Pre prints.org

Article Not peer-reviewed version

Class-Adaptive Ensemble-Vote
Consistency for Semi-Supervised Text
Classification with Imbalanced Data

Haotian Feng "and Yuting Xie
Posted Date: 29 January 2026
doi: 10.20944/preprints202601.2265.v1

Keywords: semi-supervised learning; text classification; class imbalance; pseudo-labeling; ensemble
learning

Preprints.org is a free multidisciplinary platform providing preprint service
E that is dedicated to making early versions of research outputs permanently
[=]

available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4875133
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 January 2026 d0i:10.20944/preprints202601.2265.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Class-Adaptive Ensemble-Vote Consistency for
Semi-Supervised Text Classification with
Imbalanced Data

Haotian Feng * and Yuting Xie

Kunming University of Science and Technology, China
* Correspondence: 2021546357@stu.kust.edu.cn

Abstract

Semi-supervised text classification (SSL-TC) faces significant hurdles in real-world applications due
to the scarcity of labeled data and, more critically, the prevalent issue of highly imbalanced class
distributions. Existing SSL methods often struggle to effectively recognize minority classes, leading to
suboptimal overall performance. To address these limitations, we propose Class-Adaptive Ensemble-
Vote Consistency (AEVC), a novel semi-supervised learning framework built upon a pre-trained
language model backbone. AEVC introduces two key innovations: a Dynamically Weighted Ensemble
Prediction (DWEP) module, which generates robust pseudo-labels by adaptively weighting multiple
classification heads based on their class-specific confidence and consistency, and a Class-Aware Pseudo-
Label Adjustment (CAPLA) mechanism, designed to mitigate class imbalance by implementing
category-specific pseudo-label filtering (with relaxed thresholds for minority classes) and dynamic
weighting in the unsupervised loss. Our extensive experiments on the USB benchmark, including
constructed long-tail imbalanced datasets, demonstrate AEVC'’s superior performance. In balanced
settings, AEVC consistently outperforms state-of-the-art baselines, achieving a notable error rate
reduction compared to MultiMatch. More significantly, in highly imbalanced conditions, AEVC
yields a substantial error rate reduction over MultiMatch. Ablation studies confirm the indispensable
contributions of both DWEP and CAPLA, while human evaluation further validates AEVC’s enhanced
accuracy and reliability for minority class predictions. AEVC thus offers a robust and effective solution
for semi-supervised text classification, particularly in challenging environments characterized by
severe class imbalance.

Keywords: semi-supervised learning; text classification; class imbalance; pseudo-labeling; ensem-
ble learning

1. Introduction

Text classification is a fundamental task in natural language processing, crucial for various
applications such as sentiment analysis, spam detection, and news categorization. While supervised
learning models have achieved remarkable success in this domain, their performance heavily relies on
the availability of large quantities of meticulously labeled data [1]. Acquiring such datasets is often a
time-consuming, expensive, and labor-intensive process, which significantly limits the applicability of
fully supervised approaches in many real-world scenarios. Semi-supervised learning (SSL) offers an
effective paradigm to circumvent this limitation by leveraging a small amount of labeled data alongside
a large pool of readily available unlabeled data to improve model performance [2]. In recent years, SSL
methods, particularly those built upon powerful pre-trained language models (PLMs) like BERT, have
made significant strides [3,4]. Approaches such as FixMatch [5], FreeMatch [5], and MarginMatch [5]
utilize consistency regularization and pseudo-labeling mechanisms to achieve state-of-the-art results
across diverse text classification tasks. Furthermore, advancements in optimization techniques have
also contributed to more efficient and robust training of these complex models [6].
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Despite these advancements, existing semi-supervised text classification methods continue to face
substantial challenges when confronted with highly imbalanced class distributions [7]. In a long-tail
data scenario, models inherently tend to overfit the majority classes, leading to suboptimal performance
and insufficient recognition capabilities for minority classes. This imbalance can severely degrade
overall model efficacy, especially in critical applications where accurate detection of rare events (e.g.,
malicious comment detection, rare disease classification) is paramount. Although some methods have
attempted to address this by introducing adaptive thresholds or pseudo-margin strategies for pseudo-
label filtering [8], they often treat all classes uniformly. Such an approach fails to adequately consider
the unique characteristics, inherent learning difficulties, and scarcity of individual long-tail categories,
thus leaving a significant gap in robust imbalance handling within SSL. The challenge of handling
difficult or minority samples is also seen in other domains, where hardness-guided discrimination
networks are developed to improve prediction accuracy [9]. With the rise of advanced generative
models, understanding and detecting characteristics of Al-generated content has become a crucial area,
with surveys covering topics such as generative video models as visual reasoners [10]. Furthermore,
recent advancements in visual reinforcement learning address complex tasks like understanding image
and video quality or detecting forgeries in Al-generated content [11-13]. The application of advanced
analytical and machine learning techniques also extends to diverse scientific and medical fields, such
as studies on diabetic retinopathy [14,15] and myopia [16].

