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Abstract—Class-imbalanced semi-supervised learning (CISSL)
aims to exploit abundant unlabeled data under long-tailed class
distributions, but is often hindered by biased training dynamics
and unreliable pseudo-labels, where head classes dominate opti-
mization and errors on tail classes accumulate over training.
Most existing methods address this issue through reweight-
ing schemes or adaptive pseudo-label selection, while largely
overlooking how redundant sample participation and opaque
class-wise prediction dynamics jointly distort the optimization
process under long-tailed distributions. We propose ICoRe-SSL,
an Information- and Confusion-Regularized Semi-Supervised
Learning framework that tackles these limitations by jointly
reshaping optimization dynamics and enhancing class-wise inter-
pretability. ICoRe-SSL introduces an information-aware sample
participation mechanism that suppresses low-information sam-
ples with expectation-preserving rescaling, reducing redundant
head-class updates, and incorporates a confusion-aware analysis
module to explicitly track pseudo-label statistics and confusion
evolution during training. As a result, ICoRe-SSL maintains more
balanced pseudo-label distributions and enables stable tail-class
learning. Extensive experiments on standard long-tailed bench-
marks demonstrate that ICoRe-SSL consistently outperforms
state-of-the-art semi-supervised methods, achieving significant
gains in balanced accuracy and geometric mean with negligible
computational overhead.

Index Terms—Semi-Supervised Learning; Class-Imbalanced
Learning; Long-Tailed Recognition; Training Dynamics; Pseudo-
Labeling

I. INTRODUCTION

Semi-supervised learning (SSL) leverages abundant unla-
beled data to improve performance when labeled data are lim-
ited [1]. However, real-world datasets typically exhibit long-
tailed distributions, where a few head classes dominate while
many tail classes have very limited samples [9], [10]. In such
class-imbalanced semi-supervised learning (CISSL) settings,
existing SSL methods often suffer from biased training dynam-
ics, unreliable pseudo-labels, and inefficient data utilization,
making it difficult to learn robust tail-class representations.

A key limitation of existing CISSL methods is the lack
of explicit regulation of training dynamics under long-tailed
distributions. Most methods treat all samples equally, leading
to redundant optimization dominated by head-class samples.
Pseudo-labeling further amplifies this issue, as head classes

*Corresponding author: xiangwei@bjtu.edu.cn

tend to generate more high-confidence pseudo-labels, reinforc-
ing distribution bias during training [11], [18]. Meanwhile,
the class-wise prediction behavior and confusion evolution
remain largely unexplored, making bias accumulation difficult
to diagnose and control.

To address these issues, we propose ICoRe-SSL, an
Information- and Confusion-Regularized Semi-Supervised
Learning framework for CISSL. Built upon adaptive balanced
consistency learning [4], the proposed method regulates train-
ing from both sample and class perspectives. Specifically, an
information-aware sample participation mechanism suppresses
low-information samples with expectation-preserving rescal-
ing to reduce redundant head-class updates. In addition, a
confusion-aware analysis module models pseudo-label statis-
tics and class-wise confusion to stabilize training dynamics
and improve interpretability. Together, these components en-
courage more balanced learning under long-tailed distribu-
tions.

The main contributions are summarized as follows:
• Information-regularized optimization for CISSL. We

introduce an expectation-preserving, information-aware
sample participation mechanism that reshapes optimiza-
tion dynamics under class imbalance without altering the
original objective.

• Confusion-aware and interpretable training dynamics.
We propose a unified framework that explicitly models
class-wise confusion patterns and pseudo-label statistics,
enabling fine-grained analysis of bias accumulation.

• Strong performance under long-tailed settings. Ex-
tensive experiments demonstrate that ICoRe-SSL consis-
tently outperforms strong baselines, achieving superior
tail-class performance with improved balanced metrics.

