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Abstract
Synthetic tabular data generation has gained significant attention for its potential in data
augmentation and privacy-preserving data sharing. While recent methods like diffusion
and auto-regressive models (i.e., transformer) have advanced the field, generative adversar-
ial networks (GANs) remain highly competitive due to their training efficiency and strong
data generation capabilities. In this paper, we introduce Tabular Auto-Encoder Gener-
ative Adversarial Network (TAEGAN), a novel GAN-based framework that leverages a
masked auto-encoder as the generator. TAEGAN is the first to incorporate self-supervised
warmup training of generator into tabular GANs. It enhances GAN stability and exposes
the generator to richer information beyond the discriminator’s feedback. Additionally,
we propose a novel sampling method tailored for imbalanced or skewed data and an im-
proved loss function to better capture data distribution and correlations. We evaluate
TAEGAN against seven state-of-the-art synthetic tabular data generation algorithms. Re-
sults from eight datasets show that TAEGAN outperforms all baselines on five datasets,
achieving a 27% overall utility boost over the best-performing baseline while maintaining
a model size less than 5% of the best-performing baseline model. Code is available at:
https://github.com/BetterdataLabs/taegan.

1. Introduction

Synthetic data generation has gained tremendous attention due to its potential to provide
an unlimited amount of data for data-hungry deep neural networks’ training (de Wilde
et al., 2024; Seib et al., 2020), and to unlock the use of a large amount of data with privacy
and sensitivity concerns for sharing (EU, 2016). The prevalence of tabular data modality
in real-world applications, from governmental system records to commercial transaction
records, also poses a great demand for synthetic tabular data.

The research on synthetic tabular data generation using deep generative models initially
focused on generative adversarial networks (GANs) (Goodfellow et al., 2014) and variational
autoencoders (VAEs) (Kingma and Welling, 2014). In recent years, diffusion models (Ho
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Figure 1: TAEGAN architecture. The generator is a
masked auto-encoder. The encoder processes masked
real data to produce an encoded vector, which is passed
to the decoder along with noise. The mask and decoder
output are concatenated for discrimination. A recon-
struction loss is applied alongside the GAN losses.
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Figure 2: Comparison of TAE-
GAN with representative base-
line models. TAEGAN demon-
strates an overall advantage.
over baseline models.

et al., 2020) and auto-regressive models (Brown et al., 2020) have gained significant traction
due to their training stability and success in other modalities, such as images and text.
However, GANs remain a competitive choice for tabular data generation, thanks to their
unique advantages in training efficiency and generation speed (Xiao et al., 2022; Bond-Taylor
et al., 2022), as well as their strong empirical performance—particularly given concerns that
vision and language models may be over-skilled for tabular tasks (Gorishniy et al., 2021;
Shi et al., 2021). In fact, a well-designed GAN can achieve comparable or even superior
performance to diffusion and auto-regressive baselines while being far more efficient.

In this paper, we present such a design of tabular GAN: Tabular Auto-Encoder Generative
Adversarial Network (TAEGAN). Unlike the traditional design of tabular GANs where data
are generated from noise or a sampled condition (Xu et al., 2019; Zhao et al., 2021), TAE-
GAN generates data from a masked version of sampled real data and gradually removes
the mask by iterative decoding (Chang et al., 2022). Its generator is a modified auto-
encoder with two additional inputs: i) a mask to the encoder for masked modeling, and
ii) a noise vector to the decoder for the completeness of GAN. Besides the standard GAN
loss, a reconstruction loss is also added. The overall architecture of TAEGAN is shown
in Fig. 1. TAEGAN’s generator is an independent auto-encoder, enabling self-supervised
warmup training. The discriminator can be jointly trained in the warmup stage using the
generator’s output. This property not only improves the stability of GAN (Ham et al., 2020),
which is a severe problem GANs have long suffered from, but also allows the generator to
learn more about the real data by feedback beyond the discriminator’s gradient update.

Besides the change in generative method and architecture, we also devise a novel data
sampling approach during training to address the ubiquitous data imbalance and skewness
problem. A novel loss component is also introduced to encourage the models to learn better
data distributions and correlations.