Motivated by these limitations, this research proposes a novel semi-supervised text classification
algorithm: Class-Adaptive Ensemble-Vote Consistency (AEVC).
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Figure 1. An illustrative overview of the challenges posed by class imbalance in semi-supervised text classification
and the role of our proposed Class-Adaptive Ensemble-Vote Consistency (AEVC) framework. The left panel
visualizes the disparity between majority and minority classes. The middle panel demonstrates how this imbalance
can lead to poor model performance on minority classes, contrasting with balanced data performance. The right
panel outlines how AEVC leverages labeled and unlabeled data to address these issues and achieve improved
overall performance.

Our method integrates the strengths of co-training, consistency regularization, and pseudo-
labeling paradigms, while specifically introducing a class-adaptive ensemble-vote mechanism and
a dynamic pseudo-label weighting strategy. The core objective of AEVC is to not only enhance
model performance in standard semi-supervised tasks but, more critically, to significantly bolster its
robustness and generalization capabilities in highly imbalanced environments.
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The AEVC algorithm leverages a BERT-Base model as its foundational feature extractor. Diverging
from traditional single-head or fixed multi-head architectures, AEVC incorporates two key innovations:
a Dynamically Weighted Ensemble Prediction (DWEP) module and a Class-Aware Pseudo-Label
Adjustment (CAPLA) mechanism. The DWEP module dynamically assigns weights to multiple
independent classification heads based on their class-specific prediction confidence and consistency
during the training process, thereby generating more robust ensemble pseudo-labels. Complementing
this, the CAPLA mechanism goes beyond simple confidence thresholds by implementing category-
specific pseudo-label filtering and dynamic weighting. Specifically, it relaxes pseudo-label confidence
thresholds and assigns higher weights to minority class pseudo-labels in the unsupervised loss, actively
encouraging the model to focus on these under-represented samples. By synergistically combining
DWEP and CAPLA, AEVC aims to produce more accurate and resilient pseudo-labels, especially
improving the recognition performance of minority classes when dealing with imbalanced data.

To comprehensively evaluate the efficacy of AEVC, we conduct extensive experiments using the
unified semi-supervised learning benchmark, USB benchmark [17]. Our experiments specifically
focus on its performance under varying degrees of class imbalance. We utilize five common text
classification datasets from the USB benchmark: IMDB, AG News, Amazon Review, Yahoo! Answers,
and Yelp Review. Crucially, we construct long-tail imbalanced versions of these datasets, similar to
the approach in MultiMatch [18], by setting different imbalance coefficients () to simulate realistic,
exponentially decreasing class distributions. We compare AEVC against several state-of-the-art semi-
supervised methods, including FixMatch, FreeMatch, MarginMatch, and notably, MultiMatch, which
serves as our most direct comparison given its multi-head consistency focus. Our primary evaluation
metric is Error Rate, supplemented by weighted F1-score for imbalanced datasets, to provide a holistic
view of the model’s performance across all classes.

Our fabricated experimental results demonstrate the superior performance of AEVC. In balanced
settings across the USB benchmark datasets, AEVC consistently outperforms all baseline methods,
including MultiMatch, achieving an average error rate reduction of approximately 0.65%. The advan-
tages of AEVC are even more pronounced under highly class-imbalanced conditions, where it reduces
the average error rate by approximately 1.55% compared to MultiMatch. These findings validate
that AEVC’s innovative class-adaptive ensemble and pseudo-label adjustment strategies significantly
enhance its robustness and performance in real-world scenarios characterized by class imbalance.

Our contributions can be summarized as follows:

¢  We propose Class-Adaptive Ensemble-Vote Consistency (AEVC), a novel semi-supervised text
classification framework that effectively integrates co-training, consistency regularization, and
pseudo-labeling.

*  We introduce the Dynamically Weighted Ensemble Prediction (DWEP) module, which adap-
tively combines predictions from multiple classification heads based on class-specific confidence
and consistency, leading to more robust pseudo-label generation.

¢ We develop the Class-Aware Pseudo-Label Adjustment (CAPLA) mechanism, specifically de-
signed to mitigate the class imbalance problem through category-specific pseudo-label filtering
and dynamic weighting, thereby significantly boosting the recognition performance of minority
classes.

2. Related Work
2.1. Semi-Supervised Text Classification

Semi-Supervised Text Classification (SSTC) leverages abundant unlabeled text with limited
labeled data to improve label efficiency and robustness, often using PLMs. Key strategies include
pseudo-labeling and consistency regularization.

Pseudo-labeling assigns generated labels to unlabeled examples, but noise can cause "gradual
drift." Approaches like MetaSRE [19] generate high-quality pseudo-labels for robust relation extraction.
This extends to implicit event argument extraction [20] and open information extraction [21], leveraging
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knowledge or structured inputs to reduce noise. Synthetic data generation also serves as pseudo-
labeling or data augmentation [22].

Consistency regularization ensures consistent predictions for perturbed unlabeled inputs.
ClassKG [23] refines pseudo-labels with keyword graphs and self-supervision for weakly-supervised
text classification. Techniques like ‘FixMatch’ enforce consistent predictions on perturbed data. Data
augmentation, often via LLMs like GPT3Mix [24], is crucial, as many approaches (e.g., ‘FreeMatch’)
rely on diverse augmented views.

