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Abstract—Class imbalance in tabular data is a fundamental
problem in real-world machine learning scenarios, often leading
to suboptimal performance and generalization of downstream
models on minority class. While existing data augmentation tech-
niques partially alleviate sample scarcity, most fail to explicitly
characterize intra-class consistency and inter-class discrepancy in
data synthetic modeling. Consequently, ensuring that synthesized
minority samples possess genuine discriminative power remains
a formidable challenge. Concurrently, contrastive learning has
been extensively validated in the vision and language domains for
its ability to align positive pairs while segregating negative ones.
Therefore, we propose CDTab, a contrastive-enhanced diffusion
framework that models the feature distribution of minority sam-
ples while simultaneously capturing discriminative structures.
Our method not only enhances the fidelity of generated data
but also bolsters the semantic distinguishability of minority
samples. Systematic experiments across six benchmark datasets
using five mainstream classifiers demonstrate that our framework
significantly outperforms competitive augmentation baselines in
both generation quality and downstream predictive performance.
The code is available at https://github.com/ningzuow/CDTab.

Index Terms—Tabular Data, Data Augmentation, Class Imbal-
ance, Contrastive Learning, Diffusion Models

I. INTRODUCTION

Learning from imbalanced tabular data remains a funda-
mental challenge in machine learning [1], [2]. When minority
samples are severely under-represented, standard empirical
risk minimization is dominated by majority-class statistics,
often leading to distorted decision boundaries that systemat-
ically overlook rare but critical patterns [3]. In high-stakes
applications such as fraud detection and medical diagnosis,
such minority-class failures commonly incur unacceptable
costs [4], [5].

Existing research primarily addresses class imbalance
through paradigms at the algorithmic and data levels [6],
[7]. Algorithm-driven approaches adjust model weights to
emphasize the importance of minority samples [8], but they
often suffer from hyperparameter-sensitive and unstable train-
ing problems. Data-driven strategies are therefore more widely
adopted due to their universality across models [6]. Given
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Fig. 1. Distribution-Centric and Contrastive-Enhanced minority instances
distribution. The blue dots represent the majority class samples, the red
dots represent the minority class samples, and the orange four-pointed stars
represent the newly generated minority class instances. The gray dotted lines
indicate the decision boundary. The solid black arrows point to the minority
class cluster space, representing the discrimination information that makes the
decision boundary clearer.

that undersampling methods often discard critical information,
synthetic oversampling has become the predominant approach,
particularly methods like SMOTE and its variants [9], [10],
which generate new minority instances via local interpolation.
However, these methods implicitly assume linear neighbor-
hood structures and struggle to preserve semantic consistency
in high-dimensional, heterogeneous tabular data [11]. Recent
advances replace interpolation with generative modeling [12],
[13], where diffusion-based approaches have shown promise
due to their stable training dynamics and strong distributional
coverage [14], [15]. Nevertheless, existing generative aug-
mentation methods remain fundamentally distribution-centric:
they only focus on matching marginal minority distributions
while being largely agnostic to the discriminative information
induced by class boundaries.

As shown in Fig. 1, this distribution—discrimination mis-
match leads to a critical failure mode: although generated
samples may appear statistically plausible, they frequently
populate boundary-adjacent or semantically ambiguous re-
gions, limiting their effectiveness or even harming perfor-



mance in downstream classifiers. Crucially, this issue cannot
be resolved by improving generative fidelity alone. Effective
minority augmentation requires not only recovering the mi-
nority distribution, but doing so within a representation space
that explicitly encodes intra-class consistency and inter-class
separation. Contrastive learning emerges as a self-supervised
principled paradigm to enforce such structural constraints by
aligning positive pairs and segregating negative ones in the
latent manifold [16]-[18]. By integrating this discriminative
objective, we can bridge the gap between statistical fidelity
and semantic distinguishability.

Motivated by this observation, we introduce a contrastive
diffusion perspective in tabular minority data generation. Our
key insight is that minority synthesis should be guided by
a discriminatively structured latent space, where generative
modeling and class-aware representation learning are tightly
coupled. Rather than treating generation and discrimination as
decoupled stages, we jointly optimize them within a unified
feature space, allowing the discriminative structure to directly
constrain the generative process.

