k 100k
Iterations

0.6

0.7

0.8

0.9

Ac
cu

ra
cy

BidMatch
SoftMatch
FlexMatch
FixMatch

(d) SVHN

Figure 3: The performance of four sample weight guided semi-supervised methods was evaluated across different datasets.
During the model training, testing was conducted on the test set every 5,000 iterations, for a total of 220 iterations. Each dataset
used in the experiments contained 40 labels.

and SVHN(Netzer et al. 2011), along with the Ima-
geNet dataset(Deng et al. 2009). The network architec-
ture utilized for the smaller datasets was a Wide Residual
Network(Zagoruyko and Komodakis 2016) . Specifically,
WRN-28-2 was applied to CIFAR-10 and SVHN, WRN-28-
8 was used for CIFAR-100, and WRN-37-2 was employed
for STL-10. For ImageNet, the ResNet-50 architecture(He
et al. 2016) was adopted. Both weak and strong augmen-
tations were applied to the unlabeled images(Cubuk et al.
2020). Detailed experimental settings are provided in the
supplementary material.

CIFAR-10/100, SVHN, and STL-10.
The experiment compared BidMatch with classical deep
SSL approaches, such as UDA(Xie et al. 2020) and
MPL(Pham et al. 2021). Furthermore, we included semi-
supervised methods that incorporate sample weighting, in-
cluding SoftMatch(Chen et al. 2023), FlexMatch(Zhang
et al. 2021), and FixMatch(Sohn et al. 2020), as well as cur-
rent state-of-the-art methods in standard SSL, such as Refix-
Match (Nguyen and Yang 2023) and EPASS (Nguyen 2024).
All comparison methods were evaluated under the same ex-
perimental settings as BidMatch.

The results of the comparative experiments are presented

in Table 2, our method achieved superior performance in
9 out of the 10 configurations. The only exceptions were
on the CIFAR-100 dataset with 2500 labels and the SVHN
dataset with 1000 labels, where our method performed com-
parably to the best methods. Furthermore, BidMatch demon-
strated greater advantages as the label ratio decreased. For
instance, on the CIFAR-10 dataset with only 10 labels, our
method outperformed FixMatch by 18.34%. On the STL-
10 dataset with 40 labels, BidMatch achieved a 21.60% im-
provement over FixMatch. These findings indicate that our
method effectively mitigates semantic drift issues in SSL
scenarios with extremely scarce labels.

Figure 3 presents a comparative analysis of the complete
training trajectories of BidMatch and baseline methods. It
is evident that BidMatch exhibits strong training stability.
In contrast, the baseline methods suffer from performance
collapse in the later stages on multiple datasets. However,
BidMatch maintains consistently high performance, indicat-
ing that its weight-guided learning strategy is beneficial to
the overall training process.

ImageNet
The experiment was further extended to the ImageNet
dataset, which contains 100k labeled samples, to assess the
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Figure 4: (a) and (b) experimental results comparison on CIFAR-10 and CIFAR-100 under long-tail settings. (c) the performance
of the CR and PPR methods on the CIFAR-10 dataset with 40 labels. (d) the classification accuracy of CIT and class pseudo-
label probability across different classes on the CIFAR-10 dataset with 10 labels.

Method Top-1 Top-5

FixMatch 43.66 20.80
FlexMatch 41.85 19.48
SoftMatch 40.52 -

BidMatch 40.04 18.81

Table 3: Top1 error rate (%) on ImageNet with 100k lables.
The best number is in bold.

performance of BidMatch under high data complexity. Ow-
ing to computational resource constraints, this experiment
was conducted only once. Table 3 presents the compara-
tive results between BidMatch and other sample weight-
guided semi-supervised methods, demonstrating that Bid-
Match achieved the best performance in both Top-1 and Top-
5 accuracy, highlighting its robustness in handling complex
datasets.

CIE PPR CIFAR10 CIFAR100

CR 13.08 ±2.13 51.56 ± 0.22
CR+CIE ✓ 8.69 ±0.26 47.97 ± 0.87
CR+PPR ✓ 4.91 ±0.08 36.71 ± 0.62

BidMatch ✓ ✓ 4.78±0.05 36.27± 0.63

Table 4: Experimental results on CIFAR-10 with 40 labels
and CIFAR-100 with 400 labels, highlighting the effective-
ness of CIT and PPR in conjunction with consistency regu-
larization(CR).

Ablation Study
We conducted an ablation study focusing on the contribu-
tions of CIE and PPR in the following methods: (1) the con-
sistency regularization method in which all sample weights
are set to 1, (2) the CIE module, which retains only Ht (xui)
in Eq.13, (3) the PPR module, which retains only qt (y |xw

ui )
in Eq.13, and (4) the complete BidMatch method.

The results in Table 4 indicate that integrating both CIE
and PPR is essential to achieve optimal performance. Al-
though the contribution of CIE is relatively smaller than that

of PPR, this is primarily because PPR is applied to all unla-
beled samples, and its fine-grained weighting plays a criti-
cal role throughout the training process, serving as the main
driver of performance improvements in BidMatch. Never-
theless, the inclusion of CIE enables more targeted training,
which can further enhance model performance. As shown in
Figure 4a and 4b, BidMatch can effectively balance learning
across different classes even under long-tailed conditions,
further validating the necessity of the CIE module.

Pseudo-Label Probability Redistribution: To further
assess the effectiveness of PPR during training, we compare
the performance of the consistency regularization method
with that of a model trained with the PPR module. The re-
sults in Figure 4c show that when the model uses PPR to
assess the importance of different samples, it significantly
improves the performance of the traditional consistency reg-
ularization method. This suggests that the impact of different
samples on the model varies, and assigning distinct weights
to samples during training is crucial.

Class Information Entropy: To further demonstrate the
superiority of CIE in leveraging inter-class learning infor-
mation, we compare it with a classical class-state learning
computation method, class pseudo-label probability. Specif-
ically, we replace the Ht(c) term in Equation 13 with 1 −
E(max(ptc(y|xw

ui))). The results in Figure 4d indicate that
when labeled data is extremely limited, using class pseudo-
label probability may even lead to semantic drift for all sam-
ples in certain classes. This finding further confirms that
relying solely on pseudo-label probabilities makes it chal-
lenging to accurately guide the learning status of different
classes. Further analysis and visualizations are provided in
the supplementary material.

Conclusion
This paper addresses two major challenges in SSL and pro-
poses a bi-dimensional sample weight guidance method.
Built upon CIE and PPR, BidMatch constructs a comprehen-
sive sample weight space. Extensive experiments demon-
strate the superiority of BidMatch in guiding the model
training process effectively. Future work could involve a
deeper theoretical exploration of sample weighting, as well
as its extension to other learning paradigms.
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