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Figure 1: Generation results on an imbalanced toy dataset with majority and minority classes.
Our approach, leveraging in-context learning with LLMs, achieves (1) distinct class boundaries,
(2) accurate feature correlations, (3) well-matched value ranges, (4) robust numerical-categorical
relationships (last row), and (5) comprehensive data distribution coverage, with improvements over
its ablated versions and the fine-tuned GReaT model [4]. Complete results are available in Fig.[J]

Abstract

Large language models (LLMs) have demonstrated remarkable in-context learning
capabilities across diverse applications. In this work, we explore the effectiveness
of LLMs for generating realistic synthetic tabular data, identifying key prompt de-
sign elements to optimize performance. We introduce EPIC, a novel approach that
leverages balanced, grouped data samples and consistent formatting with unique
variable mapping to guide LLMs in generating accurate synthetic data across all
classes, even for imbalanced datasets. Evaluations on real-world datasets show
that EPIC achieves state-of-the-art machine learning classification performance,
significantly improving generation efficiency. These findings highlight the effec-
tiveness of EPIC for synthetic tabular data generation, particularly in addressing
class imbalance. Our source code for our work is available here.
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Figure 2:Comparison of ML classi cation performance with synthetic data on the Travel
dataset.Results are averaged across four classi ers: XGBoost, CatBoost, LightGBM, and gradient
boosting classi er, with each classi er run ve times. Our method uses the GPT-3.5-turbo model.

1 Introduction

Tabular data, consisting of mixed variable types such as numerical and categorical variables, represents
a widely applicable and essential data forng]][ It plays a crucial role in enhancing decision-
making and ef ciency in various real-world applications, such as nance, healthcare, manufacturing,
and natural scienced,[3, 26]. However, challenges such as data scarcity and class imbalance,
particularly for rare yet crucial events, often signi cantly degrade the performance of machine
learning (ML) models, often resulting in reduced accuracy for underrepresented classes. To address
these challenges, ef cient synthetic data generation methods have been developed to augment tabular
datasets. Traditional methods, such as synthetic minority oversampling technique (SMOTE) and its
variants p, 11, 21], focus on generating minority class samples to alleviate class imbalance. Recently,
advanced generative models, such as TVABE,[CTAB-GAN [39], and TabDDPM 19], have shown
promising results in producing high-quality synthetic tabular data.

Large language models (LLMs) have also demonstrated signi cant potential for generating realistic
tabular data, effectively handling both numerical and categorical variahl8g][ However, these
models often require extensive, data-speci ¢ ne-tuning, which can increase the risk of over tting
to majority classes or dominant feature values, especially in small and highly imbalanced tabular
datasets. An alternative approach involves leveraging the in-context learning capabilities of LLMs.
Existing work has shown that LLMs can solve complex reasoning tasks, learn and mimic patterns
from input data, and augment textual datasets without parameter updates [13, 20, 34].

However, designing effective prompts to optimize this capability for tabular data generation is
challenging, especially for imbalanced datasets. This is because tabular data is not naturally expressed
in textual form and involves unique challenges, such as identifying feature correlations and accurately
representing underrepresented attributes. Therefore, carefully crafted prompt design tailored to
synthetic tabular data generation is essential to fully leverage the capabilities of LLMs. While several
studies have employed in-context learning with LLMs for synthetic tabular data gene@fj@7],

few have conducted comprehensive investigations into optimal prompt designs that signi cantly
impact data quality and generation ef ciency.

In response, this study examines key components of prompt design and identi es an effective
method for generating high-quality synthetic tabular data, particularly addressing class imbalance. We
introduce a novel approacBPIC, which leverages the in-context learning capabilities of LLMs to
produce synthetic tabular data with balanced class representation. EPIC incorporates prompt design
strategies such as CSV style formatting, balanced class grouping, and a unique variable mapper, which
together contribute to generating synthetic data that accurately represents class-speci ¢ distributions
and feature correlations, as illustrated in Fig. 1.

Extensive evaluations across six real-world datasets demonstrate that EPIC signi cantly improves the
data quality and generation ef ciency, achieving state-of-the-art performance. As shown in Fig. 2,
baselines exhibit low sensitivity, struggling to accurately generate minority class samples due to
inherent class imbalances. In contrast, EPIC achieves high sensitivity and balanced performance for
all classes, underscoring its robustness and practicality for real-world applications.



Figure 3:0verview of our approach. Our prompt includes repeated data example sets consisting of
feature names and class-balanced groups, with the feature name at the end serving as a trigger for the
LLM to generate realistic synthetic tabular data. The proposed unique variable remaps categorical
values to distinct alphanumeric strings, ensuring clear distinction and variability among variables.

In summary, our key contributions are as follows:

» Our study explores the effectiveness of LLMs in generating realistic synthetic tabular data
through in-context learning, providing prompt design guidelines to ef ciently generate
high-quality data while addressing class imbalance.

» We propose EPIC, a simple yet effective prompting method that uses balanced, grouped data
samples with unique variable mapping to generate tabular data that accurately represents both
minority and majority classes, preserving feature correlations and overall data distribution.

» The proposed approach is model-agnostic, generally applicable to various LLMs, and easy
to implement for any tabular data with minimal preprocessing requirements.

» Extensive experiments on six real-world public tabular datasets and one toy dataset demon-
strate the effectiveness of our approach, signi cantly improving ML classi cation perfor-
mance and data generation ef ciency.

By addressing class imbalance and enhancing classi cation outcomes, our work contributes to the
advancement of the crucial eld of tabular data research, signi cantly impacting various domains.

2 Method

In this study, we investigate various prompt design components to maximize the in-context learning
capabilities of LLMs for generating high-quality tabular data. Our objective is to develop an optimized
approach that reliably and effectively produces realistic tabular data, accurately representing both
minority and majority classes to improve ML classi cation performance, especially addressing
class imbalance. Formally, given a tabular datdsef dimensionsn  m, with n samples andh
variables, we aim to generate a synthetic dathsetdimensions1® m that accurately re ects key
characteristics of , including class-speci ¢ attributes, feature correlations and, data distributions.

To achieve this, we explore the following key prompt design elements: data format (Section 2.1),
class presentation methods (Section 2.2), variable mapping (Section 2.3), and task speci cation
(Section 2.4). These design choices are evaluated through extensive analyses on the public datasets



from diverse domains, focusing on ML classi cation performance and generation ef ciency. Detailed
analysis is provided in Section 3, with Fig. 12 in Appendix C.1 illustrating the ablated versions.