In this paper, we propose CDTab, a contrastive-enhanced
diffusion framework for tabular minority class generation.
CDTab jointly models minority class generation and inter-
class discrimination within a unified feature representation
space. It achieves high-fidelity fitting to minority class sam-
ple distributions while explicitly preserving their semantic
consistency and distinctiveness from majority class samples.
CDTab directly generates target minority samples without
requiring additional conditional guidance mechanisms. Addi-
tionally, this paper introduces a structure-aware sample filter-
ing strategy within the contrastive subspace, further retaining
high-quality synthetic data with stronger discriminative consis-
tency, thereby enhancing the stability of generation. The main
contributions of this paper are summarized as follows:

e We propose CDTab, a contrastive-enhanced diffusion
framework for tabular minority class generation that
jointly optimizes diffusion generation and contrastive
discrimination objectives within a unified feature space. It
enables the generation process to learn minority class dis-
tributions while being constrained by the discriminative
structure of categories, supporting the direct generation
of minority class samples.

o We design a contrastive, latent space-based, discrimina-
tively structure-aware sample filtration mechanism to se-
lectively retain generated samples with stronger semantic
consistency, enhancing the stability and effectiveness of
data augmentation.

o We evaluate CDTab against 7 baseline methods, including
SMOTE, its variants and generative models, across 6
widely used datasets with imbalance ratios ranging from
3.18 to 20.02. Each method-balanced dataset is used
for binary classification with 5 ML models. Extensive
experiments demonstrate that CDTab improves generation
quality and downstream classification performance over
existing oversampling and generative baselines.

II. RELATED WORK
A. SMOTE-based Oversampling Methods

SMOTE (Synthetic Minority Over-sampling Technique)
[19] is one of the most commonly used oversampling meth-
ods for addressing the class imbalance problem in tabular
datasets. It generates new minority instances by interpolating
the existing minority samples in the feature space. Based on
this framework, various variants have been proposed, such as
ADASYN [20] which introduces an adaptive sampling strat-
egy to assign higher generation weights to minority samples
located in sparse or difficult areas; Borderline-SMOTE [21]
only generates minority instances close to the class boundary;
SMOTEENN [22] combines SMOTE with the edit nearest
neighbor (ENN) rule, where oversampling is performed first,
and then noise samples are deleted based on local neighbor-
hood consistency.

B. Deep Generative Models for Tabular Data

We particularly note that the latest advancements in deep
generative models have enabled the generation of high-quality
synthetic data [23]-[25]. Earlier methods mainly relied on
variational autoencoders [24] and generative adversarial net-
works to simulate heterogeneous feature distributions. Among
them, TVAE [26] is a representative table synthesizer based
on variational autoencoders, specifically designed for mixed
numerical and categorical attributes. CTGAN [27] introduces
conditional generation for table features, while CTAB-GAN
[28] and CTAB-GAN+ [29] further improve the stability
of training and the modeling ability of discrete features
through frequency-aware sampling strategies, making them
common benchmark models for table data augmentation. In
recent years, diffusion-based models have demonstrated su-
perior generation quality when dealing with table data [14].
Representative methods include TabDDPM [30] and TabSyn
[31], and the recent TabDiff [32] has achieved state-of-the-art
generation quality through its innovative training and sampling
mechanisms.

Although these existing table data synthesizers have certain
effectiveness, most do not explicitly address data augmenta-
tion for handling class imbalance, and they mostly focus on
feature distribution modeling and do not show the problem of
modeling the discriminative boundaries of classes. Our method
models the minority class under contrastive augmentation, can
expand high-quality minority class for imbalanced datasets,
and thereby effectively improve the performance of down-
stream classifiers.

III. PROBLEM DEFINITION

Let D = {(xi,y;)}}Y; denote a tabular dataset for binary
classification, where each instance x; is composed of heteroge-
neous attributes, including numerical features and categorical
features, and y; € {0,1} is the corresponding class label. We
consider the class-imbalanced setting in which the minority
class (y = 1) is significantly underrepresented compared to
the majority class (y = 0), i.e., |Zmin| < |Zmaj|, Where
Lwin ={i:y; =1} and Z,,,,; = {i : y; = 0}.
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Fig. 2. A high-level overview of the CDTab. This model generates minority class samples with clear discriminative semantics by simultaneously conducting
contrastive learning and diffusion modeling in a shared representation space. During the posterior process, we designed a structural consistency check to filter

out the noise in the generated samples.