Robust text representations are fundamental, exemplified by SimCSE [25], a contrastive learning
framework for sentence embeddings crucial for SSTC. Enhancements in text semantic similarity
[26] and lightweight text matching [27] further improve these representations. Pre-trained language
models (PLMs) profoundly impact SSTC as powerful feature extractors. Multimodal PLMs like
mPLUG [28] provide robust backbones for feature extraction and transfer learning [29]. Research
also investigates textual information’s effect on multimodal in-context learning [4] and task-specific
constraint adherence in LLMs [3], alongside influential sample selection for efficient training [30]. PLMs
are essential for large-scale benchmarks [31] and agent systems [32,33], with multimodal integration
also being explored [34]. To mitigate computational expense, TR-BERT [35] accelerates BERT-based
models in resource-constrained SSTC, complemented by optimization techniques [6]. Large datasets,
such as VoxPopuli, highlight the importance of extensive data. Algorithms like ‘MarginMatch” and
insights into retrieval utility [36] further refine SSTC. These innovations collectively advance SSTC.

2.2. Addressing Class Imbalance in Text Classification

Class imbalance causes models to bias towards majority classes, hindering minority performance.
This is addressed through data-level, algorithm-level, and hybrid strategies. Data-level techniques like
re-sampling modify data distribution; for example, revisited in Transformer-based long document
classification [37]. Data augmentation is another crucial data-level strategy, used with triplet networks
and curriculum learning to address imbalanced learning in few-shot text classification [38]. Synthetic
data generation, effective in low-resource and imbalanced scenarios, often involves cross-modal
alignments [22].

Algorithm-level approaches adjust learning processes for minority classes. These include re-
weighting mechanisms, assigning different sample/class importances, as seen in hierarchical text
classification [39]. Cost-sensitive learning assigns distinct misclassification costs to prioritize correct
minority class classification [40]. Decoupling regularization creates robust models for imbalanced data
[41]. Adaptive thresholds are relevant for self-training, such as in selecting confident pseudo-labels
across imbalanced categories [42]. LTGR [43] addresses "shortcut features” from long-tail distributions,
improving generalization on "tail" categories.

Class imbalance is amplified in emerging text classification scenarios. X-Class [44] addresses
weak supervision by learning adaptive representations and utilizing confident clusters. For hierarchi-
cal multi-label contexts, minority class classification can be addressed using only class names [45].
Collectively, these strategies—data manipulation (re-sampling, augmentation), algorithmic adjust-
ments (re-weighting, cost-sensitive learning), and adaptations for weak supervision or hierarchical
structures—are essential for robust text classification.

3. Method

The proposed Class-Adaptive Ensemble-Vote Consistency (AEVC) algorithm is meticulously
engineered to tackle the inherent complexities of semi-supervised text classification, with a particular
focus on scenarios characterized by highly imbalanced class distributions. Our comprehensive frame-
work seamlessly integrates a multi-head architecture for diverse learning, a dynamically weighted
ensemble prediction module for robust pseudo-label generation, and a class-aware pseudo-label
adjustment mechanism designed to mitigate class imbalance, all built upon a powerful pre-trained
language model backbone.
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Figure 2. Overall architecture of the Class-Adaptive Ensemble-Vote Consistency (AEVC) algorithm. Input text
sequences are processed by a BERT-Base encoder and fed into a multi-head architecture. The individual head
predictions are then combined by the Dynamically Weighted Ensemble Prediction (DWEP) module. Subsequently,
the Class-Aware Pseudo-Label Adjustment (CAPLA) module applies class-specific confidence thresholds and
dynamic weights to refine pseudo-labels, especially for imbalanced classes. These refined pseudo-labels, along
with labeled data, are used in a comprehensive training process involving supervised and unsupervised losses,
leading to final predictions.

3.1. Model Architecture and Multi-Head Design

The foundation of our AEVC framework is a robust pre-trained language model, specifically
BERT-Base, which functions as a powerful feature extractor. Given an input text sequence x, BERT
processes it through its transformer layers, yielding a contextualized representation for each token. The
representation corresponding to the special [CLS]" token, denoted as h, € RY, where d is the hidden
dimension of the encoder output, is extracted and serves as a comprehensive semantic embedding
for the entire input sequence. This ‘[CLS]" token representation is then fed into the subsequent
classification layers.

Upon this shared BERT encoder, we construct a multi-head architecture consisting of H inde-
pendent classification heads. For our experiments, we instantiate H = 3 heads. Each classification
head j, indexed from j = 1 to H, is composed of a dedicated feed-forward layer followed by a softmax
activation function. This architectural choice encourages each head to learn potentially distinct classifi-
cation logics and capture different facets of the input representation, thereby fostering a diverse set of
predictions. For an input text x, the j-th head computes a probability distribution over C classes as
follows:

pj(ylx) = softmax(W;hy + b;) (1)

where W; € RC*? and bj € RC are the trainable weight matrix and bias vector for the j-th classification
head, respectively, and C is the total number of classes. The inherent diversity generated by these
multiple, independently parameterized heads is a crucial prerequisite for the subsequent dynamic
weighting and robust pseudo-label generation mechanisms within AEVC.

3.2. Dynamically Weighted Ensemble Prediction (DWEP)

Traditional ensemble methods, prevalent in multi-head architectures or co-training paradigms,
often aggregate predictions through simplistic strategies such as majority voting or uniform averaging.
However, such static aggregation mechanisms fail to account for the heterogeneous performance of
individual heads, overlooking their varying reliability and specialized strengths across different classes
or data subsets. For instance, one head might exhibit superior performance on certain classes while
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another might be more robust to noisy data. To address this limitation and leverage the full potential
of diverse predictions, AEVC introduces the Dynamically Weighted Ensemble Prediction (DWEP)
module.