II. RELATED WORK

A. Semi-Supervised Learning
Semi-supervised learning (SSL) aims to leverage large-scale

unlabeled data to improve model performance when labeled
data are scarce. Representative SSL approaches include con-
sistency regularization methods such as Π-Model [12], Mean
Teacher [14], and FixMatch [2], which enforce prediction
consistency under perturbations, as well as entropy minimiza-
tion and pseudo-labeling strategies [13]. More recent methods



Fig. 1: Overview of the proposed ICoRe-SSL framework for class-imbalanced semi-supervised learning.

further integrate distribution alignment [1] and confidence-
based filtering [2] to enhance pseudo-label reliability. Despite
their effectiveness, most SSL methods implicitly assume that
labeled and unlabeled data share a similar class distribu-
tion [3], which is often violated in real-world scenarios.

B. Class-Imbalanced Semi-Supervised Learning

Class-imbalanced semi-supervised learning (CISSL) ad-
dresses the challenge of distribution mismatch between labeled
and unlabeled data. Early works focus on balancing pseudo-
label generation or classifier training [6], [7]. CReST [15]
progressively re-samples unlabeled data by over-emphasizing
minority-class predictions, while ABC [4] and CoSSL [16]
introduce auxiliary balanced classifiers to generate debiased
pseudo-labels. Several methods explicitly refine pseudo-label
distributions, including DARP [21], which solves a convex op-
timization problem for distribution alignment, and DASO [8],
which blends semantic and linear pseudo-labels. Other ap-
proaches mitigate bias through reweighting or logit correction,
such as SAW [17], UDAL [10], and logit-adjusted losses [9].

Recently, more principled strategies have been explored.
CDMAD [18] proposes to reduce pseudo-label bias by ex-
plicitly modeling class distribution mismatch via dual distri-
bution alignment, demonstrating improved robustness under
severe imbalance. LCGC [19] further investigates class-wise
generalization calibration by leveraging long-tailed priors and
adaptive confidence modeling, highlighting the importance of
class-dependent uncertainty estimation in CISSL.

Despite these advances, most methods rely on heuristic
rebalancing or distribution assumptions, and the training dy-
namics under long-tailed SSL remain insufficiently explored,
motivating frameworks that model both sample information
and confusion.

III. METHOD

A. Problem Definition
We focus on CISSL, where a labeled dataset

Dl = {(xi, yi)}Nl
i=1 (1)

follows a long-tailed class distribution, and a large unlabeled
dataset

Du = {xj}Nu
j=1 (2)

is drawn from the same underlying data distribution but lacks
class labels. Here, yi ∈ {1, . . . , C} represents class labels.

Our goal is to train a classifier fθ that achieves balanced
performance across all classes, particularly under the condi-
tions of label scarcity and pseudo-label uncertainty.

B. Overview of ICoRe-SSL
We propose ICoRe-SSL, an Information- and Confusion-

Regularized Semi-Supervised Learning framework, which ex-
tends adaptive balanced consistency learning by introducing
two complementary components:

1) Information-aware sample participation, which dy-
namically adjusts the contribution of each sample during
training based on its information content, effectively
suppressing redundant updates from head-class samples;

2) Confusion-aware class-wise analysis, which tracks
pseudo-label distributions and class-wise confusion pat-
terns to identify and address class-wise prediction bias.

As shown in Figure 1, these two components are seamlessly
integrated into a standard semi-supervised learning pipeline
without introducing additional networks or supervision signals.
Instead, they act by reshaping optimization dynamics, enabling
more balanced and stable learning under class-imbalanced
conditions. The complete training procedure of ICoRe-SSL
is summarized in Algorithm 1.



