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Motivation

* Key question: Does memorization occur in tabular diffusion models,
and if so, how can it be effectively mitigated?

e Our contribution:

* 1) Conducting the first comprehensive investigation into
memorization behaviors within tabular diffusion models

* 2) Introduce TabCutMixPlus, a simple yet effective data augmentation
technique to mitigate memorization



Metrics — Memorization Ratio
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Preliminary
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TabCutMixPlus

Algorithm 2 Pseudo-code of TabCutMixPlus

Require: Training set D, Number of samples N
1: Augmented sample set D — ()
2: fori— 1to N do

3: Sample class ¢ from {1, --- , C'} with prior class distribution; - Keep class ratio after augmentation.
4: Sample (x 4,y4) and (zp,yp) fromclass ¢cinD; > Randomly select two training samples from the same class.
5 Calculate correlation metrics for features: (a) Pearson correlation coefficient for numerical feature; (b) Cramér’s V
based on contingency tables for categorical features; (¢) ETA coefficient for numerical-categorical pairs.
b Perform hierarchical clustering on features using correlation metrics; - Group features based on similarity.
T for each cluster k do
8: Sample A ~ Unif(0, 1) and sampling binary mask M} with Bernoulli distribution Bern(A); > Proportion of
features to exchange within cluster k.
0: Zp— M Oxap+(1— M) ®xpg; > Mix features in cluster & based on binary mask M.
10: Add ;. to x;
11: end for
12: TR > Assign the label of the new sample.
13: D=DuU (&, i), - Save the augmented sample.
14: end for

15: return New Training Set D U D
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Table 1. The overview performance comparison for tabular diffusion models on more datasets. “TCM” represents our proposed TabCut-
Mix and “TCMP” represents TabCutMixPlus. “Mem. Ratio” represents memorization ratio. “Improv” represents the improvement ratio

on memorization.

Methods | Mem. Ratio(%)] Improv. | MLE(%)f  aPrecision(%)! A-Recall(%)? Shape Score(%)t Trend Score(%)t  C2ST(%)1 DCR(%)
STaSy | 2602089 | 90.54+0.17 8579 £7.85 3435+ 246 89.14 +2.29 86.00 + 2.97 5189 + 1487  50.46 + 0.39
STaSy+Mixup 24.80 + 1.30 4.37% | I 90.74 + 0.06  90.00 + 1.91 3424 +247 9028 + 1.69 87.56 %+ 1.06 5261 £6.52  50.08 + 0.59
STaSy+SMOTE 22.92 + 3.77 11.91% |  90.504+024 8581 +1139  3211+513 8691 +0.81 84.36 + 2.36 4512 £ 882 50.46 +0.20
STaSy+TCM | 20,89 + 1.33 19.71% 1 | 9045+030 8539+ L6l 3124 +£097 8833 +3.63 85.39 +4.03 4549 £478  50.92+0.39
STaSy+TCMP 21.45 + 2.60 17.59% | | 9072+ 006 8671 £4.12 3263+ 181 89.62 + 1.55 86.05 + 2.44 4912 4+995  50.75+0.59
TabDDPM 31.01 +0.18 91.09 +0.07 93.58 + 1.99 51524229 9884 +0.03 97.78 + 0.07 9463+ 1.19  51.56 +0.34

_ TabDDPM+Mixup © 30.04 + 0.4 3.14% |  90.82+0.02 9578 +0.68 4765+ 1.35  98.02 + 108 96.78 + 1.33 93.65 +3.59  50.86 + 0.86
3 TabDDPM+SMOTE | 28.98 + 0.78 6.56% | | 9041+036 9493+ 172 46.10 £ 0.65 9340+ 1.12 90.76 + 1.76 8075 £ 0.84 51824056
TabDDPM+TCM 27.55 + 0.19 11.16% | | 91.15+£006 9497 +0.06 4743 + 146  98.65 + 0.03 97.75 + 0.07 85.61 £ 16.03  50.99 + 0.65
TubDDPM+TCMP  26.10 £ 2.11 15.83% | . 90.54 +0.17 9226 + 6.97 4349 +374  9510+427 91.50 + 6.53 8476 + 10.12  50.68 &+ 0.89
TubSyn ! 2026 +023 I 91134009 9931 +0.39 4800 £022 9933 +0.09 98.19 + 0.50 98.68 + 041  50.42 +0.27
TubSyn+Mixup | 28.29 £ 0.28 3.30% 1 | 9075+024 9863 +08I 4573 £ 267 9830 +0.90 97.91 +0.12 98.05 +222  50.97 + 1.10
TahSyn+SMOTE 27.10 £ 0.15 7.36% | | 89.97+076 98.60 +0.50 4472 £ 045 9447 +0.57 91.74 + 0.42 8255+ 071 48424078
TabSyn+TCM 27.03 +0.22 7T.60% | 9L09+£0.17 99.04 +042 4495 +042 9940 + 0.07 98.51 + 0.08 89.18 £ 1.94 5067 +0.11
TubSyn+TCMP | 25,99+ 052 11.17% | I 90.96 +0.16 9843 + 1.04 4323 +296 9838 £ 091 96.53 + 1.47 9339 +6.01  50.30 +0.78
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Experiments — Different Augmented Ratio

Default Shoppers
@)
0.2 = g
o
g 0.2 Augmented Ratio
s — 0%
0.1 © 109%
S0.1 — 20%
= —— 30%
) —— 100%
0.0 . 1 = | | |
0 500 1000 0 500 1000

Epoch Epoch



Thank you!

* https://github.com/fangzy96/TabCutMix
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