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Consistency-driven Diffusion for Robust Tabular Data Synthesis
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Tabular data are fundamental to critical decision-making across healthcare, finance, and manufacturing domains.
However, generating high-quality synthetic tabular data remains challenging because of heterogeneous feature
types, severe class imbalance, and stringent privacy requirements. To address these challenges, we propose
TabCL, a generative framework that combines a variational autoencoder (VAE) with a denoising diffusion
model, reinforced by contrastive learning and consistency regularization. The contrastive learning component
sharpens class boundaries in the VAE's latent space, improving class separation and representation quality.
Further, consistency regularization ensures that latent codes perturbed with different noise levels reconstruct to
identical outputs, which enhances both sample diversity and model robustness without increasing computational
complexity. Extensive experiments on six public benchmarks, four classification and two regression datasets,
demonstrate that the proposed TabCL outperforms the existing methods including SMOTE, CTGAN, and TVAE
across all standard quantitative metrics. Distributional analyses further reveal that TabCL more accurately
reproduces rare categorical levels, heavy-tailed numerical outliers, and complex cross-feature correlation,
resulting in synthetic data whose statistical properties closely align with those of the real data even under severe
class imbalance and limited-sample sizes. By simultancously improving latent-space structure and
diffusion-based generation, TabCL produces high-fidelity, privacy-respecting synthetic tabular data suitable for
downstream modelling and data sharing. Future extensions will target longitudinal datasets and incorporate
formal differential privacy guarantees to enable broader deployment in privacy-sensitive industrial
environments.

Keywords: Tabular Data Synthesis, Diffusion Models, Contrastive Learning, Latent Consistency Variational
Autoencoder, Generative Modelling
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z7] A dol8 YA BAE FE 2 B FS 43
3171 A3k A 719 LW A5 (oversampling) 7 H S FA L
2 AFEo] Yt} tEHOZ, synthetic minority over-sam-
pling technique(SMOTE) & 4 E8 22 A1 E 7} Q1A o] 2 k9]
Ay BHEs 53 A2 MES A48 (Chawla et al,
2002), adaptive synthetic sampling(ADASYN)-& £-5 A 4]
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-y ok tiEAQ § A B E = generative adversarial

networks(GAN) ¥} VAEZ} 9l o1, Z}2F A 2 TH 2 w2 0 2 ¢
olEe] BEZ 853t MZE AES A4 T} (Goodfellow
et al., 2014; Kingma and Welling, 2013b). 3& dlo]&] YA&
Q8 g A 2l F Xu er al (2019) GANS| 24 8<%
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o] W4 EAol wr= w02 Hetoem, JF lole & A3 CoDiE 0|9 2 T2E HiEo 2, g T3 A
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Z VAEY] & 71929k 7H o] /A e #E8 Y] dAE B AAHL AR BlEo] mf¢- E& W o}, Sk A Al S
EtgTt o) md L golE By A, AFA, B2 Ao T Utk A, A5 A HFY HolHE st Aeg
AU ZWolA 7|2 QNS s ERT Ee A% T SHUIEEE, o)F 3t ojuld 4R gol} B F2E H3}
S HYo s A AT BAY B, BFE M AR Sadhe s AV It A, A mEle] 29
g2, 1A Fhel Ao e Bokgaa e pxd  Hol ¥ 9Y M gl vREA Ho, B )il
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g WMoyl Ay goly MAozw AT o) %s] ol A Skl M 2 A o] FHE Tt XJZH 33t
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th B Ao A= ol Y3t SHAE sl d sk, AE dHolE e A
AARAANA S 72 BE G wo|Ro g WA 54
g5S s 25 Yall, x5 9B AstE
Azttt o] & Tl AA 37 WA o H A S bk
P 2D AES =5k, HiFd a9 g5 AT A
A EFAS T A= NE AE doly A =g dH=
£ Aokt

