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Introduction

While data sharing is crucial for knowledge development, privacy
concerns and strict regulation unfortunately limit its full effective-
ness. Synthetic tabular data emerges as an alternative to enable
data sharing while fulfilling regulatory and privacy constraints.

= Privacy is a key challenge for sharing data in
industry due to strict privacy regulations.
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= Synthetic tabular data is an emerging | o
solution to enable scientific discoveries while
respecting data privacy.

In this paper, we build upon the state-of-the-art in tabular data
synthesis CTAB-GAN [1]. We introduce LCT-GAN, which consists
of an embedding solution and a novel conditional GAN operating
on latent space.

Background

Machine Learning based analysis

Accuracy, F1 score, AUC
Linear Regression, Decision Trees, Random Forest MLP

= Encoding tabular columns leads to very
high-dimensional data.

Popular datasets: Adult, Credit, Covertype, Loan

GANs = High-dimensional data leads to a lot of

computational overhead.

Figure 3. lllustration of the dimensionality explosion problem

Generative Adversarial Networks (GANSs) [2] are a dual

network architecture, Wh|Ch a|ms to |earn a In hlgh—dlmenSIOnal datasets (SUCh das COvertype), we aCh|eved Up—tO 30% im-

provement in specific evaluation metrics, compared to the current state-
of-the-art, alongside up-to 200x faster training per epoch and up-to 5x
lower memory footprint.

neural
dataset's probability distribution, thus has the ability to
generate new samples of data.

Research Question

Can we improve the efficiency of high-dimensional tabular data

synthesis via latent embeddings?

(ke dita | Generated Approach Training Time Accuracy Diff AUC  F1-Score Avg. WD Avg. JSD Diff Corr s/epoch
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- . Figure 5. Autoencoder bottleneck size - 64, trained for 1000 epochs (30 minutes). Dataset - Covertype.
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Autoencoder [3] is a neural network architecture, con- n akeaways
sisting of encoder (down-sampling), bottleneck (low- e | i N We successfully showed that
dimensional space) and decoder (up-sampling). If after
training, the output is the same as the input, the net- = We can embed tabular data in latent space
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work has learned a latent representation of the data in ; ; : ; = Conditional GANs are able to learn complex relationships in latent
the bottleneck. E S E space in the context of tabular data
Auto Encoder 5  fakelatent i = Efficiency can be improved by using LCT-GAN
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o 5 5 Vectors ' = |Latent embeddings hold a lot of potential and can be further optimized.
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Figure 4. LCT-GAN Architecture overview
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