Algorithm 1 Pseudo-code of ICoRe-SSL

Require: Labeled batch Bl, unlabeled batch Bu, model fθ,
pruning ratio r

Ensure: Trained classifier fθ
1: while not converged do
2: Apply standard augmentation to Bl and weak/strong

augmentation to Bu
3: Compute supervised loss Lsup on Bl
4: Generate pseudo-labels and compute consistency loss

Lcon on Bu
5: Compute adaptive balanced consistency loss Labc on

Bu
6: Collect per-sample losses ℓi ∈ {Lsup, Lcon}
7: Compute batch mean loss ℓ̄
8: for each sample i do
9: if ℓi < ℓ̄ then

10: Sample zi ∼ Bernoulli(1− r)
11: ℓ̃i ← zi · ℓi/(1− r) {soft pruning}
12: end if
13: end for
14: Combine losses:

L = Lsup + λconLcon + λabcLabc

15: Update model parameters: θ ← θ − η∇θL
16: Update pseudo-label distribution and confusion matrix

(no gradient)
17: end while
18: return fθ

C. Information-aware Sample Participation

In long-tailed settings, head-class samples tend to dominate
the optimization process, despite their limited contribution
to the model’s improvement [5]. To address this issue, we
introduce an information-aware sample participation mech-
anism that modulates the contribution of each sample to the
loss function, ensuring that the model is not dominated by
redundant head-class samples.

For each mini-batch, the loss of sample xi is denoted as ℓi.
We identify low-information samples as those whose loss is
smaller than the mean loss ℓ̄ of the mini-batch, i.e., ℓi < ℓ̄.

Instead of discarding these low-information samples, we
adopt a probabilistic soft pruning mechanism:

zi ∼ Bernoulli(1− r), (3)

where r is the pruning ratio, and zi is a binary random
variable determining whether the sample participates in the
loss calculation. This probabilistic approach ensures that all
samples, including low-information ones, retain a non-zero
probability of being involved in the training process.

To avoid bias in gradient estimation, we rescale the loss of
retained low-information samples as:

ℓ̃i =

{
1

1−r ℓi, if ℓi < ℓ̄ and zi = 1,

ℓi, otherwise.
(4)

This rescaling guarantees that the expected gradient remains
unbiased:

E[∇θ ℓ̃i] = ∇θℓi. (5)

By dynamically modulating the participation of each sample,
we reduce redundant updates and mitigate head-class domi-
nance, while preserving the original optimization objective.

D. Confusion-aware Class-wise Analysis

Beyond sample-level regulation, ICoRe-SSL further incor-
porates a confusion-aware class-wise analysis module to
explicitly monitor and stabilize class-wise prediction dynamics
under long-tailed distributions. This module tracks the evo-
lution of pseudo-label distributions and class-wise confusion
statistics throughout training, providing interpretable signals
about how errors propagate across classes [8].

Confusion-aware analysis provides a class-level perspective
that tracks and stabilizes prediction dynamics under long-
tailed distributions. It functions as a class-level diagnostic and
regularization mechanism, exposing systematic misclassifica-
tion patterns, particularly the prevalent tail-to-head confusion
observed in CISSL settings [18]. By making such dynamics
explicit, the model can identify when pseudo-label errors are
repeatedly reinforced and to react accordingly.

The collected confusion statistics are further used to guide
training behavior, complementing information-aware sample
participation. In this way, confusion-aware analysis prevents
biased pseudo-label feedback loops from dominating the
learning process, especially for underrepresented tail classes.
Overall, this module provides a necessary class-level perspec-
tive that complements sample-level information regulation,
enabling a more transparent and stable training process.

E. Training Objective

We emphasize that ICoRe-SSL does not formulate learning
as a collection of independent objectives. Instead, it reshapes
training dynamics through coordinated regulation at both the
sample and class levels [20].

Specifically, information-aware sample participation oper-
ates at the data level rather than the loss level, dynami-
cally prioritizing informative samples during training. Mean-
while,stabilizes prediction behavior under class imbalance.
These components are integrated into a unified optimization
framework rather than acting as competing objectives.