3 AP E

3.1 VAE 74l ZA) ¥8 &

¥ HlolE = 943 ok Ty M 3 o
o, Zt 42 I3 on| 9} BAA 542 7HIT & Aol A
< olggt tolH Y 724 H34e whgsty] @, trans-
former(Vaswani et al., 2017) 714+2] 1 5E(encoder), T Z T
(decoder) TZE Z+= VAEE A A3 T

dE vlol8 ze R = nh Y] A Wt Y HF
Y HTE FAEY, 4 S AZ GE WA E oY At
TAY Wre @ UE FoE Y WS 8 d-akd o] )
B2 uld Hr, B3 Hae 1A -3t Q59 (one-hot
encoding) ® ¥, 7 HE 2 A olH vy FHAY| F5& 5
3 ot 22 85 7Hs ek d-AHd WE = W SkE T
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vm vm, .vm v, € ohe cat
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.
o FHERE A A 20 B 9 21 B4 log
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E VAE 8hs59] 27]0lle A B3, FA £ q(zlr) ok A
X p(z) 348 Apol7} 744 KL 24+ &o] g4 S718
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Figure 1. Overall Architecture of TabCL
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(Bowman ef al., 2016). T2 2 KL &2 2855
2 3771 p-annealing A FS 2231t} o] =
2 AHg3h= YubA 9l 3-VAE(Higgins ef al., 2017)8F &
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et A2k S AR AT LR/RE A4
] HRAH o7 A 2| BfshE 43
A% 27} 2AZDL A
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=
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AZNIA B e 27N, B ARGl 08 22 3
-annealing 7|%-2 representation®] TR A 7
trade-offS & 3}2 0 8 zHsle] Az o2 i Yuksl @ 7
A T F2E YA D ThBowman ef al., 2016; Senderby
et al.,2016)
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U, ool zel| 9ikstAl WHedlhe & TRACE EUAT ¥
Zro] FAE 4= Qi) o) gt BAlE s A, A Ik
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WA, B A e A 2EE AT o) o2 PR
ZA3he Ao T/l Wy 18-S A=t gurddd
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olz £d e A3 ;ol2 B Vg AT, o] F

M =pu+e-o
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|:> “More distorted representation”
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71& 483t & g2 o4 1t ouH FA o o
2t 8 I3t UjolA A ATE 248 P oE &
>

5 SFCH(Chen et al., 2020; Hadsell et al., 2006; Khosla et al.,
2020). ©] W & AT AE U A F EH ) ) Z pos-
itive pair 2 TAJ8kaL, -2 Wi A| W o] ym A S I}e] 29
S negative pair2 e Ul sk 125 AAIsI9 L &
F A2 projection heads &3l A3t © ¥WHE T,
NT-Xent(normalized temperature-scaled cross entropy) <=4
7Igko 2 9l 7ho A A A2l E 24 3

. explsim(z;, z;)/7)
memstive = logiﬁ)i

3 exp(sim(z;, 2/7)

714 sim (- )& AR FAEE ER T, r& &5 2
A A=, 9 2F FAR] FARE B39 sharpnessE 24 3]
of S V9 P TA T RS PPN GBS Bk
g &4 on) 7
{Ho] A1 T3 A Hol] A2 0| TH(Chen et al., 2020).
A, 2} (Dol B QB4 S T TLD A2l
AAE F EE 0 o) NZ §AZE TS SRR
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3, 24 Tdo] ol = e ZAAstT A Yo QLA
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L = I 2 =203 (7)
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0|3 5 A3} £4.L THET 2ol FHAT.