Building on these analyses, we introdueRIC, a structured prompting method designed to guide

LLMs in synthetic data generation while effectively addressing class imbalance, as depicted in Fig. 3.
EPIC begins with optional variable descriptions, followed by a series of structured data sample sets,
each containing balanced samples for each class. Each set consists of feature names and samples
organized by target class. To prompt the LLM to generate a corresponding set of synthetic samples,
feature names are appended at the end of the prompt to serve as a trigger, leveraging the pattern
recognition capabilities of LLMs. The following sections detail each design component of EPIC.

2.1 Dataformat: Sentence vs CSV style

We investigate effective data formatting methods to represent tabular data within prompts, ensuring
that LLMs can interpret the demonstrations and generate new data accurately. Tabular data can be
formatted as plain text or as comma-separated values (CSV style). Let the feature nanietbf the
variable bevy, and thei-th observation of this variable k. . According to previous work4],

this value can be transformed into a sentence-style representafign ds"; o ;\;"]. In contrast,

the CSV style can be expressedas ;\;"], presenting only values, with variable names for all
variables specied as = [vy;\;";v2;\;"; ;vm] at the beginning of the data sample presentation.
Here, the sentence style redundantly uses variable names and “is" tokens for every value, leading
to higher token usage and computational cost than the CSV style. The CSV-style format enables a
higher volume of in-context learning examples within the same token constraints. Thus, our method
utilizes a CSV-style format to maximize the number of examples, as providing a large number of data
samples is crucial for ensuring suf cient representation of the original dataset in in-context learning.

2.2 Class presentation

Class presentation methods aim to ensure adequate representation of all target classes within a prompt,
particularly addressing underrepresented classes in imbalanced datasets. The construction of data
samples within the prompt is crucial, as it can either worsen or mitigate existing imbalances. To
address this, we explore three prompt design options and propose a class balancing and grouping
approach that enables accurate and representative generation of data samples across all target classes.

Single-class vs. Multi-class generation When generating data under class conditions, a primary
consideration is whether to generate data for one class at a time or for all classes simultaneously.
Single-class generation allows the model to focus on the unique characteristics of a speci ¢ class,
while multi-class generation enables direct comparison across classes. Our experiments indicate
that generating data for multiple classes simultaneously in a structured manner (discussed in the
following sections) yields samples that more accurately capture the distinctive features of each class.
This nding suggests that generating data with contextual awareness of other class characteristics
enhances the representativeness of synthetic samples.

Original vs. Balanced class ratio When constructing prompts to generate multiple classes
simultaneously, simple random sampling from the original daffis#ten results in an imbalanced
distribution of samples across target classes. This imbalance may cause the LLM to over t to the
majority class, limiting its ability to learn the characteristics of the minority class. To mitigate this, we
employ a balanced sampling approach, equalizing sample numbers for all classes rather than strictly
following the original class distribution. Our ndings reveal that balancing sample sizes substantially
improves the quality of generated data for minority classes, indicating that providing balanced data
enables LLMs to learn more effectively and replicate the accurate characteristics of all target classes.

Listing vs. Class grouping Within a prompt, data samples can either be presented sequentially, in the
order they are sampled, or grouped by class. Grouping emphasizes contrasts between different classes
and reinforces similarities within each group, enabling the LLM to generate more distinct and coherent
samples for each group. Empirical evidence suggests that grouping yields a better representation of
class-speci c feature correlations in the generated data. Class grouping also contributes to constraining
the LLM to generate data with speci ¢ attributes more ef ciently. Without grouping, guiding the

LLM to produce samples with targeted attributes can be challenging, often requiring numerous
iterations to achieve the desired outcome. In contrast, grouping samples by speci ¢ features facilitates
conditioning the LLM to generate data in groups with particular attributes or conditions. Although



this work primarily focuses on class conditions, this approach can also be applied to feature grouping,
enabling controlled generation based on selected criteria.

2.3 Variable mapping: Original values vs. Unique variable mapping

Unlike existing methods that often require extensive preprocessing and handling of noisy or missing
data fL9, 40], our approach minimizes these steps, preserving the integrity of the raw data, including
original feature names and values, similar to other LLM-based approagihemjvever, a critical
challenge arises when a dataset contains numerous categorical variables with identical values (e.g.,
extensive boolean variables). In such cases, data examples in the prompt may become monotonous and
repetitive, making it dif cult for the model to distinguish between variables, which can signi cantly
degrade the quality of the generated data. Moreover, when faced with such repetitive input, LLMs
tend to struggle to generate valid samples, leading to a notable decline in generation ef ciency.

To address this, we propose a unique variable mapping method, which remaps the values of each
categorical variable to distinct random alphanumeric strings, as illustrated in Fig. 3. Uniform substitu-
tion is applied across the dataset, maintaining the integrity of the data structure while introducing
necessary variation. For example, consider a categorical vaxighlih values of ‘t' and “f'. Our
approach remaps these values to distinct three-character strings, such as "JY0' and "GGN,' respec-
tively, and applies them consistently across all data points in the dataset. Other categorical variables
are similarly remapped to unique values. The transformed dataset is then used as in-context learning
demonstrations. Although these new values do not hold inherent semantic meaning, they effectively
represent categorical distinctions as symbols, allowing the LLM to identify and utilize patterns within
them. This approach ensures that each variable has a unique representation, making the variables
clearly distinguishable and leading to more accurate and ef cient data generation.

2.4 Task speci cation

A crucial aspect of the prompt design is clearly guiding the LLM to generate synthetic data as
intended. To achieve this, we consider two options and ultimately nd that prompting the LLM to
learn the pattern from a structured, consistent format with optional descriptions for variables is more
effective for reliable generation than providing explicit instructions.

Explicit instruction vs. Completion triggering  To clarify the task for the LLM, a prompt
might include explicit instructions, such as “generate new data samples." However, crafting speci ¢
instructions can be challenging, as LLMs are highly sensitive to subtle prompt variations, making it
inef cient to determine an optimal phrasing for tabular data generation. A simpler and more effective
approach is to provide patterns within the prompt for the LLM to mimic by formatting data samples
without explicit instructions, leveraging its advanced pattern recognition capabilities. Formally, let
thei-th set of data samples acrossatllasses be structured 8s=[Vv;si.1;  ;Sic], Where each

Six containsn samples for th&-th class. Herey represents feature names and serves as a header
to indicate the start of a set. This approach enables the LLM to recognize the pattern in which
each set of data samples is structured and consistently beging viitle then input such sets

the next setSi+1 = [V;St+1:1;  ;St+1.c]. TO reinforce this, we place a trigger at the end of the
prompt by including the new headpt] for S;.4, signaling the LLM to complete the sequence with
[St+1:1;  ;St+1.c]- By structuring the input prompt in this way, we guide the LLM to generate a
consistent number of samples,for each target class.