DWEP’s core principle is to adaptively assign a weight w; to each classification head j based
on its inferred reliability. This reliability is assessed through its class-specific prediction confidence
and its consistency with other heads throughout the ongoing training process. We maintain a set of
"reliability scores” R for each head j and each class k. These scores are incrementally updated in an
iterative manner, reflecting the heads’ recent predictive performance and alignment. Specifically, for an
unlabeled sample x,,, each head j produces a probability distribution p;(y|xu). A head’s contribution
to a particular class k is deemed reliable if its highest-confidence prediction, Pray j = maxy pj(y|xu), is
sufficiently high and, crucially, if the predicted class arg max, p;(y|x,) demonstrates strong agreement
with the predictions from other heads. When a pseudo-label 7 is confidently and consistently identified
by head j, the corresponding reliability score R; ; is positively reinforced, reflecting head j’s proficiency
for class §. These reliability scores are typically smoothed over multiple training steps using an
exponential moving average (EMA) to ensure stability and mitigate sudden fluctuations.

The dynamic weight w; for each head j is then derived from its aggregated reliability across
all classes. This aggregation sums the reliability scores R; for head j over all classesk = 1,...,C.
These aggregated scores are then normalized across all H heads, ensuring that the sum of all weights
Zszl w; = 1. The final ensemble prediction Ppwep(¥|xx) for an unlabeled sample x; is computed as
a weighted average of the individual head predictions, p;(y|xy), where each head’s contribution is
scaled by its dynamic weight w;:

H
Powep (ylxu) = ) w; - pi(ylxu) @
j=1
C R
Here, w; = ZHZ"Z% explicitly defines the normalization process, ensuring valid probability dis-
i=1 k=1 ik

tributions. This dynamically weighted ensemble mechanism produces a more robust and refined
pseudo-label 7, = argmax, Powgp(y|xy) and its associated confidence maxy Powep (y|xy). These
refined pseudo-labels and their confidences are subsequently passed to the Class-Aware Pseudo-Label
Adjustment module for further processing.

3.3. Class-Aware Pseudo-Label Adjustment (CAPLA)

To effectively mitigate the deleterious impact of highly imbalanced class distributions on semi-
supervised learning, AEVC incorporates the Class-Aware Pseudo-Label Adjustment (CAPLA) mech-
anism. A common drawback of conventional pseudo-labeling is its reliance on uniform confidence
thresholds or fixed margins across all classes. This uniform approach proves particularly problem-
atic in scenarios with long-tail distributions, as minority classes, due to their inherent scarcity, often
generate predictions with lower confidence scores. Consequently, pseudo-labels belonging to these
under-represented categories are disproportionately filtered out, leading to an exacerbation of the
existing class imbalance and hindering the model’s ability to learn from crucial minority samples.

CAPLA addresses this issue by introducing a sophisticated class-specific strategy for both pseudo-
label filtering and dynamic weighting. For each class k € {1,...,C}, we maintain a distinct, class-
adaptive confidence threshold T;. For classes that are abundant (majority classes), T can be set to
a standard or even a more stringent level. Critically, for minority classes, T is judiciously relaxed,
enabling a larger proportion of pseudo-labels from these vital, yet scarce, categories to be accepted
into the training set. This strategic relaxation is instrumental in encouraging the model to acquire
knowledge from these under-represented samples, preventing their systematic exclusion.

Beyond filtering, CAPLA also assigns a dynamic weight A; to modulate the contribution of
each pseudo-labeled sample x, to the unsupervised loss, contingent on its assigned pseudo-label
7. belonging to class k. Minority classes are allocated higher weights (A > 1), effectively elevating
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their significance within the unsupervised loss function. This mechanism directly counteracts the
inherent training bias towards majority classes, ensuring that the model pays adequate attention
to minority categories. Both the class-adaptive thresholds 7; and weights A are not static but are
dynamically adjusted throughout training. Their updates can be informed by the current estimated
class distribution within the pseudo-labeled data or based on historical performance metrics of each
class, such as their F1-score or precision-recall curves.

Furthermore, CAPLA refines the concept of pseudo-margins by employing class-adaptive average
pseudo-margins. Unlike methods that use a fixed margin for all classes, CAPLA’s approach allows
the margin requirement for a pseudo-label to be accepted or to contribute significantly to the loss to
vary on a per-class basis. This provides finer-grained control over the quality and inclusion criteria of
pseudo-labels, ensuring an appropriate balance for both majority and minority categories.

For an unlabeled sample x,,, its DWEP-generated pseudo-label #;, is determined from a weakly
augmented version of the input, a(x, ), yielding a confidence of max, Powgp(v|a(xy)). This pseudo-
label is deemed valid and accepted for training if its confidence meets the class-specific threshold
Ty

u

COl’lditiOHCAPLA(XM) = ]I(rnyax PDWEp(y|1x(xu)) > Tyu) (3)

where I(-) is the indicator function, evaluating to 1 if the condition is true and 0 otherwise. If the
pseudo-label is accepted, its contribution to the unsupervised loss is then scaled by the class-specific
weight Ay, . The initial values of 7; and Ay are typically set based on the observed class frequencies
within the limited labeled data. During training, they are continually adjusted to reflect the evolving
distribution of pseudo-labels and the model’s learning progress. For example, A can be formulated as
inversely proportional to the effective number of samples currently assigned to class k, providing a
robust mechanism for re-balancing.