The objective of this work is to synthesize additional
minority-class samples to alleviate class imbalance, thereby
reducing the bias induced in downstream classification tasks.
Formally, we aim to generate a set of synthetic instances
Dpin = {X;} such that the induced distribution Pg(x |
y = 1) approximates the true minority conditional distribution
P(x | y = 1). Beyond distributional fidelity, the generated
samples are required to exhibit clear minority-class semantics
and remain well separated from the majority class in a dis-
criminative representation space H. In the following section,
we will provide a detailed description of the method we have

proposed.
IV. METHOD

This section details the architecture of CDTab, a contrastive-
enhanced diffusion framework, designed to address class im-
balance in tabular data from a unified discriminative perspec-
tive. It achieves this by jointly modelling the distribution of
minority class and explicitly implementing class separability
within a shared latent space. As illustrated in Fig. 2, the
workflow comprises two tightly coupled components:

(i) Contrastive-enhanced diffusion training and synthesis:
This framework first embeds the table samples into a shared
latent space through a common encoder, ensuring that the
generation and contrast branches learn the same representation.
On top of this representation, diffusion modeling is applied
to capture the minority-class distribution, while contrastive
learning enforces class-aware discriminative structure. Minor-
ity samples are finally generated through the reverse diffusion
sampling process in the learned latent space.

(ii) Posterior Structural Consistency Purification: We per-
form posterior structure consistency optimization on the gen-
erated minority class samples. We project the minority class
samples and the real training set samples onto the discrimi-
native space learned by contrastive learning, and the minority
class samples dominated by the majority class neighbors will

be discarded, thereby suppressing semantic noise and effec-
tively improving the performance of downstream classification
tasks.

A. Contrastive-enhanced Diffusion Training and Synthesis

In this section, we provide a detailed explanation of how
the contrastive-enhanced diffusion network is trained and how
it generates samples of the minority class. Since we aim
to generate the minority class samples not only to fit the
distribution characteristics, but also to have a clear inter-class
discrimination, the model first maps training samples x into
a shared latent representation space R through a common
representation learning module. Formally, each sample is
projected as z = f(x), where z € R, and f(-) denotes the
shared encoding function. Both the diffusion branch and the
contrastive branch are learned upon this shared latent space,
such that their respective learning signals are jointly reflected
in R.

1) Minority-Targeted Diffusion Modeling: Training a diffu-
sion model on the entire dataset under class imbalance may
cause the generative process to be dominated by majority-class
statistics, which can bias the synthesis of minority samples and
blur inter-class decision boundaries. To avoid such majority-
induced interference and preserve clear minority semantics,
we restrict the diffusion modeling process to minority-class
samples only, focusing explicitly on learning their intrinsic
feature distribution.

Let Rumin C R denote the minority-class latent subspace
induced by the shared representation module. The forward
diffusion process is defined as

q(z¢ | zo) = N (215 Var zo, (1 — ap)I),

where {a;}7_; controls the noise schedule.

To accommodate the heterogeneous characteristics of dif-
ferent feature types, we adopt a feature-adaptive noise injec-
tion scheme inspired by TabDiff [32]. For a minority latent

Zo € Rumin, (1)



representation zg € Ry, numerical features are corrupted
by additive Gaussian noise, while categorical features are
perturbed via stochastic masking:

thll]m — ZI(I)UHI + o,num(t) @ e’

2" ~ Mask (z§"; a(t)),
where € ~ N (0,I), o™™(¢) and a(¢) denote feature-wise
noise schedules for numerical and categorical components,
respectively.

The noise schedules are parameterized independently for
each feature dimension and learned during training:

2

opm () = (o + tlonllt — o))", (numerical)
a(]::;t (t)=1—1th, (categorical)3
3)

where p; and k; are learnable parameters controlling the noise
schedules of the i-th numerical and j-th categorical features,
respectively. This learnable noise scheduling addresses the
inherent feature heterogeneity of tabular data. Unlike image
generation where pixels share a homogeneous domain, each
dimension in a table possesses unique physical semantics
and distributions. It achieves feature-wise customized mod-
eling, allowing the diffusion branch to adaptively calibrate
the corruption intensity for numerical and categorical at-
tributes, thereby preserving the intricate correlations within
high-dimensional tabular structures. Specifically, the reverse
denoising process is parameterized by a multi-layer Trans-
former network, which effectively captures the complex inter-
feature dependencies within the minority-class latent space.
The diffusion branch is trained by minimizing a denoising ob-
jective defined exclusively on minority-class representations.