Providing contextual information  Optionally, adding contextual information to the prompt can

help the LLM understand the characteristics of the original dataset and generate accurate samples.
Therefore, when available, we include line-by-line variable descriptions at the beginning of the
prompt. Additionally, we treat the target class variable as one of the attributes and position it as the
rst variable to clarify that each group is organized by the target class.

2.5 Overview of tabular data generation process

The synthetic data generation process begins by creating a prompt template and determining whether
the unique variable mapping is needed. The prompt template speci es parameters such as the target
class, sample size per group, the number of groups, and the number of sets to construct demonstrations.



We then randomly sample data examples from the dataset to populate the template, ensuring that
examples do not overlap within each prompt to maintain diversity. Using the provided examples,
the LLM generates new data in a CSV format, which is subsequently converted into a structured
tabular format. Instances containing categorical variable values not present in the original dataset are
discarded to maintain authenticity. This generation process is repeated until the desired sample size
is achieved, with new examples sampled with replacement in each iteration. This approach enables
the LLM to encounter diverse combinations of real samples and produce rich synthetic samples
(see Appendix B.1 for analysis). Although each individual generation re ects the distribution of the
provided subset, successive iterations enable the LLM to cover a broader range of the original data
cumulatively. This iterative method ensures that the output generated by the LLM comprehensively
re ects the characteristics of the original data. Final prompting examples are available in Appendix C.5

3 Experiments

This section describes the experimental setup and provides a comprehensive evaluation of our method,
assessing its effectiveness across diverse real-world datasets.

Summary We conduct three unique experiments to analyze the utility of our method in enhancing
ML classi cation performance: augmenting the original dataset with generated data (Tables 1, 19,
Figs. 2, 14), augmenting only the minority class similar to SMOTE (Table 6), and using only generated
data (Table 7). Additionally, we evaluate our approach using three LLMs: Mistral, Llama2, and
gpt3.5-turbo (Table 2, Figs. 4, 5). We perform ablations on prompt elements to compare classi cation
performance (Tables 3, 5) and conduct unique analyses of token usage and LLM generation ef ciency
(Tables 4, 8, 9). To examine feature correlations, we separately analyze minority and majority classes,
comparing results across all prompt variations (Figs. 4, 5). We further investigate how varying the
number of generated samples affects classi cation performance (Figs. 6, 7). Using a toy dataset, we
analyze how different prompts in uence the accuracy of generated data distributions (Figs. 1, 9).
Lastly, we explore the sampling of input examples and their corresponding outputs in LLMs using
the toy dataset, providing insights into the variability and reliability of generated data (Figs. 10, 11).

3.1 Experimental setup

Datasets We evaluate our method using six real-world public tabular classi cation datasets from
diverse domains: Travel (Marketing), Sick (Healthcare), HELOC (Finance), Income (Social science),
Diabetes (Healthcare), and Thyroid (Healthcare). The Thyroid dataset, released after the training cut-
off date for GPT-3.5-turbo-0613, provides a more rigorous validation of our approach on completely
unseen data. For binary classi cation datasets, the minority class is designated as one. All duplicate
data samples are removed from the datasets. Each dataset is randomly split into 80% training and
20% test sets. We retain the original data, including missing or noisy features. The exception is the
Sick dataset, where we follow the source's method. Further details are provided in Appendix C.2.

Evaluation measure We evaluate our method based on ML classi cation performance, generation
ef ciency, feature correlation, and analysis of generated data distribution. For classi cation, we report
F1 score, sensitivity, speci city, and balanced accuracy (BAL ACC). Feature correlation is measured
using Pearson correlation for numerical variables and Cramér's V correlation for categorical variables.

Baseline models In our study, we compare our method with various generative models for tabular
data, including SMOTEY], SMOTENC [5], TVAE [35], CopulaGAN R2], CTGAN [35], CTAB-

GAN [39], CTAB-GAN+ [40], GReaT #], and TabDDPM 19. To compare prompting methods, we
also use the prompts from CuratedLLM [27] and LITO [37].

Experimental details Our method utilizes the GPT-3.5 models (GPT-3.5-turbo-0613 and GPT-
3.5-turbo-16k-0613), Mistral-7b-v0.1%], and Llama-2-7b29]. Unless stated otherwise, we use

the GPT-3.5 model for our method. The number of synthetic data samples is based on the size of
the original datasets. Across all experiments, unless stated otherwise, we report results from four
top-performing ML classi ers: XGBoost{], CatBoost 4], LightGBM [17], and Gradient boosting

classi er [10], known for their strong performance, often surpassing recent deep learning models on
tabular datasets. Each classi er is executed in ve independent runs, with results averaged over a total
of 20 runs to ensure robustness. Further details are available in Appendix C.



Table 1:Comparison of ML classi cation performance when synthetic data are added to
the original dataset.Results are averaged across four classi ers, with each model run ve times.
Complete results, including all baselines and standard deviation values, are provided in Table 19.

Dataset Method #syn F1 scoré BALACC" Sensitivity"  Speci city "
Original - 58.12(0.00) 71.00(0.00) 57.00(0.00) 85.00(0.00)
+TVAE [35] +1K 59.78(+1.66) 72.35(+1.35) 62.00(+5.00) 82.69(-2.31)
+CopulaGAN [22] +1K 21.7636.36) 55.52(-15.48) 12.80(-44.20) 98.23(+13.23)

Travel +CTAB-GAN+ [40] +1K 54.66(-3.46) 68.62(-2.38)  53.00(-4.00) 84.23(-0.77)
+GReaT [4] +1K 60.9%+2.83) 72.86(+1.86) 58.80(+1.80) 86.92(+1.92)
+TabDDPM [19] +1K 53.2Q-4.92) 67.70(-3.30)  50.40(-6.60) 85.00(0.00)
+Ours +1K 66.65(+8.53) 78.23(+7.23) 78.00(+21.00) 78.46(-6.54)
Original - 87.81(0.00) 91.22(0.00) 82.83(0.00) 99.61(0.00)
+TVAE [35] +1K 87.77(-0.04) 91.47(+0.25) 83.37(+0.54)  99.56(-0.05)
+CopulaGAN [22] +1K 83.6Q-4.21) 86.61(-4.61) 73.37(-9.46) 99.86(+0.25)

