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2 An(C =c; 1 = joip )Xp(JQZJ'Q)

logp(R=r, C=c;0,p)
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Leywap(0, ¢imc_ ) =log K qzlr o)

(3.12)

rglaxEH o~ p [zCJWAE(Gv O R, C,j_z)] : (3.13)
» @ ’ o
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@ &4 H7HA
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CTGAN 0.015 0.103 0.913
TVAE 0.018 0.087 0.965
TCIWAE(K=1) 0.019 0.095 0.988
TCIWAE(K=10) 0.016 0.062 0.503
TCIWAE(K=20) 0.011 0.076 0.605
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ACC AUC F1-Score
CTGAN 3.022 0.043 0.060
TVAE 4.179 0.057 0.099
TCIWAE(K=1) 4.077 0.079 0.107
TCIWAE(K=10) 2.907 0.032 0.033
TCIWAE(K=20) 2.464 0.027 0.040
TCIWAE(A=30) 2.613 0.027 0.047
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NNDR (Nearest Neighbor Distance Ratio)
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@ F&A HAAE : BEXF FAA

[3 7] Covertype ®lo|EH 9] X4 FAM

Ayt WA E Hat J-57+7 G Aol
CTGAN 0.033 0.047 3.534
TVAE 0.022 0.020 2.254
TCIWAE(K=1) 0.022 0.018 2.224
TCIWAE(A=10) 0.019 0.025 2.284
TCIWAE(K=20) 0.021 0.019 2.154
TCIWAE(K=30) 0.018 0.021 2.398
TCIWAE(K=40) 0.025 0.024 2.570
TCIWAE(K=50) 0.023 0.023 2.259
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® #44 AAAE : WAHY 459 FAA

[32 8] Covertype HlolE ¢ Masd 452 FAH

ACC AUC F1-Score
CTGAN 37.714 0.317 0.401
TVAE 17.913 0.117 0.208
TCIWAE(K=1) 13.192 0.098 0.139
TCIWAE(AK=10) 16.271 0.119 0.162
TCIWAE(K=20) 13.692 0.094 0.143
TCIWAE(K=30) 13.130 0.094 0.139
TCIWAE(K=40) 12.406 0.090 0.129
TCIWAE(K=50) 14.057 0.095 0.153
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ABSTRACT

TCIWAE: A Study of Synthesizing Tabular Data Using
Conditional IWAE

Jiwoo Kim
Department of Statistics
Graduate School of

Sungshin Women’s University

As data sharing has received much attention, there is a growing concern
about the risk of privacy exposure. To overcome the trade—off between
data sharing and privacy risk, generating and distributing synthetic data,
instead of the original data, is considered as a good alternative. Synthetic
data refer to simulated data of the original ones, but still containing
meaningful information. Well-generated synthetic data can encourage
active data sharing while protecting the privacy of the original data.

Most of the existing studies of the tabular data synthesis employing
deep generative models consider Generative Adversarial Networks(GAN).
However GAN often gives unstable results since the goal of its objective

function i1s to find a saddle point with a min-max learning procedure.



Thus, it is hard to apply to various real-world domains. On the other
hand, there is another learning framework which is based on the
log-likelihood-based learning method. It is known to be more stable and
powerful than GAN, but fewer researches have been done.

In this study, we devise a new log-likelihood-based learning framework
to generate synthetic tabular data successfully. We focus on the
Variational AutoEncoder(VAE), one of the most widely used log-likelihood
methods, and improve it in three ways. First, instead of using the
Evidence Lower Bound(ELBO), we adapt the objective function of
Importance Weighted AutoEncoders(OIWAE) that gives a tighter lower
bound of the log-likelihood. Second, to handle imbalanced categorical
variables more efficiently, we apply IWAE to a conditional generative
model, developing Conditional IWAE(CIWAE). Lastly, by combining an
existing pre-processing method specializing in tabular data to CIWAE, we
devise a new synthesizer called Tabular CIWAE(TCIWAE).

To demonstrate the superiority of our method, we conduct wvarious
experiments of tabular data synthesis using two benchmark data sets. We
show that our method generates more realistic tabular data with similar

leakage of privacy information compared to other baseline methods.
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