3.4. Overall Training Objective

The training paradigm for AEVC is inspired by consistency regularization principles, prominently
utilizing both weakly and strongly augmented versions of unlabeled data. In each training iteration,
we process a batch comprising a set of labeled samples X1 = {(x;, ;) }, where y; is the true label, and
a set of unlabeled samples Xy = {x,}.

For the labeled data, the model undergoes supervised training using a standard cross-entropy
loss. To leverage the diversity of our multi-head architecture, we sum the individual cross-entropy
losses from all H heads, effectively treating each head as an independent classification learner on the

labeled dataset:
1 H
L= T Y. Y CE(pj(ylx:), v1) (4)
LV (vy)exy j=1

where CE(+, -) denotes the categorical cross-entropy loss, comparing the predicted probability distribu-
tion p;(y|x;) from head j with the true one-hot encoded label y;.

For the unlabeled data, we employ a consistency regularization approach. This involves applying
two distinct augmentation strategies: a weak augmentation a(x,) (typically a minimal transforma-
tion, such as an identity function or simple shuffling) and a strong augmentation A(x,) (e.g., more
aggressive transformations like back-translation, word deletion, or synonym replacement). The DWEP
module first generates robust pseudo-labels , and their associated confidences by processing the
weakly augmented sample a(x,). Subsequently, the CAPLA mechanism applies its class-specific
filtering conditions and assigns class-adaptive weights Ay, to these pseudo-labels. The unsupervised
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loss, L1y, is then computed as the cross-entropy between these CAPLA-adjusted pseudo-labels and the
predictions made by each head on the strongly augmented version of the sample, A(x,,):

1 . H )
Ly = T Y Conditioncapra(xu) - Ag, - Y CE(p;(y|A(xu)), Iu) 5)
| U| X €EXy =

Here, the indicator function Conditioncappa (x,) ensures that only pseudo-labels meeting the class-
specific confidence threshold are considered for the unsupervised loss. Simultaneously, A, dynam-
ically scales the importance of each accepted pseudo-label based on its respective class, effectively
re-weighting minority classes to counter imbalance.

The overall training objective for AEVC, L1, is formulated as a weighted combination of the
supervised loss £} and the unsupervised loss Ly;:

Liotal = L1+ pLy (6)

where y is a crucial hyperparameter that balances the relative contribution of the unsupervised loss to
the total objective. This comprehensive joint training objective allows AEVC to simultaneously benefit
from the explicit supervision on labeled data, the consistency regularization provided by augmented
unlabeled data, the robustness of ensemble predictions via DWEP, and the targeted class-aware re-
balancing of pseudo-labels through CAPLA. This synergistic integration aims to significantly enhance
performance in semi-supervised text classification, particularly when confronting real-world class
imbalance challenges.

4. Experiments

To thoroughly evaluate the efficacy of our proposed Class-Adaptive Ensemble-Vote Consistency
(AEVC) framework, we conducted extensive experiments following a standardized semi-supervised
learning benchmark. Our primary focus was to assess AEVC’s performance under varying degrees of
labeled data scarcity and, crucially, in the presence of highly imbalanced class distributions.

4.1. Experimental Setup
4.1.1. Datasets

We utilized five widely adopted text classification datasets from the unified semi-supervised
learning benchmark, USB benchmark [17]: IMDB, AG News, Amazon Review, Yahoo! Answers, and
Yelp Review. These datasets encompass a diverse range of topics and classification complexities. To
rigorously test AEVC’s robustness to class imbalance, we constructed long-tail imbalanced versions
of these datasets. This was achieved by systematically reducing the number of samples in minority
classes, simulating real-world data distributions where class frequencies follow an exponential decay,
similar to the approach adopted in MultiMatch [18]. We varied the imbalance coefficient 7y to create
different levels of imbalance severity.

4.1.2. Labeled Data Amount

For each dataset, we explored various proportions of labeled data to assess AEVC'’s performance
under different data scarcity conditions. Specifically, we set the number of labeled samples as follows:
20 and 100 for IMDB; 40 and 200 for AG News; 40 and 200 for Amazon Review; 40 and 200 for Yahoo!
Answers; and 40 and 200 for Yelp Review. The remaining data constituted the unlabeled pool.

4.1.3. Baseline Methods

We compared AEVC against several state-of-the-art semi-supervised text classification methods
to benchmark its performance:
¢  FixMatch [5]: A foundational consistency regularization method that uses a confidence threshold
for pseudo-labeling.
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e  FreeMatch [5]: An extension of FixMatch that employs an adaptive confidence threshold mecha-
nism.

*  MarginMatch [5]: Enhances pseudo-label filtering by incorporating a dynamic pseudo-margin
strategy.

e MultiMatch [18]: A strong baseline that leverages multi-head consistency and a more complex
pseudo-label weighting scheme, serving as our most direct comparison given its architectural
similarities.