Experiments comparing 7 state-of-the-art (SOTA) synthetic tabular data generation
models over 8 datasets show TAEGAN’s stable advantage in terms of synthetic data qual-
ity and efficiency, as shown in Fig. 2. Notably, although TAEGAN is less than 10% the



 

size of the best-performing baseline, it achieves a 27% performance improvement on the 
most widely used evaluation metric—machine learning efficacy (MLE). Furthermore, TAE-
GAN outperforms all baseline models in MLE. Additionally, thanks to the discriminator in 
the GAN framework, TAEGAN demonstrates a significant advantage i n t he r eality o f the 
synthetic data, as measured by the indistinguishability between real and synthetic data.

In summary, our major contributions include:
1. We introduce a novel tabular GAN framework, where the generator is a masked auto-

encoder, enabling self-supervised warmup training. This approach enhances both training
stability and the quality of the synthetic data.

2. We propose a weight-matrix-based data sampling method that addresses the common
challenges of imbalance and skewness in tabular data during training.

3. We design a novel information loss that is designed specifically for tabular generative
models to learn better data distribution and correlation.

4. We propose TAEGAN, which leverages the above three innovations, achieving SOTA per-
formance in synthetic data quality while offering significantly improved efficiency com-
pared to the top-performing baseline models.

2. Related Works

2.1. Generating Synthetic Tabular Data

When deep generative models were first introduced to the task of synthetic tabular data gen-
eration, GANs (Goodfellow et al., 2014) (e.g., CTGAN (Xu et al., 2019), CTAB-GAN (Zhao
et al., 2021)) and VAEs (Kingma and Welling, 2014) (e.g., TVAE (Xu et al., 2019), GOG-
GLE (Liu et al., 2023)) were the predominant generative paradigms. In particular, CTGAN
and TVAE (Xu et al., 2019) introduce tabular-specific feature engineering for these models
and a data sampling method during training to address data imbalance. One-hot encoding
is applied for categorical features, and variational Gaussian mixture (VGM) model decom-
position is applied to continuous features to naturally capture multimodal distributions.
Training data is sampled following the logarithmic frequency based on real-data-derived
condition vectors. TAEGAN borrows or modifies these designs, with more details on neces-
sary preliminaries seen in Section 3.

Recently, the increasingly popular generative models for image and text generation–
diffusion models (Ho et al., 2020) and auto-regressive models (Radford et al., 2019; Brown
et al., 2020), begin to dominate the field of synthetic tabular data generation too (e.g.,
TabDDPM (Kotelnikov et al., 2023), TabSyn (Zhang et al., 2024), and GReaT (Borisov et al.,
2023)), due to the high quality of the synthetic data. However, these models, especially the
better-performing ones, typically require a transformer (Vaswani et al., 2017) network that
is usually used for image or text tasks. For example, TabSyn (Zhang et al., 2024) adapts
a score-based diffusion model (Song et al., 2021; Karras et al., 2022) with a transformer
architecture, which was initially designed for vision tasks, and GReaT (Borisov et al., 2023)
adapts a Distil-GPT2 (Radford et al., 2019), which was initially designed for language tasks,
with tabular-specific data encoding to generate synthetic tabular data.

However, while diffusion models and auto-regressive models generate synthetic data with
impressive quality, the fact of using networks initially designed for images and text often
implies a potential of over-fitting (Gorishniy et al., 2021; Shi et al., 2021). Moreover, the ef-
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ficiency of diffusion models and auto-regressive models are typically worse than GANs (Xiao 
et al., 2022; Bond-Taylor et al., 2022). Therefore, there are still chances for a well-designed 
GAN specifically f or t abular d ata t o a chieve c omparable o r b etter p erformance compared 
to these diffusion and auto-regressive models while being much more efficient.

2.2. Masked Modeling and Its Applications in Tabular Data

Masking is an important technique for self-supervised learning. Masked language modeling 
(MLM) has been a primary task for text pre-training (Devlin et al., 2019; Liu et al., 2019), 
and masked image modeling (MIM) has played a similar role in image pre-training (He et al., 
2022; Bao et al., 2022). Data generation using masked modeling by gradually replacing 
masks with generated data has also gained great success in images (Chang et al., 2022).