Sick +CTAB-GAN+ [40] +1K 82.35(-5.46)  86.28(-4.94)  72.83(-10.00) 99.74(+0.13)
+GReaT [4] +1K 87.23058) 90.83(-0.39) 82.07(-0.76) 99.60(-0.01)
+TabDDPM [19] +1K 85.17-2.64) 89.30(-1.92)  79.02(-3.81) 99.57(-0.04)
+Ours +1K 88.71(+0.90) 92.93(+1.71) 86.41(+3.58) 99.44(-0.17)
Original - 71.01(0.00) 73.21(0.00) 67.89(0.00) 78.52(0.00)
+TVAE [35] +1K 71.12(+0.11) 73.25(+0.04) 68.15(+0.26)  78.34(-0.18)
+CopulaGAN [22] +1K 71.23+0.22) 73.32(+0.11) 68.37(+0.48)  78.26(-0.26)

HELOC +CTAB-GAN+ [40] +1K 71.03(+0.02) 73.15(-0.06) 68.13(+0.24)  78.17(-0.35)
+GReaT [4] +1K 70.3%066) 72.96(-0.25) 66.22(-1.67) 79.70(+1.18)
+TabDDPM [19] +1K 70.65-0.36) 72.89(-032) 67.51(-0.38) 78.26(-0.26)
+Ours +1K 71.92(+0.91) 73.66(+0.45) 69.96(+2.07) 77.35(-1.17)
Original - 66.90(0.00) 76.45(0.00) 57.28(0.00) 95.61(0.00)
+TVAE [35] +20K  66.96(+0.06) 76.80(+0.35) 59.13(+1.85) 94.48(-1.13)
+CopulaGAN [22] +20K  66.7%0.15) 76.73(+0.28) 59.16(+1.88)  94.29(-1.32)

Income +CTAB-GAN+[40] +20K 66.49-041) 76.42(-0.03) 58.14(+0.86) 94.70(-0.91)
+GReaT [4] +20K  67.9%+1.05) 77.51(+1.06) 60.69(+3.41) 94.33(-1.28)
+TabDDPM [19] +20K  66.8%0.05  76.50(+0.05) 57.70(+0.42)  95.30(-0.31)
+Ours +20K  69.16(+2.26) 79.15(+2.70) 66.45(+9.17) 91.85(-3.76)
Original - 54.87(0.00) 42.07(0.00) 60.00(0.00) 60.73(0.00)
+TVAE [35] +10K  54.79(-0.08) 41.96(-0.11) 59.96(-0.04) 60.71(-0.02)
+CopulaGAN [22] +10K  54.270.60) 41.59(-0.48) 59.73(-0.27) 59.97(-0.76)

Diabetes +CTAB-GAN+[40] +10K 54.24-063) 41.52(-0.55) 59.63(-0.37) 60.01(-0.72)
+GReaT [4] +10K  54.780.09) 41.98(-0.09) 59.98(-0.02) 60.61(-0.12)
+TabDDPM [19] +10K  54.64023) 41.83(-0.24) 59.91(-0.09) 60.55(-0.18)
+Ours +10K  54.94(+0.07) 42.14(+0.07) 60.04(+0.04) 60.82(+0.09)
Original - 94.23(0.00) 95.08(0.00) 91.14(0.00) 99.02(0.00)
+TVAE [35] +1K 90.45(-3.78)  92.20(-2.88)  86.36(-4.78) 98.04(-0.98)
+CopulaGAN [22] +1K 86.737.50) 88.71(-6.37) 78.41(-12.73)  99.02(0.00)

Thyroid +CTAB-GAN+ [40] +1K 27.46(-66.77) 58.07(-37.01) 16.14(-75.00) 100.0(+0.98)
+GReaT [4] +1K 91.3%-2.92) 92.46(-262) 85.91(-5.23) 99.02(0.00)
+TabDDPM [19] +1K 94.39+0.16) 96.26(+1.18) 95.45(+4.31)  97.06(-1.96)
+Ours +1K 94.80(+0.57) 96.39(+1.31) 95.23(+4.09) 97.55(-1.47)

3.2 Machine learning classi cation performance using the synthetic data

We evaluate the quality of the synthetic data samples by assessing the machine learning classi cation
performance when the synthetic data are added to the original dataset. Here, our method utilizes
the GPT-3.5-turbo model. As shown in Table 1, our metholieves state-of-the-art F1 scores

and balanced accuracy across all six datasetsurpassing the baselines that require model training.
Notably, our method ithe only one that consistently outperforms the original data in both F1

score and balanced accuracy across all six datasefsr a machine learning model to perform well

in classi cation, the correlation between input data and labels in the training data must be precise.
Thus, the consistent improvement across six datasets demonstrates that the data generated by our
method aligns well with the class labels. Other methods often result in worse performance than the



Table 2:Comparison of classi cation performance using synthetic data generated by different
LLMs with our method. We report the average performances of ve runs of gradient boosting
classi er. #syn denotes the number of synthetic samples added to the original dataset.

Dataset = Method Model #syn Flscoré BALACC" Sensitivity" Specicity "

Original - - 60.00 0.00 72.31 0.00 60.00 o0.00 84.62 0.00

Travel +0urs Mistral +1K 66.67 0.o00 78.00 0.00 76.00 0.00 80.00 o0.00
+0urs Llama2 +1K 67.800.00 79.23 0.00 80.00 o0.00 78.46 0.00

+Ours GPT3.5 +1K 70.18 0.oo 80.77 0.00 80.00 o.00 81.54 0.00

Original - - 84.09 0.00 89.86 0.00 80.43 0.00 99.28 0.00

Sick +0urs Mistral +1K 88.42 000 95.15 0.00 91.30 0.00 99.00 0.00
+0urs Llama2 +1K 85.53095 93.14 052 87.39 0.97 98.88 0.06

+0urs GPT3.5 +1K 91.95 0.00 93.41 0.00 86.96 0.00 99.86 0.00

Original - - 71.32 004 73.39 0.03 68.47 0.06 78.31 0.00

HELOC +0urs Mistral +1K 71.48 0.00 73.74 0.00 68.00 0.00 79.47 0.00

+Ours Llama2 +1K 70.770.00 73.08 0.00 67.37 0.00 78.79 0.00
+0urs GPT3.5 +1K 71.93 002 73.68 0.02 69.90 0.00 77.45 0.04

original data, indicating that the data generated by baselines disrupts the original data distribution.
These ndings underscore the robustness and effectiveness of our method, af rming its superiority
over baselines, even for challenging datasets.