4.1.4. Evaluation Metrics

Our primary evaluation metric was the Error Rate (%) on the test set, where lower values indicate
superior performance. For experiments conducted on highly imbalanced datasets, we additionally
reported the weighted F1-score. This metric provides a more comprehensive assessment by accounting
for class imbalances, reflecting the model’s performance across all classes, particularly minority ones.

4.1.5. Data Preprocessing and Augmentation

All text inputs were uniformly truncated or padded to a maximum sequence length of 512 tokens.
For consistency regularization, we applied two types of data augmentation:

*  Weak Augmentation (x(x)): Implemented as an identity transformation, meaning the input text
remained unchanged.

e  Strong Augmentation (A(x)): Utilized back-translation, where text was translated from English
to an intermediate language (e.g., German or Russian) and then back to English. This strategy
generates semantically invariant but syntactically diverse samples.

4.1.6. Training Details

All models were optimized using AdamW, a variant of Adam that incorporates weight decay
regularization. The learning rate was scheduled with a cosine decay function, preceded by a warm-up
phase to ensure stable training at the initial stages. The total number of training steps was set to
102,400, with 5,120 steps allocated for warm-up. Each training batch comprised an equal number
of labeled and unlabeled samples: B labeled samples and uB unlabeled samples, where y = 1. The
BERT-Base model weights were initialized from pre-trained checkpoints, and the classification heads
were randomly initialized. The unsupervised loss weight y was set to 1.

4.2. Performance Comparison

This section presents the comparative performance of AEVC against baseline methods, both in
standard (balanced) semi-supervised settings and under conditions of severe class imbalance. The
results are reported as Error Rate (%), with lower values indicating better performance.

4.2.1. Results on Balanced Datasets

Table 1 summarizes the average error rates on five USB benchmark datasets under their balanced
configurations with a moderate number of labeled samples.

Table 1. Average Error Rate (%) on USB Benchmark Datasets (Balanced Settings).

AEVC MultiMatch

Dataset (Labeled Samples)  FixMatch ~ FreeMatch MarginMatch MultiMatch (Ours) Improve

(0/0)1'
IMDB (100) 32.15 31.02 30.58 29.83 29.15 0.68
AG News (200) 31.88 30.95 30.51 30.33 29.78 0.55
Amazon Review (200) 33.01 32.18 31.65 31.29 30.55 0.74
Yahoo! Answers (200) 29.80 28.92 28.35 2791 27.32 0.59
Yelp Review (200) 31.50 30.65 30.12 29.75 29.05 0.70
Average (Balanced) 31.67 30.74 30.24 29.82 29.17 0.65
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As shown in Table 1, AEVC consistently outperforms all baseline methods, including the strong
MultiMatch baseline, across all five USB benchmark datasets in balanced settings. On average, AEVC
achieves a reduction of approximately 0.65% in error rate compared to MultiMatch. This indicates that
the synergy of our dynamically weighted ensemble prediction (DWEP) and class-aware pseudo-label
adjustment (CAPLA) mechanisms not only addresses class imbalance but also provides a general
performance boost in conventional semi-supervised tasks, yielding more robust and accurate pseudo-
labels even when class distributions are relatively even.

4.2.2. Results on Highly Imbalanced Datasets

Table 2 presents the average error rates when models are trained and evaluated on highly class-
imbalanced versions of the USB benchmark datasets. These results highlight the efficacy of AEVC in
challenging long-tail scenarios.

Table 2. Average Error Rate (%) on Highly Class-Imbalanced Datasets.

AEVC MultiMatch
Setting FixMatch FreeMatch ~ MarginMatch MultiMatch Improve
(Ours) o\t
(%)
Avg. (Imbalanced) 35.10 34.05 32.90 31.50 29.95 1.55

The results in Table 2 unequivocally demonstrate AEVC’s superior performance in handling
highly class-imbalanced data. Under these challenging conditions, AEVC achieves an average error
rate that is approximately 1.55% lower than that of MultiMatch. This significant improvement validates
the crucial role of AEVC’s Class-Aware Pseudo-Label Adjustment (CAPLA) mechanism. By adapting
pseudo-label filtering and weighting strategies to the specific characteristics of each class (especially
minority classes), AEVC effectively mitigates the bias towards majority classes, leading to substantially
improved recognition capabilities for under-represented categories and a notable reduction in overall
error.

4.3. Ablation Study

To validate the individual contributions of the key components within AEVC, namely the Dy-
namically Weighted Ensemble Prediction (DWEP) module and the Class-Aware Pseudo-Label
Adjustment (CAPLA) mechanism, we conducted an ablation study. We evaluated different variants
of AEVC on the average performance across the imbalanced datasets (same setting as Table 2). The
results, measured by average error rate, are presented in Table 3.

Table 3. Ablation Study on Key Components of AEVC (Average Error Rate (%) on Imbalanced Datasets).

Model Variant Average Error Rate (%)
AEVC (Full Model) 29.95
AEVC w/0 CAPLA (Uniform Thresholds/Weights) 31.10
AEVC w/o DWEP (Simple Average Ensemble) 30.65
AEVC w/0 DWEP & w/o0 CAPLA (Basic Multi-Head) 32.05

From Table 3, we observe the following;:

e When the CAPLA mechanism is removed (i.e., using uniform confidence thresholds and weights
across all classes), the average error rate increases from 29.95% to 31.10%. This significant degra-
dation highlights CAPLA's critical role in mitigating class imbalance by adaptively promoting
learning from minority classes.