In tabular data, masking is a natural method for imputation (Du et al., 2024). There 
are also generative models using masked modeling, such as TabMT (Gulati and Roysdon, 
2023), which combines masking with a transformer. However, it suffers f rom l ong training 
and sampling time due to its iterative sampling nature on a large model.

3. Preliminaries and Notations

In this section, we introduce the notations and preliminaries from prior works that are 
necessary to understand TAEGAN. Most notations are a generalized version of prior works 
that helps the understanding of this paper.

3.1. Tabular Data Generation Notations

Problem Formulation. Given a real table T with M rows, Nd categorical and Nc con-
tinuous features (N = Nd + Nc features in total), the objective is to generate synthetic T ′
of the same size that resembles the real one, i.e., T ′ ∼ T .

Feature Engineering. TAEGAN inherits feature engineering from CTGAN (Xu et al., 
2019). Categorical features are one-hot encoded. Continuous features are decomposed using 
VGM to capture multi-modal distributions. Each value is represented by concatenating 
the one-hot encoded mode index (e.g., peak on the probability density graph) with the 
numeric value within that mode (following a normal distribution) (see details in mode-
specific n ormalization in (Xu et al., 2019)).

Tabular Notations. Thus, formally, each feature of the table can be represented as a 
vector xn, n ∈ {1, 2, . . . , N}. xn consists of a discrete component dn (i.e., one-hot encoded 
category or mode for continuous feature) and a continuous component cn (i.e., empty for 
categorical and the numeric value within the mode for continuous feature), namely, xn = 
dn ⊕ cn, where ⊕ denotes vector concatenation. A categorical feature has only a discrete 
component and a continuous feature has a discrete and a continuous component. Then, let 
| · | be the number of dimensions of a vector, and let Dn = |xn|, Ddn = |dn|, = |cn|
(Dn = Ddn + Dcn). Thus, a row in T can be represented by the vector x =

⊕N
i=n xn =⊕N

n=1 dn⊕cn with C = Nd+2Nc (non-empty) components and D =
∑N

n=1Dn dimensions.
The “feature engineering” step in Fig. 3 shows an example of the representations.
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Figure 3: Example of TAEGAN data processing and mask process.

3.2. Conditional Vector

Prior work has found that tabular GANs perform better with a conditional generator (Xu
et al., 2019). This requires a condition, we refer to as a conditional vector, passed together
with noise to guide the generation of each row. The definition of conditional vectors for
tabular GANs has evolved since its first introduction (Xu et al., 2019). In this section,
we introduce a new representation compatible with different prior works and our proposed
model TAEGAN.

We denote the conditional vector as γ =
⊕N

n=1 γdn ⊕ γcn, where γdn and γcn corre-
spond to dn and cn respectively. In some prior works, not all components can be part
of the condition. For example, CTGAN allows only components from categorical fea-
tures. Components (α, can be dn or cn) disallowed in the condition have a corresponding
γα = ϕ, |ϕ| = 0. Let the number of allowed components in the condition be Ĉ, and x
with allowed components only be denoted x̂. The conditional vector is essentially a masked
x̂. Each component is either fully masked or completely unmasked. Formally, let the mask
indicator show the masking status for each component allowed in condition, represented as
m =

⊕N
n=1mdn ⊕mcn = (mc)

Ĉ
c=1 ∈ {0, 1}Ĉ , where |mα| = 0 if γα = ϕ and |mα| = 0

otherwise. In this paper, a mask value 1 means the value is maintained after masking.
The mask indicator can be expanded by the dimensions of components to create the data
masks as another binary vector µ =

⊕N
i=1 µdi ⊕ µci, where |µα| = 0 if γα = ϕ otherwise

|µα| = Dα, and µdn,µcn ∈ {0,1} (vectors with all 0s or with all 1s). Then, the conditional
vector is γ = µT · x̂, which essentially means the masked data by the given masked indicator.
Appendix A contains a summary of these notations to aid understanding.