L, =\, L +n, L ®)

reg arcontrastive cns™consistency

Consistency
Regularization

Latent Vector
from the same input

Figure 2. Overview of the Latent Space Consistency Regularization in TabCL. Given the same input sample, two latent vectors are

generated using different levels of noise during the VAE sampling process. The model minimizes the discrepancy between

these two representations to enforce local smoothness and robustness in the latent space.
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Figure 3. Consistency-Based Diffusion Process in the Latent Space of TabCL. A single latent vector Z, is perturbed using two different

noise levels to generate zgw)and zi“")via forward diffusion. The denoising model reconstructs ;Eg,w)and , égs)and consistency

regularization minimizes the discrepancy between the two reconstructions, enhancing robustness under varying noise

conditions.
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F Mg, AA AL =, S5 AF HAE AN EY AE 7, 18
" HA Y FFRE EFeE vk B HolHAlE S
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T HZ2EAHEES JE 2835 on, d& S5 A ET &
A SR 1)E S5 2 HAF A ER F7F B3

AESE dlo B Al 712 H] Adult, Default, Shoppers, Magic-<
H-F(classification) &4 ©] 11, Beijing¥} News B ] E} A& 3] 7]
(regression) Aol SfEHTE -4, Adult Blo]E Al v]= ¢
TZA Hlo]g | 7Iukete], QI TA B 18 HH ARE
HIE O 2 AhSo] st FeEE A=A E A5t o)z
5 AT Default lo]HAlS tiv A&7tE 1) ARE
7I9ke g s, o] QIFEA BR, A& 7, AA WY
P AT AR TSRO R o5 g A 7HsA S dSshe
o] 7l E-F &A|olt}. Shoppers H O] EJ A2 AR&-2}2] 15 0] 7]
WE 21 (log) ARE IR O 2, 3 Aol AR FujE o]
oA =2 of| A3 A F-E G} Magic HloJHA t7] &
oA Ak Ate] #ES AEdolAE HolH=E, 7t
dAre} vl Fes ERshe AE X3¢ 39 Al
33k Beijing HIoJEIA Ho] A o] thr| & =3 #H
7173 vlolBl & EgsiH, ZF Al 2uAHA s 2E 9
she TAE FAH Aok PEAOE News tlo]H Al
Mashable $JAO]Eo)] AINE 71422 Zol, 719 E, T4 &

i

#
=
=

Table 1. Statistics of Datasets Used in Experiments. Each dataset contains both numerical and categorical columns and is associated

with either a classification or regression task. The table summarizes the number of features, the number of samples, and the

train/validation/test split for each dataset.

Dataset # Cat # Num # Total Rows # Train # Validation # Test Task
Adult 6 8 48,842 28,943 3,618 16,281 Classification
Default 9 14 30,000 24,000 3,000 3,000 Classification

Shoppers 7 10 12,330 9,864 1,233 1,233 Classification
Magic 0 10 19,019 15,215 1,902 1,902 Classification
Beijing 5 6 41,757 33,405 4,175 4,177 Regression
News 2 45 39,644 31,714 3,965 3,965 Regression
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Table 2. Column-Wise Distribution Estimation Results. Each model is evaluated based on its ability to preserve the marginal

distributions of individual columns. Lower errors indicate a closer match between the synthetic and real data distributions.

Boldface denotes the best performance for each dataset. Values in parentheses represent standard deviations over five

independent runs. Note that the results for TabSYN and TabCL are averaged over five runs, while the remaining results are

taken directly from the original TabSYN paper.

Method Adult Default Shoppers Magic Beijing News Average
SMOTE 1.60 1.48 2.68 0.91 1.85 5.31 23
(0.23) (0.15) (0.19) (0.05) (0.21) (0.46)
CTGAN 16.84 16.83 21.15 9.81 21.39 16.09 17.02
(0.03) (0.04) (0.10) (0.08) (0.05) (0.02)
14.22 10.17 24.51 8.25 19.16 16.62
TVAE 15.49
(0.08) (0.05) (0.06) (0.06) (0.06) (0.03)
GReaT 12.12 19.94 14.51 16.16 8.25 0OM 142
(0.04) (0.06) (0.12) (0.09) (0.12)
11.29 5.77 9.37 6.29 6.71 6.89
STaSy 7.72
(0.06) (0.06) (0.09) (0.13) (0.03) (0.03)
. 21.38 15.77 31.84 11.56 16.94 32.27
CoDi 21.63
(0.06) (0.07) (0.05) (0.26) (0.02) (0.04)
1. . . . . .
TabDDPM 75 1.57 2.72 1.01 1.30 78.75 14.52
(0.03) (0.08) (0.13) (0.09) 0.03) (0.01)
1.15 2.46 1.61 0.91 2.64 2.58
TabSYN 1.89
(0.80) (2.46) 0.19) 0.29) (1.10) (1.48)
TabCL 0.92 0.95 1.60 0.77 1.32 1.64 120
(Ours) (0.04) (0.01) (0.01) (0.05) (0.01) (0.03) )
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Table 3. Pair-Wise Column Correlation Estimation Results. Performance comparison of models in capturing inter-column