2) Discriminable Contrastive Structure Learning: Al-
though the diffusion branch can generate a certain amount
of samples that are highly consistent with the underlying
distribution, in order to clearly enhance semantic consis-
tency, we introduce a discriminative learning objective from
a comparative perspective, thereby enabling the model to
be encouraged to achieve intra-class compactness among the
minority class samples, while expanding the representation
gap between the minority class and the majority class, thereby
promoting clearer class boundaries.

Contrastive learning requires first determining the positive
and negative samples. Specifically, given a mini-batch of
training samples B = {(x;, y; )}Lljl, we first identify, for each
sample x;, its Euclidean nearest neighbor x; of the same
class in the original data space according to the Euclidean
distance. Based on the shared latent representation space R,
each sample and its class-consistent nearest neighbor then
form a positive pair (z;,z;), where z; = f(x;) and z; =
f(x;). For each positive pair, all remaining samples in the
batch whose labels satisfy y, # y; are regarded as negative
samples. To clearly highlight the boundaries between classes,
this procedure is applied symmetrically to both the minority
and majority classes.

To enable stable learning of discriminative structure in the
shared latent space, we adopt a momentum-based contrastive

network architecture. Given the positive pairs’ latent repre-
sentations z;,z; € R , they are first obtained via the shared
representation function f(-). These latent features are then
projected into a contrastive embedding space S through a
projection head g(-):

hzzg(zz)7 hj :g(zj)7

To construct stable positive pairs, we further introduce a
momentum encoder f¢, whose parameters £ are updated as an
exponential moving average of the online encoder parameters
0:

hes. 4)

where m € [0,1) denotes the momentum coefficient. The
momentum encoder maps samples from the same mini-batch
into momentum features h7* = g(fe(x;))-

Based on the constructed positive and negative samples, the
contrastive loss is defined using the InfoNCE [33] objective.
Let P denote the set of positive sample pairs in a mini-batch,
and N; denote the set of negative samples associated with
anchor h;. The contrastive loss is formulated as

L‘,coni ! Z *log exp(SIm(h“hT)/Tn)l .
Pl 2 > explsim(h,, by /7)
(i.4)€ keN;U{j}

(6)

where sim(-, -) denotes cosine similarity and 7 is a temper-

ature parameter. By normalizing over the number of positive

pairs, the loss consistently accounts for all class-consistent
neighborhoods within the batch.

3) Joint Optimization and Generative Sampling: Unlike
traditional generative augmentation that treats distribution fit-
ting and discrimination as decoupled tasks, our joint optimiza-
tion objective facilitates manifold alignment between the gen-
erative and discriminative pathways. By imposing contrastive
constraints, we force the diffusion process to evolve on a
discriminative manifold in the latent space, ensuring that the
synthesized minority samples are not only statistically plausi-
ble but also structurally coherent with the class boundaries.

In order to enable the model to simultaneously capture
the unique distribution characteristics of minority groups as
well as the structural information for class discrimination, we
adopt an end-to-end approach to jointly optimize the diffusion
loss and the contrast loss. Both of these objectives are back-
propagated through the shared representation learning module,
allowing the generation and discrimination learning signals
to jointly shape the shared latent space. The entire training
objective is defined as

L=Ezer,.. |l€— €z, t)”% A+ Leon(9(2)) (7)
~———— ———’

Distribution Fitting Manifold Alignment

where A\ controls the relative importance of discriminative
structural learning. After training, synthetic minority samples
are generated via the reverse diffusion process operating in the
shared latent representation space. Specifically, starting from



Gaussian noise zr ~ N(0,I), the learned diffusion model
iteratively denoises the latent variable according to

Zi—1 :pe(zt—l |Zt)7 t:Ty"'ala (8)

resulting in a synthesized minority latent representation zy €
Rmin- The generated latent sample is then mapped back to
the original data space through the decoder d(-) associated
with the shared representation module, X = d(z¢) yielding a
synthetic minority-class instance X, which is able to preserve
high feature fidelity while maintaining clear and consistent
class semantics.

B. Posterior Structural Consistency Purification

Since the essence of generative models is to fit the probabil-
ity distribution, even though category constraints are imposed
through a comparative perspective, the synthesized minor-
ity class dataset Dinin may still inevitably contain samples
that deviate from the expected class discriminative structure.
Therefore, it is necessary to perform posterior refinement on
the generated dataset based on the category semantics.