Many prior works also have the constraint that exactly one component is maintained in
the condition (Xu et al., 2019; Zhao et al., 2021), formally, ∥m∥1 = 1 if |m| > 0. In other
words, m ∈ {ei}Ĉi=1 are one-hot vectors. Together with allowed components in condition,
constraints on γ of prior tabular GANs and TAEGAN are compared in Table 1 and Fig. 4.
In TAEGAN, all components are allowed in the condition, and hence x = x̂. In the rest of
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Figure 5: Data sampling of CTGAN ex-
plained with the example. Black arrows
indicate the selected ones.

the paper, we use x for x̂ without ambiguity. An example of TAEGAN conditional vector
construction is visualized in Fig. 3.

3.3. Data Sampling with Logarithmic Frequency during Training
During training, CTGAN samples data by logarithmically transformed frequency of a value
of a randomly selected feature. The mask indicator is first sampled, where only a categorical
feature can remain unmasked. Then, with the mask indicator fixed, a value in the selected
categorical feature is sampled by logarithmically transformed frequency. Formally, let fn =
(fni)

Ddn
i=1 ∈ NDdn be the frequency vector of the n-th (categorical) feature in real data.

Let the logarithmically transformed frequency vector smoothed by 1 be f̃n = log (fn + 1).
The probability mass function for sampling is thus a normalized version of f̃n, i.e., pn =
f̃n/∥f̃n∥1 = (pni)

Ddn
i=1 . The process is visualized in Fig. 5

4. TAEGAN: Optimized GANs for Tabular Data

4.1. Overview and Architecture

Architecture. Recall the architecture of TAEGAN introduced in Fig. 1, the generator is
a masked auto-encoder. The encoder takes in the mask indicator m and the masked data,
i.e., conditional vector γ = µT · x. The encoded data with the noise z is concatenated and
passed to the decoder, which generates synthetic data x′. Since most tabular data are a
mixture of discrete and continuous values, we modify the noise z to be a vector whose first
half is discrete with values 0’s and 1’s, and second half is continuous following standard
normal distribution.



Algorithm 1 TAEGAN Training Algorithm
Data: Training table T , warmup & main epochs Ep, E
Result: Generator parameters θG

1 Preprocess table T by one-hot encoding and VGM decomposition
2 Calculate W to prepare for sampling
3 Initialize network parameters θG,θD

4 for e in 1, 2, . . . , Ep + E do
5 repeat M times:
6 x,m,µ,γ ← sampled data and masks ; /* Based on W */
7 Generate x′ ← G(m,γ, z) based on noise z from latent space
8 Update θG based on reconstruction loss, i.e., Lrecon(x

′,x,m)
9 Discriminate the data yr ← D(m,x), yf ← D(m,x′)

10 Update θD based on discrimination, i.e., Ldisc(yr, yf )
11 if e > Ep then

/* Do the adversarial generation after warmup training */
12 Update θG based on incorrect discrimination, i.e., −Ldisc(yr, yf )

Training. Since the generator is essentially an auto-encoder, a reconstruction loss can be
calculated between x and x′, allowing the generator to be trained without the discriminator,
which we refer to as the warmup of GAN training. While the generator is trained in the
warmup stage, the discriminator can be trained jointly but without direct interaction with
the training of the generator in terms of gradients. Consequently, both the generator and
discriminator can be warmed up independently, conceptually similar to a pre-training on the
provided dataset. This allows a better initialization of both networks before the adversarial
training of GAN starts, enabling improved stability during adversarial training (Ham et al.,
2020). The overall training process is described in Algorithm 1, where details of some steps
are elaborated in subsequent sections.

Generation. In TAEGAN, the masked auto-encoder design of the generator allows the
mask m to be arbitrary as long as it falls in the range of {0, 1}C , in contrast to CTGAN (Xu
et al., 2019)’s mask with several constraints (recall Section 3.2). Consequently, a single row
can be generated in multiple steps by iterative decoding, in contrast to CTGAN’s one-time
generation from the conditional vector. In the extreme case, one component is generated
per step. The first component (step) can be directly taken from real data, which exposes
only one component of one row, generally considered safe without privacy concerns as it
contains a similar amount of information to the conditional vector of CTGAN. Although
each time all dimensions are generated, we select only one additional from the input and
proceed to the next iteration. The full process is visualized in Fig. 6, and details to be found
in Appendix A.

4.2. Data Sampling during Training

Now that all constraints on m are relaxed (recall Section 3.2), the sampling of mask indicator
and conditional vector are adjusted accordingly, to allow sampling based on conditions that
are multivariate and potentially continuous.