Moreover, baselines such as GReaT and TabDDPM exhibit signi cantly lower sensitivity compared to
speci city, particularly for Travel and Income. Their high balanced accuracy is due to high speci city,
but their severely low sensitivity indicates a failure to generate appropriate minority class data. In
contrast, our methosigni cantly improves sensitivity and achieves a balance between sensitivity

and speci city while also attaining the best-balanced accuracy and F1 score compared to the
baselines For example, in Travel, our method achieves a sensitivity of 78%, which is 19%p higher
than the second-best method, GReaT, at 58.8%. In Income, our method shows 66.45% sensitivity,
surpassing the second-best score of 60.69%. These results highlight the effectiveness of our method
in accurately representing minority classes in tabular datasets.

Overall, our ndings demonstrate that our approach is generally applicable across various imbalanced
tabular datasets and excels in generating high-quality samples that improve ML classi cation perfor-
mance. Further analyses exploring the impact of augmenting the original dataset for the minority class
(Table 6) and replacing the original dataset with synthetic data (Table 7) are available in Appendix A.

3.3 Open-source LLMs

We also apply our prompting method to open-source LLMs, including Llar@g2and Mistral [L5].

As shown in Table 2, our method exhibits robust performance when used with open-source LLMs
across various datasets. Notably, in the Sick dataset, Mistral demonstrates the highest balanced
accuracy, indicating its effectiveness in generating high-quality tabular data. These results validate
the broader applicability and general effectiveness of our approach with open-source LLMs.

3.4 Exploring optimal prompt design through ablation studies

We investigate key prompt design choices and validate our method through extensive ablation studies
across multiple datasets from diverse domains, focusing on ML performance and generation ef ciency,
as detailed in Tables 3 and 4, respectively. Given a xed number of input samples, we evaluated (1)
the number of input tokens required, (2) the number of valid generated samples, and (3) the generation
success rate. Our results indicate that CSV-style prompting generally outperforms sentence-style
prompting in ML performance with the same number of input samples. While generating data for
one class at a time yields good results for the Sick and Income datasets, it results in a low F1 score
of 58.67% on the Travel dataset. However, generating data for multiple classes simultaneously with
balanced samples improves this score to 70.37%. Furthermore, applying unique variable mapping
consistently enhances F1 scores on the Sick dataset. The combined approach of random mapping and
grouping achieves higher F1 score of 91.95% compared to 86.60% with random mapping but without
grouping, underscoring the positive impact of this combined approach. These ndings indicate



Table 3:Comparison of F1 scores with ablated methods using the gradient boosting classi er.
Asterisk (*) in Income indicates where onhlK synthetic samples are used due to a low success rate
in sample generation. The *-' symbol denotes where our unique variable mapping is not needed.

Format Class Balance Group Unique Sick (+1K) Travel (+1K) Income ¢20K)

Sentence single 7 7 7 81.52 0.65  43.24 0.00 69.62 0.00
CSV-style single 7 7 7 86.60 0.00 58.67 0.00 70.49 0.00
Sentence multi 7 7 7 77.95 033  58.33 0.00 67.96 0.00
CSV-style multi 7 7 7 87.74 0.96  50.98 0.00 68.56 0.00
Sentence multi 3 7 7 81.68 0.49  55.56 0.00 69.26 0.00
CSV-style multi 3 7 7 84.68 0.38  70.37 0.00 70.64 0.00
CSV-style multi 3 7 3 86.60 0.00 - -

CSV-style multi 3 3 7 81.55 0.00  70.18 0.00 70.17 0.00
CSV-style multi 3 3 3 91.95 0.00 - -

Table 4:Comparison of token usage and generation ef ciency across ablated methods on the
Income dataset.Results are based on 100 inferences, each with 20 random input saimples.
tokens indicates the number of tokens required in the LLM prompt for a xed number of input
samplesOutput samples shows the average number of synthetic samples generated per iteration.
Success rate measures the ratio of inferences that generate at least one valid data sample.

- Input Output,,  Success
Format Class Balance  Group Unique #set tokens# samples rate
Sentence single 7 7 7 - 1832.9 1.26 96%
CSV-style single 7 7 7 - 1024.6 111 16%
Sentence multi 7 7 7 - 1827.4 0.97 97%
CSV-style multi 7 7 7 - 912.8 0.38 38%
Sentence multi 3 7 7 - 1938.7 1.73 97%
CSV-style multi 3 7 7 - 920.3 0.88 31%
CSV-style multi 3 3 7 1 965.6 8.6 48%
CSV-style multi 3 3 7 2 1014.6 10.52 94%

Table 5:Comparison of classi cation performance on the Sick dataset for task speci cation
elements in prompt design.Results are averaged across XGBoost, CatBoost, LightGBM, and
gradient boosting classi er. Methods marked with an asterisk (*) use the prompt designs proposed in
the respective papergsyn denotes the number of synthetic samples added to the original dataset.

Method #syn F1 scoré BAL ACC " Sensitivity" Speci city "
Instruction-CuratedLLM  +1K 15.86 5.13 56.02 354 17.17 11.80 94.86 4.93
Instruction-LITO +1K 21.32 1.65 72.06 2.49 84.46 3.10 59.66 3.50
Ours w/ class distinction +1K 74.08.64 96.23 0.98 96.74 1.93 95.72 0.60
Ours w/o var description +1K 76.08.56 96.29 1.40 96.41 2.76 96.18 1.06
Ours +1K 88.71 1.98 92.93 0.91 86.41 1.85 99.44 o0.27

that prompt design signi cantly in uences the quality of generated data, emphasizing the need for
carefully tailored prompts to generate high-quality synthetic tabular data.

For the Travel and Income datasets, performance without grouping is slightly better than with
grouping, but the differences are within 0.5%p, making their performance on par. However, these
show signi cant differences in LLM generation ef ciency. Without grouping, an average of 0.88
samples are generated per iteration, whereas grouping increases this to an average of 8.6 samples
per iteration. Repeating the set twice within the prompt further improves generation ef ciency,
boosting the average output to over 10 samples and the success rate to 94%, by creating input patterns
that LLMs can mimic to generate data. Unique variable mapping also signi cantly enhances LLM
generation ef ciency and success rates, as detailed in Table 8 of Appendix A.3.



Figure 4:Difference between Cramér's V correlation matrices of real and synthetic datasets for
categorical variables in the Travel datasetMore intense colors indicate larger differences, with
positive differences shown in red and negative differences shown in blue. Black indicates where the
correlation is not measured since only one unique value is generated for those variables.