Since the contrastive objective shapes a discriminative latent
space ‘H with intra-class compactness and inter-class separabil-
ity, neighborhood relations measured in H provide a geometry-
aware criterion for assessing whether a synthesized sample is
semantically consistent with the learned class structure. There-
fore, we transfer the refinement process to H and perform
a posterior structural consistency filtering on the generated
minority samples.

Concretely, let ﬁmin denote the generated minority dataset
and D denote the original training set. We first project all
samples into the contrastive space H via the learned mapping
¢():

h = ¢(x) £ g(f(x)),

where f(-) is the shared representation function and g(-) is
the projection head. For any two samples x,,X;, we measure
their proximity in A using the cosine distance

_ ¢(Xa)T¢(Xb)
[16(xa)ll2 |(xb)[2

Based on dy(+, ), for each synthesized sample x; € Dinins
we retrieve its K nearest neighbors N (%;) from the pro-
jected pool D. Following the Edited Nearest Neighbor (ENN)
principle, we discard X; if its neighborhood is dominated by
majority-class samples:

heH, ©)]

dy(Xa,%p) =1 (10)

Dpure = {Xi € Dinin | Un((%;)) = 11, (11)
\I/”H(h) =1I Z H(yj = ymin) > ? s (12)
hjE./\/K(h)

where ﬁpure represents the refined minority subset, and ¥4 (-)
acts as a purification operator that validates the structural
integrity of each synthetic instance within the contrastive latent
space H.

TABLE I
DATASETS. INCLUDING THE TYPES AND NUMBERS OF FEATURES, THE
NUMBER OF SAMPLES, AND THE IMBALANCE RATIO (IR).

Dataset | Continuous  Categorical ~ Samples IR
adult 6 9 48842 3.18
default 14 11 30000 3.52
shoppers 10 8 12330 5.46
yeast 8 0 1484 8.10
winequality 11 0 735 12.85
magic 10 0 7022 20.02
V. EXPERIMENTS
A. Datasets

We selected six widely used datasets for research from the
UCI ML repository: adult [34], default of credit card clients
(default) [35], online shoppers purchasing intention dataset
(shoppers) [36], yeast [37], wine-quality-red (winequality)
[38], and MAGIC gamma telescope (magic) [39]. These
datasets cover a range of imbalance issues from low to high,
different sample quantities, and various feature compositions.
To build a binary classification task, we applied some pre-
processing strategies to a portion of the dataset. For the
yeast dataset, we apply One-vs-Rest (OVR) strategy, which
means one class is designated as the minority class, while
the remaining classes are merged into the majority class; for
the winequality dataset, we apply One-vs-One (OVO) strategy,
which means a class pair is treated as separate binary tasks;
for the magic dataset, we artificially first remove some of the
majority class to create a balanced dataset, and then remove
some of the minority class to achieve an extremely imbalanced
state.

B. Experiment Setup

Baselines. We compared the classification performance of
CDTab with seven baseline methods, including four widely
used synthetic oversampling techniques (SMOTE, ADASYN,
Borderline-SMOTE and SMOTEENN) and three deep learning
generative models: TVAE, CTAB-GAN+ and TabDiff.

ML classifiers. Experiments are conducted using 5 com-
monly used classifiers: Logistic Regression (LR), Random For-
est (RF), XGBoost, AdaBoost, and Support Vector Machine
(SVM).

Evaluation Protocol and Metrics. We first applied each
augmentation method to the imbalanced dataset, then trained
and evaluated the downstream classifier. Specifically, each
original dataset was randomly split into training and test sets at
a 7:3 ratio. We applied different methods to the training set for
minority class synthesis enhancement, and set the enhanced
imbalance ratio to 2:1. Then we trained the classifier with
the enhanced dataset, and finally evaluated the classification
performance on the reserved test set using the F1 score and
the area under the precision-recall curve (AUPRC).

C. Performance of downstream tasks

Overall Comparison. Fig. 3 summarizes the average per-
formance of 5 ML models on original and augmented datasets,



TABLE II
CLASSIFICATION PERFORMANCE COMPARISON IN TERMS OF F1 ACROSS DIFFERENT DATASETS.