* Disabling the DWEP module (i.e., using a simple average for ensemble predictions instead of
dynamic weighting), while retaining CAPLA, results in an error rate of 30.65%. This indicates
that dynamic weighting significantly improves the quality and robustness of pseudo-labels, even
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when class-aware adjustments are in place. The adaptive nature of DWEP ensures that more
reliable heads contribute more, leading to better ensemble predictions.

¢ When both DWEP and CAPLA are removed, reducing AEVC to a basic multi-head consistency
model with standard pseudo-labeling, the error rate further increases to 32.05%. This variant
performs worse than MultiMatch (31.50% in Table 2), underscoring the combined positive impact
of our proposed innovations.

These results conclusively demonstrate that both the Dynamically Weighted Ensemble Prediction
(DWEP) and Class-Aware Pseudo-Label Adjustment (CAPLA) mechanisms are indispensable for
AEVC’s superior performance, especially in highly imbalanced semi-supervised text classification tasks.
Each module contributes uniquely to enhancing pseudo-label quality and effectively counteracting the
challenges posed by long-tail distributions.

4.4. Human Evaluation on Minority Class Samples

To further assess the qualitative improvements of AEVC, particularly its ability to classify minority
class samples accurately and reliably, we conducted a small-scale human evaluation. A panel of three
expert annotators was tasked with reviewing classification decisions made by AEVC and the best
baseline (MultiMatch) on a randomly selected subset of 100 challenging samples from minority classes
across the imbalanced datasets. Annotators judged whether the model’s prediction was "Correct,"
"Incorrect,” or "Ambiguous" and provided a confidence score (1-5, 5 being very confident) on the
prediction’s quality/justification. Figure 3 summarizes the agreement rate with expert labels for
"Correct” classifications and the average perceived quality score.

5
Agreement Rate with Expert Labels (%)
[ Average Quality Score (1-5)

i 79.2 L
68.5 n
o
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Figure 3. Human Evaluation Results on Minority Class Samples (Average across Imbalanced Datasets).

As presented in Figure 3, AEVC exhibits a significantly higher agreement rate with expert human
labels on minority class samples (79.2%) compared to MultiMatch (68.5%). Furthermore, the average
perceived quality score assigned by human annotators for AEVC'’s predictions is notably higher (4.1)
than for MultiMatch (3.2). These qualitative results reinforce our quantitative findings, indicating that
AEVC not only achieves better numerical performance but also generates more accurate, reliable, and
interpretable classification decisions, especially for the critical and often overlooked minority classes.
This suggests that the refined pseudo-labeling and imbalance-handling mechanisms in AEVC yield a
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more nuanced understanding of complex textual data, aligning more closely with human judgment
for challenging cases.

4.5. Analysis of Class-Adaptive Pseudo-Label Adjustment (CAPLA)

To gain deeper insight into how the Class-Adaptive Pseudo-Label Adjustment (CAPLA) mech-
anism functions, we analyze its effect on pseudo-label acceptance rates and weighting for different
classes. Table 4 compares the behavior of AEVC with and without CAPLA (i.e., using uniform thresh-
olds and weights) on a representative imbalanced dataset, focusing on a minority class and a majority
class.

Table 4. Impact of CAPLA on Pseudo-Label Acceptance and Weighting (Amazon Review Imbalanced).

Model Variant Class Type Accepted Pseudo-Labels (%)"  Avg. Pseudo-Label Weight'?
AEVC (Full Model) Minority 65.8 1.85
Majority 78.1 0.90
AEVCw/0o CAPLA  Minority 42.3 1.00
(Uniform o
Thresh/Weights) Majority 81.5 1.00

t Percentage of pseudo-labels generated for samples belonging to this class that were accepted by the pseudo-label filtering
mechanism. ' Average weight applied to the unsupervised loss for accepted pseudo-labels of this class.

Table 4 clearly illustrates CAPLA'’s targeted impact. For minority classes, AEVC with CAPLA sig-
nificantly increases the percentage of accepted pseudo-labels (65.8%) compared to the variant without
CAPLA (42.3%). This demonstrates CAPLA’s effectiveness in relaxing thresholds for scarce categories,
thereby making more crucial minority samples available for unsupervised learning. Simultaneously,
CAPLA assigns a higher average pseudo-label weight (1.85) to minority classes, boosting their contri-
bution to the loss. In contrast, for majority classes, CAPLA either slightly reduces the acceptance rate
or maintains it while assigning weights closer to or below 1.0. This adaptive strategy ensures that the
model learns more effectively from under-represented classes without disproportionately overfitting
to majority ones, thereby directly mitigating the class imbalance issue.

4.6. Impact of Dynamic Ensemble Weighting (DWEP)

The Dynamically Weighted Ensemble Prediction (DWEP) module is designed to produce
more robust pseudo-labels by adaptively leveraging the strengths of individual classification heads.
While the ablation study already quantified its overall performance gain, Figure 4 further dissects
DWEP’s contribution by examining the quality of pseudo-labels generated, specifically focusing on
the confidence associated with correctly predicted pseudo-labels.
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Figure 4. Impact of Dynamic Ensemble Weighting (DWEP) on Pseudo-Label Quality (Average over Imbalanced
Datasets).

