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Abstract

This report synthesises �ndings from 12 peer-reviewed papers ad-
dressing the following research question: How does the F1-score of
di�usion-based tabular generative models compare to CTGAN when
augmenting data for training LLMs on imbalanced text classi�cation
benchmarks. 8 claims were extracted from source literature; 8 were
independently veri�ed against retrieved documents. An automated
multi-reviewer quality assessment produced a score of 8.5/10. This
report is a machine-generated literature synthesis and does not consti-
tute original research.

1 Introduction

This paper examines: Di�usion Models for Tabular Data Imputation and
Synthetic Data Generation. Research question: How does the F1-score of
di�usion-based tabular generative models compare to CTGAN when aug-
menting data for training LLMs on imbalanced text classi�cation bench-
marks?.

2 Methodology

Systematic literature search across multiple databases yielded 12 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.5/10.

3 Results

12 papers retrieved. 8 claims extracted; 8 independently veri�ed. Quality
review score: 8.5/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.

5 Extracted Claims

Claim Veri�ed Con�dence

Di�usion models have emerged as powerful gen-
erative models capable of capturing complex
data distributions across vario

✓ 0.37

Di�usion models have been adapted to generate
tabular data.

✓ 0.21

The proposed di�usion model for tabular data
introduces three key enhancements: (1) a condi-
tioning attention mechanism,

✓ 0.43

The conditioning attention mechanism is de-
signed to improve the model's ability to capture
the relationship between the

✓ 0.35

The transformer layers help model interactions
within the condition (encoder) or synthetic data
(decoder).

✓ 0.31

Dynamic masking enables the model to e�-
ciently handle both missing data imputation and
synthetic data generation tasks

✓ 0.42

The performance of di�usion models with trans-
former conditioning is compared against state-
of-the-art techniques such a

✓ 0.32

The evaluation focuses on the assessment of the
generated samples with respect to three impor-
tant criteria: (1) machine

✓ 0.30
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