Datasets adult default shoppers yeast winequality magic Average
IR 3.18 3.52 5.46 8.10 12.85 20.02 8.855

Original 0.6587 0.4391 0.5802 0.7131 0.0321 0.3814 0.4674
SMOTE 0.6835 0.4763 0.6407 0.7214 0.2034 0.4530 0.5297
ADASYN 0.6675 0.4743 0.6435 0.7010 0.1810 0.4245 0.5153
Borderline-SMOTE 0.6857 0.4814 0.6409 0.7009 0.2411 0.4736 0.5373
SMOTEENN 0.6872 0.4937 0.6368 0.7205 0.2433 0.4222 0.5339
TVAE 0.6734 0.4640 0.5929 0.7348 0.2412 0.4738 0.5300
CTAB-GAN+ 0.6809 0.4721 0.6262 0.6976 0.1622 0.4641 0.5172
TabDiff 0.6892 0.4951 0.6419 0.6709 0.1040 0.5026 0.5173
CDTab 0.6919 0.4988 0.6565 0.7498 0.3275 0.5083 0.5721

along with their average ranks. Overall, CDTab significantly
outperforms the traditional resampling techniques and the deep
generative baseline model in terms of F1 scores across all
six datasets. Moreover, unlike the Baseline method, CDTab
consistently maintains a high F1 score on these datasets with
varying imbalances in ratios, sample sizes, and feature com-
positions. Next, we will specifically analyze the performance
of our method in the experiments.

NoAugment
SMOTE

ADASYN N SMOTEENN [ CTAB-GAN+ [ CDTab
I Borderline-SMOTE [ TVAE B TabDiff

~ yeast

H_adult default  shoppers winequality magic Avg

Fig. 3. F1 rankings of all augmentation models across 6 datasets. “Avg”
denotes the average score of each metric over the 6 datasets.

Comparison of classification performance. Table II sum-
marizes the average F1 performance across five classifiers
on six datasets with different imbalance ratios (IR). CDTab
achieves the highest overall F1 score and shows consistently
competitive performance across all datasets. Compared with
SMOTE and its variants, our method demonstrates signifi-
cant advantages across all datasets. For large-scale complex
datasets with less impact of imbalance, such as adult and de-
fault, CDTab can directly outperform by 1-2 percentage points,
reaching 0.6919 and 0.4988 respectively. On the winequality
dataset, which has a relatively severe class imbalance (IR
= 12.85) and less sample information, our method signifi-
cantly outperforms SMOTE (0.3275 vs. 0.2034) and ADASYN
(0.3275 vs. 0.1810), indicating its superior ability in handling
extreme imbalance situations. Although SMOTEENN shows
competitiveness in some moderately imbalanced datasets, its
performance declines in highly imbalanced datasets, while our
method remains stable.

Compared with the deep generative model baselines in-
cluding TVAE, CTAB-GAN+ and TabDiff, our method con-
sistently achieved higher F1 scores on all six datasets. It
is worth noting that on the yeast and winequality datasets,
CTAB-GAN+ and TabDiff might have suffered significant
performance degradation due to the small size of the datasets
and high imbalance rate. However, our method still performed
well, with F1 scores reaching 0.7498 and 0.3275 respectively,
showing a significant improvement compared to other meth-
ods.
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Fig. 4. Boxplots of AUPRC scores across different classifiers under various
data augmentation methods on the default (top) and winequality (bottom)
datasets. Each box summarizes the performance distribution over multiple
classifiers. B-SMOTE stands for Borderline-SMOTE.

We further evaluated the effectiveness and stability of
CDTab by examining the AUPRC across various category
models. The results on the default and the winequality dataset
of CDTab and baselines was reflected in the Fig. 4. As shown,



CDTab consistently achieved high median AUPRC values,
and its distribution was relatively concentrated, indicating that
the performance improvement was consistent across different
classifiers. In contrast, some oversampling methods and deep
generative baselines exhibited greater variability, suggesting
that they are more sensitive to the choice of classifiers,
e.g., Borderline-SMOTE shows a relatively wide interquartile
range across classifiers, while TVAE demonstrates notice-
able performance dispersion, particularly on the winequality
dataset. These observations align with our overall predictive
comparisons and further confirm that the proposed contrastive-
enhanced method generates robust minority samples with
strong generalization across various downstream classifiers.