relationships. Lower scores indicate better preservation of correlation structures across both numerical and categorical

variables. Boldface denotes the best performance for each dataset. Values in parentheses represent standard deviations over

five independent runs. Note that the results for TabSYN and TabCL are averaged over five runs, while the remaining

results are taken directly from the original TabSYN paper.

Method Adult Default Shoppers Magic Beijing News Average
SMOTE 3.28 8.41 3.56 3.16 2.39 5.38 436
(0.29) (0.38) (0.22) (0.41) (0.35) (0.76)
CTGAN 20.23 26.95 13.08 7.00 22.95 5.37 15.03
(1.20) (0.93) (0.16) (0.19) (0.08) (0.05)
14.15 19.50 18.67 5.82 18.01 6.17
TVAE 13.72
(0.88) (0.95) (0.38) (0.49) (0.08) (0.09)
17.59 0.02 45.16 10.23 59.60
GReaT 7 7 OOM 44.24
(0.04) (0.12) (0.18) (0.40) (0.55)
14.51 5.96 8.49 6.61 8.00 3.07
STaSy 7.717
(0.25) (0.26) (0.15) (0.53) (0.10) (0.04)
22.4 41 17. . . 11.1
CoDi 9 68 7.78 6.53 7.07 0 9993
(0.08) (0.05) (0.11) (0.25) (0.15) (0.01)
TabDDPM 3.01 4.89 6.61 1.70 2.71 13.16 534
(0.25) (0.10) (0.16) (0.22) (0.09) (0.11)
2.36 4.58 2.25 0.93 4.29 1.84
TabSYN 2.71
(1.26) (3.58) (0.18) (0.24) (1.14) (0.72)
TabCL 2.03 2.91 2.24 0.68 2.24 1.38 191
(Ours) (0.04) (0.03) (0.04) (0.14) (0.09) (0.04) )
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Table 4. Machine Learning Efficiency Results. AUC (for classification) and RMSE (for regression) scores of XGBoost models trained
on synthetic data and tested on real data. Higher AUC and lower RMSE values represent greater utility of synthetic data in
downstream tasks. Boldface denotes the best performance for each dataset. Values in parentheses represent standard
deviations over five independent runs. Note that the results for TabSYN and TabCL are averaged over five runs, while the
remaining results are taken directly from the original TabSYN paper.

Method Adult Default Shoppers Magic Beijing News
etho
AUC T AUC 1 AUC 1 AUC 1 RMSE | RMSE |
Real 927 770 926 946 423 842
(.000) (.005) (.001) (.001) (.003) (.002)
899 741 911 934 593 897
SMOTE
(.007) (.009) (.012) (.008) (.011) (.036)
886 696 875 855 902 880
CTGAN
(.002) (.005) (.009) (.006) (.019) (.016)
878 724 871 887 770 1.01
TVAE
(.004) (.005) (.006) (.003) (011) (.016)
913 755 902 888 653
GReaT OOM
e (.003) (.006) (.005) (.008) (013)
906 752 914 934 656 871
STaSy
(.001) (.006) (.005) (.003) (.014) (.002)
CoD: 871 525 865 932 818 121
o
(.006) (.006) (.006) (.003) (.021) (.005)
TabDDPM 907 758 918 935 592 4.86
ai
(.001) (.004) (.003) (.003) (.011) (3.04)
0.908 0.762 0.916 0.938 0.636 0.882
TabSYN
(.002) (.001) (.001) (.001) (.005) (.022)
TabCL 0.911 0.765 0.919 0.938 0.531 0.846
(Ours) (.001) (:002) (.003) (.003) (.003) (.001)

