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# Rows

# Num

# Max Cat

# Train

# Validation

# Test Task ( 2024 )

Shoppers

48, 842
30, 000
12.330
19,019
43,824
39,644

101, 766

6
14
10
10
7
46
9

28,943
24,000
9,864
15,215
35,058
31,714
61,059

16,281  Classification
3,000  Classification
1.233  Classification
1,902 Classification
4,383 Regression
3,965 Regression
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Method Adult Default Shoppers Magic Beijing News Diabetes  Average
CTGAN 16.84+0.03 16.83+0.04 21.15+0.10 9.81+0.08  21.39+0.05 16.09+0.02  9.82+0.08 15.99
TVAE 14.2240.08  10.17+0.05 24.51+0.06 8.25+0.06 19.16+0.06 16.62+0.03 18.86+0.13 15.97
GOGGLE 16.97 17.02 22.33 1.90 16.93 25.32 24.92 17.91
GReaT 12.12+0.04 19.94+0.06 14.51+0.12 16.16+0.09 8.25+0.12 OOM OOM 14.20
STaSy 11.294+0.06  5.77+0.06 9.37+0.00 6.29+0.13 6.71+0.03  6.89+0.03 OOM 7.72
CoDi 21.384+0.06 15.77+0.07 31.84+0.05 11.56+0.26 16.94+0.02 32.27+0.04 21.13+0.25 21.55
TabDDPM 1.75+0.03 1.57+ 0.08 2.72+0.13 1.01+0.09 1.30+0.03  78.75+0.010 31.44+0.05 16.93
TABSYN !  0.81+0.05 1.01+0.08 1.44+0.07 1.03+0.14 1.26+0.05 2.06+0.02 1.85+0.02 1.35
TABDIFF 0.63+0.05 1.24+0.07 1.28+0.09 0.78+0.08 1.03+0.05 2.35+40.03 0.89+0.23 1.3
Improv. 22.2% | 0.0% 1 11.11% 1 14.29% | 18.25% | 0% | 46.39% | 13.3% |

* TrendZliBJM X HIREZE

( TABDIFF &R BRI )

Method Adult Default Shoppers Magic Beijing News Diabetes | Average
CTGAN 20.23+1.20 26.95+0.93 13.08+0.16 7.00+0.19  22.95+0.08 5.37+0.05 18.95+0.34 16.36
TVAE 14.15+0.88  19.50+0.95 18.67+0.38 5.82+0.49 18.01+0.08  6.17+0.00 32.74+0.26 16.44
GOGGLE 45.29 21.94 23.90 947 45.94 23.19 27.56 28.18
GReaT 17.59+0.22 70.02+0.12 45.16+0.18 10.23+0.40 59.60+0.55 OOM OOM 44 .24
STaSy 14.51+0.25  5.96+0.26 8.49+0.15 6.61+0.53  8.00x0.10  3.07+o0.04 OOM 1ok,
CoDi 22.49+0.08 68.41+0.05 17.78+0.11 6.53+0.25 7.07+0.15 11.10+0.00  29.21+0.12 23.21
TabDDPM  3.01+0.25 4.89+0.10 6.61+0.16 1.70+0.22 2.71+0.09 13.16+0.11  51.54+0.05 11.95
TABSYN 1.93+0.07 2.81+0.48 2.13+0.10 0.88+0.18 3.13+0.34 1.52+0.03 3.90+0.04 2.33
TABDIFF 1.49+0.16 2.55+0.75 1.74+008 0.76+012 2.59+0.15 1.28+0.04 2.20+0.16 1.80
Improve.  22.8% )  93%.  183%J  13.6%.)  44%)  15.8%J  37.3% . | 226% | 20
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- TiFESTERE

— MLE — M2ZF3IE ( AEHERIIZR XGBoost — EESCMIERITD )
Methods Adult Default Shoppers Magic Beijing News' Diabetes  Average Gap
AUCT AUC 1 AUC 1t AUC T RMSE | RMSE | AUC 1 %
Real 927 +.000 T70+.005 .926+.001 .946+.001 A23+.003 842+ 002 704+ .002 0.0
CTGAN 886+.002 .696+.005 B7H5+.009 .855+.006 .902+.019 B80+.016 .H69+.004 23.7
TVAE BT78+.004 724+ .005 871 +.006 BRT7+.003 704011 1.01+.016 994+ 009 20.2
GOGGLE JT78+.012 D84 +.005 .6H58+.052 654 +.024 1.09+.025 S77+.002 AT75+.008 42.1
GReaT 913+.003 .755+.006 902+ .005 888 +.008 .653+.013 OOM OOM 13.3
STaSy 906+.001 752+.006 .914+.005  .934x.003  .656x.014  .871x.002 OOM 10.9
CoDi B71+.006 D25+.006 .865+.006 .932+.003 818+.021 1.21+ 005 .H05+.004 30.2
TabDDPM  .907+.001 7TH8+.004 918+ .005 .935+.003 .H92+.011 4.86+3.04 D21+.008 11.95
TABSYN 909+.001 763+.002 .914+.004 937+.002 .580+.009 .862+.02¢ .684+.002 6.78
TABDIFF 912+ 002 .7T63+.005 .921+00a .936+.003 .555+.013 .866+.021 .689+.016 5.76
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— TabDiff I08%h: X x HITEERSREE, triT y BE — FIHERIXG S MiEURLL

« ISR
— JRY8 TABDIFF ( f£PiB5I Lilll%k )

Meéitiods Adult Default Shoppers Magic Beijing News Diabetes | Avg. Improv.
AUCT AUCT AUC 1 AUCT RMSE| RMSE| AUCTtT | %
Predicted by XGBoost 92.7 77.0 92.6 94.6 0.423 0.842 704 | 0.0
Impute with TABSYN 93.1 86.7 96.5 91.3 0.386 0.818 66.6 4.99
Impute with TABDIFF + CFG (w = 0.0) 92.5 91.6 95.7 92.5 0.424 0.828 66.0 3.76
Impute with TABDIFF + CFG (w =0.6) | 93.2 91.7 96.4 93.0 0.414 0.815 66.9 5.60
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itz

Method Shape Trend
TABSYN 1.35 :233
TABDIFF-Fix.+Det. 139 '2.29
TABDIFF-Fix.+Sto. 1.20 1.93
TABDIFF-Learn.+Det. 1.24 1.92
TABDIFF-Learn.+Sto. 1.17 1.80
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(a) Mode collapse (b) Mode invention
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Wasserstein Distance

Parzen Window
Likelihood
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