Furthermore, we conduct an ablation study on the task speci cation elements, as shown in Table 5.
Our approach of triggering completion signi cantly enhances overall ML performance compared to
the instruction-based prompting methods. Interestingly, adding class distinctions within the prompt
achieves the best sensitivity, indicating that the distinction facilitates better generation for minority
classes. Providing variable descriptions improves balanced accuracy but reduces the F1 score, sug-
gesting that this element may be optional rather than a de nitive improvement. A comparison of
generation ef ciency using these methods is provided in Table 9 of Appendix A.3.

3.5 Analysis of feature correlation

We compare the feature correlations of the categorical variables between original and synthetic data,
as illustrated in Fig. 4. Our synthetic data generated with Mistral and Llama2 exhibit the closest
feature correlation with the original data for both minority and majority classes, outperforming

the baselines and ablated versions. Additionally, our grouping method signi cantly contributes to
preserving feature correlation for the minority class. These ndings indicate that our method generates
data that more accurately matches each class, particularly for underrepresented classes, compared to
other methods. Additional results on the Sick dataset are available in Fig. 5 of Appendix A.3.

4 Limitations and future work

When the training dataset is large and cannot be fully included in the LLM prompt due to token size
limitations, only a subset of the data can be used as examples for generating samples. If these prompt
samples do not fully represent the original data distribution, the generated data may be incomplete
and of low quality, as LLMs are limited to producing data based only on the patterns present in the
input. To overcome this, our method employs multiple rounds of random sampling with replacement
to create a synthetic dataset that more comprehensively represents the original distribution, resulting
in improved machine learning classi cation performance (a comprehensive analysis is provided in
Appendix B.1). However, this approach still carries the risk that samples may not fully capture the
original data distribution. Future research will focus on developing methods to identify key examples
that more accurately represent the entire dataset.

5 Conclusion

This study demonstrates the effectiveness of using LLMs for synthetic tabular data generation. We
introduce EPIC, a simple yet effective solution for generating realistic, high-quality data without
additional training, speci cally designed to address class imbalance. Our method demonstrates
signi cant improvements over state-of-the-art generation models across six real-world public datasets,
generating data with highly accurate feature correlations and signi cantly improving ML classi cation
accuracy for minority classes. These results underscore the substantial impact of our approach in
real-world applications, making a signi cant contribution to the eld of tabular data research.
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Appendix

This supplementary material enhances the main manuscript by providing detailed experimental results
and additional visualizations.

* Appendix A provides additional experimental results on the machine learning classi cation
for imbalanced data, ablation study, and feature correlation analysis.

» Appendix B studies the impact of sample size on the machine learning performance and
comprehensively analyzes the experiments conducted on the toy dataset.

» Appendix C provides comprehensive information on the datasets, baselines, implementation
details, and prompt design and examples.

» Appendix D provides related work.
» Appendix E discusses the broader impacts of our research.
» Appendix F presents confusion matrix results and the complete results of Table 1.

A Additional experimental results

Our experiments with synthetic tabular data for imbalanced classes follow three main approaches: (1)
Adding synthetic data to both minority and majority classes of the existing dataset and evaluating
machine learning classi cation performance. The results of this approach are presented in Table 1
of the main manuscript. (2) Adding synthetic data only to the minority class, with detailed results
provided in Appendix A.1. (3) Evaluating classi cation performance using only synthetic data without
the original dataset, as discussed in Appendix A.2. Moreover, Appendix A.3 presents further ablation
study results, and Appendix A.4 provides a feature correlation analysis for the sick dataset.

A.1 Comparative analysis of augmenting the original dataset for the minority class

One of the major advantages of our method is its ability to generate high-quality synthetic data for
minority classes, even with limited samples. Similar to oversampling technigues like SMOTE, we add
synthetic dataset only to the minority class and evaluate machine learning classi cation performance.
To balance the ratio of majority to minority classes, we add only minority class samples to the original
data and then measure the classi cation performance of the machine learning model. For this task,
we additionally investigate the effectiveness of our method compared to SMOTE and SMOBENC |

As shown in Table 6, adding minority class samples generated from our method leads to higher

Table 6:Comparison of binary classi cation performance when augmenting the minority class
with synthetic data to balance class sizeg\werage performance of the gradient boosting classi er is
reported over ve runs#syn denotes the number of synthetic samples added to the original dataset.

Dataset Method #syn F1 scoré BALACC"  Sensitivity"  Specicity "
Original - 60.00 0.00 72.31 0.00 60.00 0.00 84.62 0.00
+SMOTE +163 63.451.05 75.08 0.69 68.00 0.00 82.15 1.38
+SMOTENC +163 62.612.54 74.74 2.00 70.40 3.58 79.08 0.84
Travel +TVAE +163 54.55 0.00 68.46 0.00 60.00 0.00 76.92 0.00
+CopulaGAN +163 52.460.00 66.62 0.00 64.00 0.00 69.23 0.00
+CTGAN +163 57.630.00 70.92 0.00 68.00 0.00 73.85 0.00
+GReaT +163 62.070.00 74.46 0.00 72.00 0.00 76.92 0.00
+0urs +163 72.13 0.00 83.23 0.00 88.00 0.00 78.46 0.00
Original - 69.05 0.00 78.02 0.00 61.03 0.00 95.00 0.00
+SMOTE +13,487 69.620.25 79.84 0.23 68.86 0.57 90.81 0.14
+SMOTENC  +13,487 69.7%.11 80.51 0.06 71.80 0.23 89.22 0.19
Income +TVAE +13,487 68.260.00 79.12 0.00 68.43 0.00 89.82 0.00
+CopulaGAN  +13,487 67.760.02 81.12 o0.01 80.15 0.03 82.09 o.00
+CTGAN +13,487 68.510.00 78.82 0.00 66.26 0.00 91.38 0.00
+GReaT +13,487 70.0%.00 83.36 0.00 85.08 0.00 81.64 0.00
+Ours +13,487 71.09 0.02 83.60 0.01 83.53 0.03 83.66 0.00
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Table 7:Comparison of classi cation performance using only synthetic data for training.Average
performance of the gradient boosting classi er is reported over ve runs.