TabCLo] €8] 4 R AN o) oheh TR o) 7)olE e QA 0 % sl
=

gole $2ol A EfSlel] FF ALY 5 Y B HOlH  <Table > G W] BE AUEE S 202 ) 23
B4 RS 2T e Mol AT A0 A BE Y A S 49 A5HE GenI 2 0A 32 9
B7h S B TabCLE Ted BAH AL Hol A F2E 288 TabCLe Aol T wAlsh A WAl B 7}

A 62 nd groll aRH T F2E F Q= 1FA I ZKL loss clipping® 3-annealing 7]H S A AT A3 Aol
tolH & el on, Hole F=, Fe2~ By, Zajo] o mpA|Y gL F ]‘%ﬂ B AAG gtk A A,
WA ZA & ohst A4 A S E2E 5 = A8HA o KL loss clipping 7] S AAZ AL ZE doJE Aol A 23}
oS A=A 7} Z7Yvatg om, ﬁ-annealmg 71H-E A A3 A S0l & Default

dlolef Al Al el3k 57]9] v o] Aol A 32}7} Feskint
53] 7 71WE BT AAT Aolle BE HolHAAA 5

4574 228 %5 74= A3 5o Asrh doltor] Fi o3 A A F7he

B - A= AIFeh= TabCL ZH YA 2 A 74 84 Atk ol& A 289 B3 BE Fo] 5392 44, W
QKL loss clipping?} B-annealing 7' ¢ A= A7, A4 9 5AH EAJo] AHH R RELA ¢ba-& ov|gth
Ao AFsy] Slel AA NPs s AFH 7} 22 o2 o 2k gARAE vlad A3E <Table 6>
= 4 2784 M st M 1A 8 A RE 71Fe R 7 74 ol AASFATE KL loss clipping 715 -S Al A g 73 Default H

A5 AAT AR AA 725 443 B o s oJEAME AS ZE tojEHA A A} Sl on, 53
HIE’FSHS{EP. T3 A Frhe A B 24 543 Magic HolHANAME A% A8t o] Ul oz A
A2 B EE ANAA 0 Hlwsty] 98l -SNE 715 Al Bbstth 39, B-annealing 71 S AIAT 79-oll= EE o]
23 ARE BAske B 02 Fsigith olE B3 AT ElAlelA 3 A5 st ST tsel, F e
2 A zentopdet 2 289 FH FHAMEZ 74 & EF AAT A folle ZE volHANA a7t 5438] 71
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31900, 53] Default HloEAOIA 7ha AT A% Aol wivtom 2] HA) TEA 4 4 P Syt R
7} ek oleld Ak A BEe) P24 AR B HEE A4H 02 ES] 95 +F LSNE 7 A2

YA 739 49 do]g e A B4 M 2 ARIA AR & $YsIion, 1 AFE <Figure 4> ERI AT 313 Al
7} ARH o8 HERA oS ov|stH, KL loss clipping®  Z}3h= transformer I A A 8-S HEIES g5
B-annealing & 718} 7190l G +2E FAS= o 4F = [CLS] EZ9 A WE & 7|HLo.Z 81, o] WE & 2
2R 71 & P5S HoAE +2EFY Aol ZEHeE 4 ARE IFHC
npA et A FA A3 AR <Table 7> A8 A4 = 71& W ES TabSYNS A 37+ TEZ,
Ho| &8 7heAS Hrkehy] fldll, MAled 2848 ARE S AN FEo] FEEHA ¥ MR OE FH Y A
1oz FYT Ay AYE HoFEn AY A KL loss  ZE°] AA I A2 SAE e E B o]
clipping® 3-annealing 71 & A 0 & A AT o] Wt 7 & TabSYNo| Fe 2~ ARE a2 0 2 wbg3 A 25
2 37 dwol AMH o R AstE s Aol Yehwton, & AR XS BRoFTh W, <Figure 4>(b)T AIMe
3 F 7S BF AAT At HolEAdA & & TabCLY #AA| 33 #2222, 2850 4 Fel9 555
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Table 5. Ablation study of TabCL Based on Column-Wise Distribution Estimation Error. Each row shows the effect of removing a
key component (KL loss clipping or -annealing) from the full model. Lower values indicate better alignment between
synthetic and real column distributions. Boldface denotes the best performance for each dataset. Values in parentheses

represent standard deviations over five independent runs.