Sampling the Mask Indicator m. The mask indicator is sampled by first sampling
a number of components (value of ∥m∥1) from {1, 2, . . . , C}, then randomly sampling this
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Figure 6: Generation process of TAEGAN. Components are generated one by one following
a sampled order. The first component is sampled from real data.

Algorithm 2 Weight Matrix Computation
Data: Preprocessed training table T ∗

Result: Weight Matrix W
1 for i in 1, 2, . . . , C do

/* On i-th component (comp.) with K
(binned) discrete values (val.) */

2 t ∈ {1, . . . ,K}M ← i-th comp. of T ∗ by val. IDs
3 f ∈ (N+)K ← frequency for each val.
4 f̃ ← log(f + 1); /* Logarithmic transform */
5 p← f̃/∥f̃∥1; /* Normalize to val. PMF */
6 p̃← p/f ; /* Normalize to row PMF */
7 wi ← onehot(t) · p̃; /* Match PMF val. */
8 W ←

(
w1 w2 . . . wC

)
; /* Combine all */

Algorithm 3 TAEGAN Data Sampling
during Training
Data: Weight matrix W
Result: Sampled data and masks x,m,µ,γ

1 m← 0
/* Initialize an empty mask indicator */

2 X ← sample ∥m∥1 value following Equation 1
3 Update X non-repeated dimensions of m to 1
4 µ← expand m by dimensions per component
5 ρ←W · (m/∥m∥1)

/* Compute row-wise PMF under this m */
6 x← sample a row based on ρ

7 γ ← µT · x

number of components. Mask indicators activating zero components (i.e., full mask) skipped
during training because they are not used during generation (recall Algorithm 4). Also, note
that it is generally harder to generate data with less information, so we sample smaller ∥m∥1
with a higher probability mass than larger ones. In this paper, we use the normalized inverse
of the values as the probability mass, namely, ∀X ∈ {1, 2, . . . , C},

P(∥m∥1 = X) =
1/X∑C
i=1 1/X

(1)

Sampling the Conditional Vector γ and Data. Given a mask indicator without the
constraints for CTGAN, the probability mass or density function of the corresponding con-
ditional vector µ cannot be computed by the feature-wise distribution as CTGAN does.
Instead of sampling values based on the mask indicator, we sample real data rows and then
apply the masks on them.

To calculate the probability for each row given the mask indicator , we compute the weight
matrix W ∈ [0, 1]M×C as combination of column vectors wi ∈ [0, 1]M , i ∈ {1, 2, . . . , C}
with ∥wi∥1 = 1, which is the probability mass function over all rows in T when the i-th
component is selected. Given the same mask indicator, rows with the same values after
masking are sampled uniformly. Therefore, wij = pnk/fnk if the i-th component is the
discrete component of the n-th feature, and dn = ek on the i-th row of T . Continuous
components’ weights are calculated similarly by discretizing the values into bins so that
frequencies and probability mass based on logarithmically transformed frequency can also
be computed. The full process of weight matrix computation is described in Algorithm 2,
and is used for Line 2 of Algorithm 1.



 

Finally, the dot product of W and normalized mask indicator m, i.e., ρ = W ·(m/∥m∥1) 
indicate the probability mass function of each row to be sampled under this m by the 
multiplication law of probabilities. The full process is shown in Algorithm 3, and used for 
Line 6 of Algorithm 1. Appendix A provides an illustrative example to assist understanding.

Proposition 1 The probability density/mass P(γ|m) is identical from CTGAN (Xu et al., 
2019) (recall Section 3.3) and from Algorithm 3, if m is allowed in both.

Proposition 1 showcases the consistency of TAEGAN’s design with prior works (e.g., 
CTGAN), but TAEGAN is a generalized version. The proof is seen in Appendix B.