Dataset Method #syn F1 scoré BAL ACC " Sensitivity" Speci city "
Original - 60.00 0.00 72.31 0.00 60.00 0.00 84.62 0.00
TVAE 1K 46.51 0.00 63.85 0.00 40.00 0.00 87.69 0.00
Travel CopulaGAN 1K 0.000.00 49.23 0.00 0.00 0.00 98.46 0.00
CTGAN 1K 12.50 0.00 50.15 0.00 8.00 0.00 92.31 0.00
GReaT 1K 62.500.00 73.85 0.00 60.00 0.00 87.69 0.00
Ours 1K 70.00 0.00 81.23 0.00 84.00 0.00 78.46 0.00
Original - 71.32 0.04 73.39 0.03 68.47 0.06 78.31 0.00
TVAE 1K 68.91 0.10 71.50 0.08 65.28 0.12 77.72 0.07
HELOC CopulaGAN 1K 69.500.00 70.82 0.00 69.17 0.00 72.47 0.00
CTGAN 1K 68.71 0.02 71.98 0.03 63.36 0.00 80.60 0.05
GReaT 1K 64.140.10 69.54 0.07 55.76 0.15 83.33 0.11
Ours 1K 71.48 0.06 70.17 0.05 78.90 0.16 61.44 0.16

F1 scores and balanced accuracy on both Travel and Income datasets, compared to when samples
generated by other baselines are added. In the Travel dataset, where the number of minority class
samples is substantially low, baselines, especially CopulaGAN and CTGAN, demonstrate markedly
low sensitivity, indicating their failure to accurately learn the minority class data distribution. In
contrast, our method demonstrates its ef cacy in producing high-quality data for minority classes

on the Travel dataset. Compared to the Original, it signi cantly improves the F1 score by 12.13%p,
underscoring its superior performance of our approach.

A.2 Comparative analysis of replacing the original dataset with synthetic data

We compare the classi cation performance using only synthetic data for training, as shown in
Table 7. For both the Travel and HELOC datasets, the classi cation model trained on synthetic
datasets generated by our model outperforms the one trained on original data in terms of F1 score
and sensitivity. This improvement in performance suggests that the data generated by our method
accurately represents the distribution of the original data. Furthermore, it highlights the effectiveness
of our class-balanced generation approach in improving the performance of classi cation models.

A.3 Additional ablation study results

This section presents additional ablation study results on the Sick datasets. We evaluate the token
ef ciency and generation stability of ablated versions based on 100 inferences, each with 20 random
input samples. As shown in Table 8, for the Sick dataset, due to its repetitive, monotonous values,
the number of generated samples is low, even with grouping. Using a unique variable mapper in
such cases signi cantly increases the number of samples generated per attempt from 6.93 to 17.68.
This improvement demonstrates that our approach effectively controls the quantity of generated data
samples, ensuring the stable production of synthetic tabular data. Moreover, the ability to generate
multiple data samples in a single inference can signi cantly lower generation time and costs.

We also compare the ef ciency and stability of generation when ablating task speci cation elements in
our prompt design, as shown in Table 9. The prompt design from Curated RI]Mdespite requiring

the highest number of input tokens, achieves high performance in terms of output samples and
success rate. However, the generated data shows relatively low quality, resulting in a low classi cation
performance with an F1 score and balanced accuracy, as discussed in Section 3.4. In contrast, the
prompt design of LITO37] is the most ef cient in terms of input tokens but produces the fewest
output samples and has the lowest success rate, indicating instability in synthetic data generation.

Our proposed method balances ef ciency and performance, using approximately half the input
tokens compared to CuratedLLM's prompt while generating a high number of output samples and
maintaining a high success rate. Additionally, the synthetic data generated by our method achieves
the highest classi cation performance in terms of F1 score, as shown in Section 3.4. When class
distinctions are provided, the average number of output samples decreased from 17.68 to 9.70. This
result indicates that it is more robust to distinguish groups with simple numbering, such as A and
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Table 8:Comparison of token usage and generation ef ciency across ablated methods on the
Sick dataset.Results are based on 100 inferences, each with 20 random input samplés.
tokens indicates the number of tokens required in the LLM prompt for a xed number of input
samplesOutput samples shows the average number of synthetic samples generated per iteration.
Success rate measures the ratio of inferences that generate at least one valid data sample.

Input Output,,  Success

Format Class Balance Group Unique #set tokens samples rate
Sentence single 7 7 7 - 3867.2 0.52 52%
CSV-style  single 7 7 7 - 1223.6 2.42 38%
Sentence multi 7 7 7 - 3879.9 0.52 52%
CSV-style multi 7 7 7 - 1226.3 3.05 48%
Sentence multi 3 7 7 - 3870.0 0.63 63%
CSV-style multi 3 7 7 - 1117.3 0.70 16%
CSV-style multi 3 7 3 - 1985.4 3.00 15%
CSV-style multi 3 3 7 1 1331.3 4.73 64%
CSV-style multi 3 3 7 2 1439.9 6.93 99%
CSV-style multi 3 3 3 2 2060.8 17.68 95%

Table 9:Comparison of token usage and generation ef ciency for task speci cation ablation on
the Sick dataset.Results are based on 100 inferences, each with 20 random input samples.

Method Input tokeng Output samples Success raté
Instruction-CuratedLLM 4677.4 21.67 95%
Instruction-LITO 1277.4 4.06 57%
Ours w/ class distinction 2222.7 9.7 91%
Ours w/o var description 2066.9 15.96 88%
Ours 2060.8 17.68 95%

Figure 5:Difference between Pearson correlation matrices of real and synthetic data for nu-
merical variables in the Sick datasetMore intense colors indicate larger differences, with positive
differences shown in red and negative differences shown in blue. Black indicates where the correlation
is not measured since only one unique value is generated for those variables.

B, rather than explicitly specifying class information in each group. Including variable descriptions
slightly reduces the number of output samples and success rate compared to not including them, but
the difference is not signi cant. This suggests that the grouping strategy plays a more crucial role in
robust data generation than the presence of variable descriptions.

A.4 Analysis of feature correlation between numerical variables

In the main manuscript, we visualize the feature correlation between categorical variables. Here,
we analyze the Pearson correlation between numerical variables in the Sick dataset and compare
the differences in feature correlation values to the original data, as shown in Fig. 5. As a result, our
methodology consistently shows feature correlations similar to the original data for both minority and
majority classes. In contrast, other baselines either show signi cant deviations in feature correlation
for all classes or perform well for majority classes but not for minority ones. These results demonstrate
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Figure 6:Classi cation performance on the Income dataset when synthetic data generated by

our proposed method are added to the original datasetWe experiment with varying synthetic
sample sizes, comparing data sampling methods: with replacement (w/ rep.) and without replacement
(w/o rep.). EPIC samples with replacement. GPT-3.5-turbo is used for the experiment.

Figure 7:Classi cation performance on the Income and Diabetes datasets using only synthetic
data generated by our proposed method for trainingBlack dashed lines denote the F1 score using
only the original data. GPT-3.5-turbo is used for our method.

that our methodology shows superior performance compared to the baselines in generating high-
quality data that accurately represents both minority and majority classes within the original dataset.