Method Adult Default Shoppers Magic Beijing News Average

TabCL 0.92 0.95 1.60 0.77 1.32 1.64 120
(0.04) (0.01) (0.01) (0.05) (0.01) (0.03)

wio KL clipping 0.96 1.1 1.75 1.47 1.40 1.83 L4
0.12) (0.03) (0.01) (0.02) (0.01) (0.14)

wio B-annealing 1.36 0.95 1.61 1.61 1.40 1.66 143
(0.01) (0.03) (0.01) (0.04) (0.01) (0.03)

w/o KL clipping+ 1.59 7.67 1.85 1.64 1.43 6.9 350
[-annealing (0.11) (0.04) (0.01) (0.02) (0.01) (0.24)

Table 6. Ablation study of TabCL Based on Pair-Wise Column Correlation Estimation Error. Each row shows the effect of removing
a key component (KL loss clipping or S-annealing) from the full model. Lower values indicate better preservation of
inter-column correlation structures across both numerical and categorical variables. Boldface denotes the best performance
for each dataset. Values in parentheses represent standard deviations over five independent runs.

Method Adult Default Shoppers Magic Beijing News Average
TabCL 2.03 291 2.24 0.68 2.24 1.38 1.91
(0.04) (0.03) (0.04) (0.14) (0.09) (0.04)
/o KL cliopi 2.82 2.76 2.67 1.67 291 1.44 518
o clippin, .
W pping 0.01) (0.02) (0.01) 0.12) (0.24) (0.06)
2.3 3.03 2.32 3.58 2.85 1.3
w/o [3-annealing ? ’ 2.59
(0.02) (0.04) (0.04) (0.01) (0.02) (0.03)
w/o KL clipping+ 3.96 8.74 2.9 2.66 3.09 3.24 410
B-annealing (0.04) 0.21) 2(0.04) (0.01) (0.03) (0.04) ‘
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Table 7. Ablation study of TabCL Based on Machine Learning Efficiency. Each row shows the effect of removing a key component

(KL loss clipping or (-annealing) from the full model. AUC (for classification) and RMSE (for regression) scores are

computed using XGBoost models trained on synthetic data and tested on real data. Boldface denotes the best performance for

each dataset. Values in parentheses represent standard deviations over five independent runs.

Method Adult Default Shoppers Magic Beijing News
AUC T AUC* AUC T AUC ! RMSE | RMSE |

Real 927 770 926 .946 423 .842
(.000) (.005) (.001) (.001) (.003) (.002)

TabCL 0.911 0.765 0.919 0.938 0.531 0.846
(.001) (.002) (.003) (.003) (.003) (.001)

wio KL clipping 0.909 0.762 0.922 0.938 0.583 0.862
(.002) (.001) (.001) (.004) (.002) (.024)

. 0.911 0.757 0.927 0.934 0.541 0.851

w/o [3-annealing

(.001) (.002) (.001) (.001) (.002) (.011)

w/o KL clipping+ 0.908 0.752 0.921 0.937 0.558 0.862
B-annealing (.002) (.001) (.001) (.004) (.002) (.024)
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Figure 4. Comparison of Latent Representation Structures using t-SNE on the Adult Dataset. (a) latent representations from TabSYN

(baseline) show dispersed and entangled clusters with weak class separation. (b) latent representations from TabCL (proposed)

exhibit a clearer structure and stronger class-wise separation, indicating better representation alignment.
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