The overall training objective is defined as:

L = Lsup + λconLcon + λabcLabc, (6)

where each term plays a complementary role in regulating
learning dynamics.

a) Supervised learning: The supervised classification
loss on labeled data is given by:

Lsup =
1

|Bl|
∑

(xi,yi)∈Bl

ℓce(fθ(xi), yi). (7)



b) Consistency learning: For unlabeled data, we adopt a
standard consistency-based objective using weakly augmented
pseudo-labels and strongly augmented predictions:

Lcon =
1

|Bu|
∑

xj∈Bu

I(max pθ(x
w
j ) ≥ τ) · ℓce(fθ(x

s
j), ŷj). (8)

c) Adaptive balanced consistency: To mitigate class im-
balance in pseudo-label supervision, we introduce an adaptive
class-aware reweighting:

Labc =
1

|Bu|
∑

xj∈Bu

αc(ŷj) · ℓce(fθ(x
s
j), ŷj), (9)

where αc(ŷj) dynamically adjusts the influence of head and
tail classes. This term discourages systematic confusion from
being repeatedly amplified through pseudo-label feedback.

d) Optimization: ICoRe-SSL is optimized using standard
stochastic gradient descent (SGD) with momentum. It is
important to note that information-aware sample participation
does not directly participate in loss computation. Instead, it
operates at the data sampling stage by dynamically selecting
high-information samples, thereby improving the effectiveness
of gradient updates.

Through the joint optimization of the above components,
ICoRe-SSL establishes a multi-level regulation mechanism:
confusion-aware class-wise analysis captures class confusion
structure, adaptive balanced consistency balances class-wise
gradient contributions, and information-aware sample partic-
ipation optimizes the training sample distribution. This co-
ordinated design enables more stable and robust semantic
segmentation under long-tailed distributions.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluate ICoRe-SSL on widely used class-
imbalanced semi-supervised learning benchmarks following
standard long-tailed protocols. Long-tailed distributions are
constructed by controlling the imbalance ratio ρ between the
most frequent and least frequent classes:

ρ =
Nmax

Nmin
, (10)

while keeping the unlabeled data distribution unchanged. This
setting reflects realistic scenarios where class imbalance and
label scarcity coexist.

Evaluation Metrics. In addition to standard top-1 accuracy,
we report balanced accuracy (bACC) and geometric mean
(GM) to emphasize class-wise and tail-class performance [18]:

bACC =
1

C

C∑
c=1

Accc (11)

GM =

(
C∏

c=1

Accc

) 1
C

(12)

Implementation Details. All methods adopt the same back-
bone architecture and data augmentation strategy as ABC for

fair comparison. Models are trained using SGD with momen-
tum, and all hyperparameters follow official implementations
unless otherwise specified. Each experiment is repeated three
times with different random seeds, and average results are
reported.

TABLE I: Comparison of bACC on CIFAR-100-LT

Algorithm γ = 20 γ = 50 γ = 100
FixMatch 49.6±0.8 42.1±0.3 37.6±0.5
FixMatch+DARP 50.8±0.8 43.1±0.5 38.3±0.5
FixMatch+DARP+cRT 51.4±0.7 44.9±0.5 40.4±0.8
FixMatch+CRest 51.8±0.7 44.9±0.5 40.1±0.7
FixMatch+CRest+LA 52.9±0.1 47.3±0.2 42.7±0.7
FixMatch+ABC 53.3±0.8 46.7±0.3 41.2±0.7
FixMatch+CoSSL 53.9±0.8 47.6±0.6 43.0±0.6
FixMatch+UDAL – 48.0±0.6 43.7±0.4
FixMatch+CDMAD 54.3±0.4 48.8±0.8 44.1±0.3
FixMatch+ICoRe-SSL 55.6±0.6 49.1±0.5 44.3±0.6
ReMixMatch 51.6±0.4 44.2±0.6 39.3±0.4
ReMixMatch+DARP 51.9±0.4 44.7±0.7 39.8±0.5
ReMixMatch+DARP+cRT 54.5±0.4 48.5±0.9 43.7±0.8
ReMixMatch+CRest 51.3±0.3 45.5±0.8 41.0±0.8
ReMixMatch+CRest+LA 51.9±0.6 46.6±1.1 41.7±0.7
ReMixMatch+ABC 55.6±0.4 47.9±0.1 42.2±0.1
ReMixMatch+CoSSL 55.8±0.6 48.9±0.6 44.1±0.6
ReMixMatch+CDMAD 57.0±0.3 51.1±0.5 44.9±0.4
ReMixMatch+ICoRe-SSL 57.3±0.7 51.2±0.7 45.1±0.6

B. Comparison with State-of-the-Art

Overall Performance. Tables I and II reports the quantita-
tive comparison with representative semi-supervised and class-
imbalanced methods. ICoRe-SSL consistently outperforms all
baselines across different imbalance ratios and label budgets.
The performance gains become more pronounced under severe
imbalance (ρ > 100), highlighting the robustness of our
approach in challenging long-tailed settings.