D. Data-oriented distribution verification

To demonstrate the effectiveness of our method, we de-
signed an experiment to model and generate minority class
samples in the case of missing minority class information, and
then detected the feature distribution, discriminative semantics,
and diversity. Specifically, we employ CDTab (excluding the
subsequent data filtering module) together with baseline deep
generative models to model the magic dataset and gener-
ate synthetic minority-class samples. The generated minority
samples are then compared against the complete set of real
minority samples from the raw magic dataset. To quantitatively
assess the quality of the generated samples, we adopt three
complementary metrics: Shape (statistical consistency), C2ST
gap (distributional fidelity via classification), and NN-distance
(point-wise similarity and diversity), which jointly provide a
comprehensive evaluation of the fidelity and structural consis-
tency of the generated minority samples.

TABLE III
QUALITY OF MINORITY CLASS GENERATION.

Method Shape T C2ST gap]  NN-distance]
TVAE 0.6643 0.3707 1.2603
CTAB-GAN+  0.9019 0.4539 1.3814
TabDiff 0.9406 0.4649 1.2715
CDTab 0.9463 0.0995 1.0395

The relevant results are shown in Table III. CDTab achieved
the best overall performance on all three indicators. In terms
of Shape, our method obtained the highest score (0.9463),
indicating that the generated samples closely match the ac-
tual distribution of the minority class. More importantly,
compared with all baseline models, the C2ST gap produced
by our method (0.0995) was significantly lower, suggesting
that the generated samples are significantly more difficult
to distinguish from the actual minority class samples, thus
demonstrating better discriminative consistency. Additionally,
our method yields the smallest NN distance, suggesting that
real minority samples can be well represented by the generated
ones, without exhibiting severe mismatch or distributional
gaps. In summary, CDTab generated high-quality, distribu-
tionally faithful, and semantically consistent minority class
samples, which is also an important reason why we were

able to effectively improve the performance of the downstream
classifier.

E. Ablation Study

The high-quality and semantically coherent samples gen-
erated by the CDTab are the result of the combined effect
of contrastive learning-enhanced diffusion modeling and post-
processing filtering. To distinguish the individual roles of these
components, we conducted an ablation study by selectively
removing the contrastive learning module and the filtering
mechanism. This analysis aims to explore whether each com-
ponent plays different and complementary roles in improving
classification performance and the quality of generated sam-
ples.

TABLE IV
ABLATION STUDY.

shoppers yeast
AUPRC Fl1 AUPRC Fl1
CDTab 0.6974  0.6565  0.7924  0.7498
w/o posterior purification 0.6829 0.6475 0.7731 0.6958
w/o contrastive module 0.6834 0.6333 0.7704  0.7290

The results of the ablation study are reported in Table
IV. When both the contrastive module and the filtration
strategy are removed, the performance drops noticeably on
both datasets, indicating that the generative process alone
is insufficient to guarantee robust downstream performance.
Removing only the filtration module results in a perfor-
mance drop; however, the remaining contrastive learning still
preserves a portion of the performance gains (e.g., in the
shoppers dataset, its AUPRC reaches 0.6829 and its F1 score
reaches 0.6475), suggesting its effectiveness in improving the
discriminative quality of the generated samples. However, the
full model consistently achieves the best performance in terms
of both AUPRC and F1 on the shoppers and yeast datasets,
demonstrating that the contrastive constraint and the post-hoc
filtration are complementary and jointly responsible for the
observed performance gains.

VI. CONCLUSION

In this paper, we introduce CDTab, which is a contrastive-
enhanced diffusion generation framework designed to address
the class imbalance problem in binary classification tasks.
CDTab marries joint diffusion modeling with contrastive learn-
ing to recover the original feature distributions while enabling
the generation of samples with explicit and robust minority-
class semantics. We conducted extensive experiments using
classical machine learning models on multiple benchmark
datasets. The results show that: (i) Using CDTab to synthesize
minority class augmented datasets can significantly improve
the prediction performance of downstream -classifiers; (ii)
The contrast module can learn the class semantics, thereby
effectively constraining the generation in terms of discrimi-
nation; (iii) Posterior Structural Consistency Purification can



effectively filter out the noise samples synthesized, thereby
improving the performance of downstream classifiers; (iv)
CDTab outperforms baseline enhancement techniques includ-

ing

TabDiff in various evaluation metrics. Overall, CDTab

provides a novel and competitive solution for addressing
the class imbalance problem by systematically applying the
discriminative perspective of contrastive learning to enhance
minority class diffusion modeling. This work expands the
understanding and practical application of the contrastive
perspective in imbalanced learning and data augmentation
scenarios.
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