Figure 4 shows that AEVC, with its active DWEP module, not only achieves a lower error rate
but also generates pseudo-labels with a higher average confidence when those pseudo-labels are
indeed correct (0.92 vs. 0.88). This indicates that DWEP effectively identifies and down-weights less
reliable head predictions, leading to a more accurate and confident consensus prediction. The higher
confidence in correct pseudo-labels translates into a more stable and effective unsupervised training
signal, which is critical for semi-supervised learning. This validates DWEP’s role in improving the
foundational quality of pseudo-labels before they are subjected to CAPLA’s class-aware adjustments.

4.7. Sensitivity to Labeled Data Amount

To thoroughly understand AEVC’s robustness and performance under varying levels of labeled
data scarcity, we conducted experiments using different amounts of labeled data on representative
datasets. Table 5 presents the error rates for AEVC and MultiMatch across a broader range of labeled
samples, particularly focusing on very low-resource settings.

Table 5. AEVC Performance with Varying Amounts of Labeled Data (Error Rate %).

Dataset Labeled Samples MultiMatch AEVC (Ours) Improvement (%)"

IMDB 20 35.12 33.95 1.17
40 33.50 32.20 1.30
100 29.83 29.15 0.68
AG News 40 34.80 33.55 1.25
100 32.50 31.70 0.80
200 30.33 29.78 0.55

t Improvement (%) indicates the absolute difference between MultiMatch Error and AEVC Error.

As shown in Table 5, AEVC consistently outperforms MultiMatch across all tested labeled data
amounts, with the performance gain becoming more pronounced in highly data-scarce scenarios. For
instance, on the IMDB dataset with only 20 labeled samples, AEVC yields an improvement of 1.17%
over MultiMatch. This suggests that AEVC’s robust pseudo-label generation through DWEP and its
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strategic use of class-aware pseudo-label adjustment (CAPLA) are particularly effective when explicit
supervision is minimal. In such challenging settings, the quality and reliability of pseudo-labels
become paramount, and AEVC’s mechanisms excel at extracting maximum utility from the unlabeled
data, leading to superior performance even with extremely limited labeled resources.

4.8. Hyperparameter Sensitivity Analysis

To evaluate the robustness of AEVC to its key hyperparameters, we conducted a sensitivity
analysis on the unsupervised loss weight y and the number of classification heads H. This study
was performed by varying each parameter while keeping others at their default values, with results
averaged across the imbalanced datasets. Table 6 summarizes these findings.

Table 6. Sensitivity Analysis of AEVC to Key Hyperparameters (Average Error Rate (%) on Imbalanced Datasets).

Hyperparameter Value Average Error Rate (%)
Unsupervised 0.5 30.40
Loss Weight u 1.0 (Default) 29.95

2.0 30.25

5.0 31.05
Number of Heads 2 30.30
H 3 (Default) 29.95

4 30.15

5 30.45

Table 6 indicates that AEVC demonstrates reasonable stability to variations in both the unsu-
pervised loss weight # and the number of classification heads H. For y, values slightly deviating
from the default of 1.0 (e.g., 0.5 or 2.0) lead to only minor performance degradation, suggesting that
the model is not overly sensitive to the exact balance between supervised and unsupervised losses.
Extremely high values (e.g., 5.0) for i do lead to a more noticeable increase in error, as expected, as this
over-emphasizes potentially noisy pseudo-labels. Similarly, for the number of heads H, setting H = 3
achieves the optimal performance. While using 2 heads or 4 heads results in slightly higher error rates,
the performance remains competitive, highlighting that the multi-head architecture provides benefits
even with slight variations. Using 5 heads results in slightly worse performance, potentially due to
increased model complexity or redundancy without additional gains. These results suggest that AEVC
is robust and does not require extensive fine-tuning of these hyperparameters for good performance.

5. Conclusions

This research introduced Class-Adaptive Ensemble-Vote Consistency (AEVC), a novel framework
designed to overcome the critical challenges of limited labeled data and severe class imbalance in semi-
supervised text classification (SSL-TC). AEVC integrates co-training, consistency regularization, and
pseudo-labeling through two core, synergistically operating mechanisms: the Dynamically Weighted
Ensemble Prediction (DWEP) module, which enhances pseudo-label quality by adaptively weighting
multiple classification heads, and the Class-Aware Pseudo-Label Adjustment (CAPLA) mechanism,
which directly mitigates class imbalance by judiciously adjusting pseudo-label thresholds and assigning
higher weights to minority class samples. Our comprehensive experimental evaluation on the unified
semi-supervised learning benchmark (USB benchmark) unequivocally demonstrated AEVC’s superior
efficacy, consistently outperforming state-of-the-art baselines. Notably, AEVC achieved an average
error rate reduction of approximately 0.65% in balanced settings and a more significant 1.55% under
severe class imbalance compared to MultiMatch. Ablation studies confirmed the indispensable
contributions of both DWEP and CAPLA, affirming AEVC as a significant advance for robust SSL-TC,
offering a more reliable and ethically responsible solution for real-world text-based Al applications
where data imbalance is prevalent.
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