Tail-Class Performance. Compared with ABC, ICoRe-
SSL achieves substantial improvements in bACC and GM,
indicating significantly enhanced recognition ability for tail
classes while maintaining competitive overall accuracy. This
demonstrates that reshaping training dynamics effectively mit-
igates head-class dominance.

C. Training Dynamics and Class-wise Analysis

Figure 2 provides a dynamic view of how training imbal-
ance emerges and is progressively corrected by ICoRe-SSL,
offering evidence beyond final accuracy comparisons. Unless
otherwise specified, all experiments follow the same semi-
supervised protocol as the main results.

Specifically, Fig. 2(a) and (b) are conducted on CIFAR-100-
LT under an imbalance ratio of γ = 100, where class-wise
accuracy evolution and pseudo-label distribution dynamics
are analyzed. Fig. 2(c) reports confusion matrix evolution on
CIFAR-10-LT, which is adopted for clearer visualization and
interpretability of class-wise confusion patterns.

Class-wise Accuracy Evolution. Figure 2(a) illustrates the
evolution of accuracy for head, medium, and tail classes. While
ABC rapidly converges on head classes and exhibits unstable
tail-class learning, ICoRe-SSL achieves steady and consistent
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(b) Pseudo-label confidence distribution heatmaps.
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(c) Evolution of class-wise confusion matrices comparing ABC and ICoRe-SSL.

Fig. 2: Training dynamics analysis under class-imbalanced semi-supervised learning.

TABLE II: Comparison of bACC/GM on CIFAR-10-LT

Algorithm γ = 50 γ = 100 γ = 150
Vanilla 65.2±0.1 / 61.1±0.1 58.8±0.1 / 58.2±0.1 55.6±0.4 / 44.0±1.0
Re-sampling 64.3±0.5 / 60.6±0.7 55.8±0.5 / 45.1±0.3 52.2±0.1 / 38.2±1.5
LDAM-DRW 68.9±0.1 / 67.0±0.1 62.8±0.2 / 58.9±0.6 57.9±0.2 / 50.4±0.3
cRT 67.8±0.1 / 66.3±0.2 63.2±0.5 / 59.9±0.4 59.3±0.1 / 54.6±0.7
FixMatch 79.2±0.3 / 77.8±0.4 71.5±0.7 / 66.8±1.5 68.4±0.2 / 59.9±0.4
/+DARP+cRT 85.8±0.4 / 85.6±0.6 82.4±0.3 / 81.8±0.2 79.6±0.4 / 78.9±0.4
/+CREST+LA 85.6±0.4 / 81.9±0.5 81.2±0.7 / 74.5±1.0 71.9±2.2 / 64.4±1.8
/+ABC 85.6±0.3 / 85.2±0.3 81.1±1.1 / 80.3±1.3 77.3±1.3 / 75.6±1.7
/+CoSSL 86.8±0.3 / 86.6±0.3 83.2±0.5 / 82.7±0.6 80.3±0.6 / 79.6±0.6
/+SAW+LA 86.2±0.2 / 83.9±0.4 80.7±0.2 / 77.5±0.2 73.7±0.1 / 71.2±0.2
/+CDMAD 87.3±0.1 / 87.0±0.2 83.6±0.5 / 83.1±0.6 80.8±0.9 / 79.9±1.1
/+ICoRe-SSL 86.5±0.2 / 86.2±0.3 83.8±0.5 / 83.3±0.8 80.2±0.7 / 79.8±1.0
ReMixMatch 81.5±0.3 / 80.2±0.3 73.8±0.4 / 69.5±0.8 69.9±0.5 / 62.5±0.4
/+ABC 87.9±0.5 / 87.6±0.5 84.5±0.3 / 84.1±0.4 80.5±1.2 / 79.5±1.4
/+CDMAD 88.3±0.4 / 88.1±0.4 85.5±0.5 / 85.3±0.4 82.5±0.2 / 82.0±0.3
/+ICoRe-SSL 88.1±0.3 / 87.8±0.5 85.8±0.6 / 85.5±0.8 82.1±0.7 / 81.6±1.1