B Additional analysis of EPIC

This section provides an in-depth analysis of the proposed method, EPIC. Appendix B.1 analyzes the
effect of sample size on classi cation performance. Appendix B.2 discusses the signi cance of the
observed performance improvements. Appendix B.3 provides complete qualitative results on the toy
dataset. Finally, Appendix B.4 explores tabular data classi cation with in-context learning methods.

B.1 Impacts of sample size on the classi cation performance

Adding synthetic data to the original dataset Data samples in prompts can be selected either
with or without replacement. Our method uses sampling with replacement to generate a large and
diverse dataset, as sampling without replacement limits the amount of synthetic data to the number of
actual data points. While we ensure that there are no overlapping examples within each prompt to
maintain diversity, each prompt is constructed using sampling with replacement.

We conduct experiments to analyze (1) how much datasets can be enlarged and (2) how this impacts
classi cation performance by comparing sampling with and without replacement. As shown in Fig. 6,
performance improves steadily in both scenarios as the volume of generated data increases. However,
the improvement is constrained when sampling without replacement due to the limited number of
possible samples. When sampling with replacement, as the dataset size expands, there is a noticeable
improvement in the balance between sensitivity and speci city, which contributes to enhanced overall
performance, including gains in balanced accuracy and F1 score. Generating up to 40K synthetic
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Figure 8:Average classi cation results across six datasets compared with the closest baselines.

Table 10:Performance improvement after adding synthetic data to the original datasetResults
are reorganized from Table 1 of our main manuscript.

Improvement from the original data (%p)

Method Dataset

F1 scorée' BAL ACC" Sensitivity" Speci city "

Travel 2.83 1.86 1.8 1.92

Sick -0.58 -0.39 -0.76 -0.01

HELOC -0.66 -0.25 -1.67 1.18

GReaTl Income 1.05 1.06 3.41 031

Diabetes -0.09 -0.09 -0.02 -0.12

Thyroid -2.92 -2.62 -5.23 0.00

Travel -4.92 -3.3 -6.6 0.00

Sick -2.64 -1.92 -3.81 -0.04

HELOC -0.36 -0.32 -0.38 -0.26

TabDDPM 1 ome -0.05 0.05 0.42 031

Diabetes -0.23 -0.24 -0.09 -0.18

Thyroid 0.16 1.18 4.31 -1.96

Travel 8.53 7.23 21 -6.54

Sick 0.9 1.71 3.58 -0.17

ours HELOC 0.91 0.45 2.07 -1.17

Income 2.26 2.7 9.17 -3.76

Diabetes 0.07 0.07 0.04 0.09

Thyroid 0.57 1.31 4.09 -1.47

data points resulted in even better performance than the 20K synthetic data points reported in Table 1
of our main manuscript. We also observed that as the volume of generated data continues to increase,
the gains in balanced accuracy and F1 score eventually plateau, indicating diminishing returns and
suggesting that further data generation beyond a certain point offers limited additional bene t.

Using only synthetic data We investigate how varying the number of synthetic samples affects
classi cation performance. This analysis is conducted on the Income and Diabetes datasets, and the
results are shown in Fig. 7. For the Income dataset, sample sizes range from 500 to 10,000, while
for Diabetes, the range was 500 to 20,000. For both datasets, a consistent increase in the F1 score is
observed as the number of samples grows. This result demonstrates that our method can adequately
represent the original data distribution by generating a suf cient number of synthetic data samples.

B.2 Signi cance of performance improvements

We analyze the signi cance of performance improvements achieved by EPIC. As shown in Fig. 6,
while the gains in F1 score and balanced accuracy between 0 and 40K samples may seem modest,
the sensitivity actually increases signi cantly from around 50% to 70%. This improvement balances
performance across all classes, leading to a more meaningful outcome and greatly enhancing model
usability. Baselines often learn biases in the training data, resulting in abnormally high speci city

at the expense of sensitivity. This imbalance can in ate balanced accuracy or F1 scores, but such
performance is ineffective for real-world tasks. In contrast, our method signi cantly enhances
sensitivity with only a slight reduction in speci cits a result, our method achieves the most
balanced performance across all four metricsas shown in Fig. 8.

Our method is the only approach among the seven baselines that consistently improves both F1 score
and balanced accuracy compared to using only the original data (Table 19). Extensive experiments
across six real-world datasets from diverse domains ( nance, healthcare, marketing, and social
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Figure 9:Complete generation results on an imbalanced toy dataset with majority and

classesOur approach, leveraging in-context learning with LLMs, achieves (1) distinct class bound-
aries, (2) accurate feature correlations, (3) well-matched value ranges, (4) robust numerical-categorical
relationships (last row), and (5) comprehensive data distribution coverage, with improvements over
its ablated versions and the ne-tuned GReaT model [4].

science) using four classi ers, each tested ve times, demonstrate the state-of-the-art performance
of our method, with signi cant gains in the highly imbalanced Travel, Sick, Income, and Thyroid
datasets (Fig. 13While GReaT and TabDDPM are the closest baselines, they exhibit inconsistent
performance. As highlighted in Table 10, they reduce original data performance in more than half of
the cases (red). For example, both underperform on HELOC and Diabetes.

In stark contrastpur method consistently outperforms the original data across all datasets
(blue). In the challenging Diabetes dataset, only our method improves over the original data. While
speci city decreases in all methods, our method still achieves a superior balance of metrics, leading
to greater practicality. These results underscore that our method offers the greatest practical utility
and a meaningful performance advantage among the models tested.

B.3 Complete results on toy dataset

In Fig. 9, we illustrate the complete qualitative results on the toy dataset. We assume a challenging
multivariate data scenario in an imbalanced binary classi cation situation, where variables with and
without correlations are mixed. Using the scikit-learn libraB8][ we created a total of 12 variables.
These variables have strong correlations in pairs. There are 11 numerical variables and one categorical
variable, and the categorical variable is shown on the x-axis in the last row of Fig. 9. In the gure, the
majority class is shown in blue, and the minority class is shown in red.

The generated results are evaluated from four aspects: (1) assessing whether generated data samples
correctly belong to their respective classes, ensuring clear class boundaries; (2) examining whether the
shapes formed by variable correlations, such as circles or moon patterns, are accurately represented;
(3) evaluating whether the generated values fall within an acceptable range for each variable; and (4)
analyzing whether relationships between categorical and numerical variables are accurately captured.
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