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Abstract The adoption of Al in the financial industry is constrained by regulations that limit
access to real data, leading to the emergence of synthetic data as an alternative. However, the class
imbalance inherent in financial data limits existing models’ ability to preserve minority-class
information. This study proposes a framework that selectively preserves the minority class across the
sampling, forward, and loss stages of diffusion training, motivated by the observation that the
class—agnostic forward noise of TabDiff[1] corrupts minority-class signals. On UCI Default
(card-payment delinquency) and Adult Income (income prediction), both adjusted to a 3% minority
ratio, and BAF (account fraud) at a 1.10% minority ratio, the proposed method improves the Minority
F1 score by +126.7% (p<.001), +23.1% (p<.01), and +32.4%, respectively. Additionally, it enhances the
distributional fidelity of the minority class.
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Fig. 1 Training Pipeline of the Proposed Framework
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3.2 CBBS — Class-Balanced Batch Sampling
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Table 2 Overview of Datasets
Dataset Domain Rows Feat (num/cat) Minority
Default Card-payment delinquency 30,000 23 (14/9) 3% (adj.)
Adult Income prediction 48,842 14 (6/8) 3% (adj.)
BAF Account fraud 100,000 29 (18/11) 1.10% (orig.)
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Table 4 Evaluation Results per Dataset (Vanilla —

Ours, n=5)
Metric ‘ Vanilla ‘ Ours ‘ A% p
Default (card-payment delinquency, 3%)
Minority F1 1 0.0292 | 0.0662 | +126.7 | <001
MCC 1 0.0474 | 0.0804 | +69.6 | <.00L:#k:x
JSD (mean) | 0.0270 | 0.0273 +1.1 238
JSD (minority) | | 01281 | 0.1079 | -15.8 L0053
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KS (minority) | 0.0527 | 0.0426 | -19.2 011
Corr (overall) | 0.4472 | 0.4646 +3.9 579
Corr (minority) | | 18292 | 16433 | -10.2 .066
MIA (overall) 05402 | 0.5392 — 468
MIA (minority) 05315 | 05313 — 961
Adult (income prediction, 3%)
Minority F1 1 02620 | 0.3224 | +23.1 00433
MCC 1 0.3140 | 0.3439 +9.5 012+
JSD (mean) | 0.0338 | 0.0333 -15 557
JSD (minority) | | 01411 | 0.1290 | -86 034
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Corr (overall) | 0.1308 | 0.1382 +5.7 147
Corr (minority) | | 05181 0.4710 -9.1 112
MIA (overall) 05159 | 05173 — .363
MIA (minority) 05369 | 0.5442 — .308
BAF (account fraud, 1.10%)
Minority F1 1 0.0432 | 0.0572 | +324 .223
MCC 1 00777 | 00954 | +22.8 284
JSD (mean) | 0.0314 | 00276 | -12.1 400
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KS (minority) | 0.0674 | 0.0438 | -35.0 171
Corr (overall) | 06335 | 02336 | —63.1 .358
Corr (minority) | | 15482 | 1.1073 | —285 052
MIA (overall) 05015 | 0.5036 — 433
MIA (minority) 0.4904 | 0.4586 — 127
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Table 5 Utility Comparison Across Models by Minority
F1 (Mean#std, n=5)

Model Default Adult BAF
Ours 0.0662+0.0142 | 0.3224+0.0188 | 0.0572+0.0174
(’I\‘fz;};]if) 0.0292+0.0074 | 0.2620+0.0148 | 0.0432+0.0262
TabSyn | 0.0159+0.0102 | 0.2564+0.0391 | 0.0149+0.0149
TabDDPM| 0.0444+0.0133 | 0.2942+0.0261 | 0.0532+0.0295
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