improvements for tail classes throughout training, significantly
narrowing the head–tail performance gap.

Pseudo-label Distribution Evolution. Figure 2(b) shows
the evolution of pseudo-label distributions. ABC suffers from
severe pseudo-label collapse toward head classes, resulting in
insufficient supervision for tail categories. In contrast, ICoRe-
SSL maintains a substantially more balanced pseudo-label
distribution over training epochs, enabling continuous and
reliable tail-class learning.

Confusion Evolution. Figure 2(c) presents confusion ma-
trices at early and late training stages. While both methods
initially exhibit notable tail-to-head misclassification, ABC
retains strong off-diagonal responses at later stages. ICoRe-
SSL, however, progressively enhances diagonal dominance

and suppresses systematic confusion, indicating more balanced
class-wise decision boundaries.

D. Ablation Study

We conduct ablation studies to systematically evaluate the
contribution of each component in ICoRe-SSL. All results are
reported on CIFAR-100-LT with imbalance ratio γ = 100, as
summarized in Table III.

Information-aware Sample Participation. Removing the
information-aware module leads to noticeable degradation,
particularly on tail classes, confirming its role in suppressing
redundant head-class updates.

Confusion-aware Statistics. Disabling confusion-aware
statistics results in reduced training stability and tail-class



TABLE III: Ablation study of ICoRe-SSL on CIFAR-100-LT with imbalance ratio γ = 100.

Method bACC Method bACC
FixMatch w/ ICoRe-SSL 44.3 ReMixMatch w/ ICoRe-SSL 45.1
w/o information-aware module 43.2 w/o information-aware module 44.5
w/o confusion-aware statistics 42.6 w/o confusion-aware statistics 43.8
w/o information-aware & confusion-aware 41.2 w/o information-aware & confusion-aware 42.2
w/ uniform sample participation 43.8 w/ uniform sample participation 43.5
w/o confusion matrix tracking 41.9 w/o confusion matrix tracking 42.8

performance, highlighting the importance of explicit class-
wise diagnostics.

Component Complementarity. Combining both compo-
nents yields the best performance, indicating that information-
aware optimization and confusion-aware analysis are comple-
mentary.

E. Computational Efficiency

ICoRe-SSL introduces negligible computational overhead.
By suppressing redundant low-information updates, the pro-
posed information-aware sample participation slightly acceler-
ates convergence in practice. Across our experiments, ICoRe-
SSL achieves comparable or even lower training time than
ABC, with up to approximately 10–15% reduction in the
number of effective optimization steps required to reach con-
vergence.

V. CONCLUSION

We presented ICoRe-SSL, an information- and confusion-
regularized framework for class-imbalanced semi-supervised
learning. By integrating expectation-preserving information-
aware sample participation with explicit class-wise confusion
analysis, ICoRe-SSL reshapes training dynamics toward more
balanced and stable learning under severe class imbalance.
Extensive experiments demonstrate consistent improvements
over strong baselines, particularly on tail classes, with neg-
ligible computational overhead. Our analysis highlights the
importance of modeling information redundancy and class-
wise prediction behavior, suggesting promising directions for
future research in robust and interpretable semi-supervised
learning. Beyond CISSL, our findings suggest that explicitly
modeling information redundancy and prediction dynamics is
a promising direction for efficient and interpretable learning
under data imbalance.
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