4.3. Loss Functions

Reconstruction loss. Reconstruction loss can be computed on each component sepa-
rately. We use cross-entropy for discrete and smooth L1 loss (Huber, 1964) for continuous 
components. We denote the loss for the i-th component as ℓi(x′, x) ∈ R. The overall re-
construction loss is a weighted sum of losses on all components. We apply different weights 
on masked (known) and unmasked (unknown) components. Moreover, note that it is gen-
erally harder to reconstruct data from less known components because of the more diverse 
potential given limited known components, and easier from more known components as 
the reconstruction task eventually degenerates to classification or regression with increasing 
known components. Therefore, we adjust the weights on unknown components such that 
lower weights are applied when fewer components are known (smaller ∥m∥1). We define a 
range of weights of unknown components as opposed to known components: [λ1, λ2] ⊆ [0, 1], 
then the reconstruction loss on one sample is:

Lrecon(x
′,x,m) =

C∑
i=1

(
mi + (1−mi)

(
∥m∥1 · (λ2 − λ1)

C
+ λ1

))
· ℓi(x′,x) (2)

The reconstruction loss is used to update the generator’s gradients in both the warmup
and main training stages. During warmup, this is the main loss function for the generator.
During adversarial training, the reconstruction loss works in place of the auxiliary classifica-
tion loss (Odena et al., 2017) that is also applied in some baseline tabular GANs (Zhao et al.,
2021), as the reconstruction based on arbitrary masks is essentially a generalized version of
the auxiliary classification task, and the generator network can be reused for classification
to reduce the model size.

GAN loss. For better GAN training stability, we adopt WGAN-GP (Gulrajani et al.,
2017) following CTAB-GAN (Zhao et al., 2021, 2024), and PacGAN (Lin et al., 2018)
framework (i.e., the discriminator takes in “pacs” of, or a number of rows of, data) fol-
lowing CTGAN (Xu et al., 2019). However, for simplicity of higher-level understanding, we
abstract them as Ldisc(yr, yf ) like a classical GAN (Goodfellow et al., 2014) in Algorithm 1.

Information loss. To capture a better data distribution, we adopt the additional infor-
mation loss for the generator following CTAB-GAN (Zhao et al., 2021), which calculates the
mean and standard deviations of the vector before the last layer of the discriminator of real
and synthetic data respectively on every batch, and the loss is their differences. The infor-
mation loss can be further enriched by direct calculations on x and x′ utilizing properties



 

of the feature-engineered data, which consists of one-hot discrete components and normal-
distributed continuous components (recall Section 3.1). Similarly to the original information 
loss, the losses are calculated by the differences of the aggregated values per batch between 
real and synthetic data. We design two additional loss components for marginal distribution 
and correlation respectively:
• Mean loss for marginal distribution. The aggregated value for mean loss is the mean

for each dimension in the batch. In particular, the mean of one-hot vectors expresses
exactly the probability mass function.

• Interaction loss for correlation. The outer product of two one-hot vectors of arbitrary
dimensions (can be different dimensions) expresses a unique combination of the two input
vectors, and the flattened vector is also one-hot. The outer product of a one-hot vector with
a one-dimensional scalar also expresses a unique combination of the two input values if the
result is not 0. Therefore, the correlation can be captured utilizing outer products. The
aggregated values for interaction loss are the mean and standard deviation of the flattened
outer product x⊗ x (supposing x is feature-engineered). In particular, dimensions in the
outer product corresponding to impossible value combinations of two discrete components
will always be 0, which can be fully captured by the aggregated values.
In summary, let x[k] represent the k-th sample in a batch of size B, let ∆mean(f(x

′), f(x))
where f is an aggregation function on x and x′ denote the difference of mean aggregated
values, i.e., ∥MeanB

k=1(f(x
′[k])) − MeanB

k=1(f(x
[k]))∥1, and let ∆std(f(x

′), f(x)) be the
difference of standard deviation similarly. Then, the modified information loss of a batch is

Linfo(x
′[1..B],x[1..B]) = α1 · (∆mean(D̃(x′), D̃(x)) + ∆std(D̃(x′), D̃(x)))

+ α2 ·∆mean(x
′,x) + α3 · (∆mean(x

′ ⊗ x′,x⊗ x) + ∆std(x
′ ⊗ x′,x⊗ x)) (3)

where D̃ represents the discriminator before the last layer, and α1, α2, α3 are the weights on
the original information, mean, and interaction losses respectively.

Overall Objective. Let pz be the probability distribution of the mixed-discrete-continuous
noise z, pm is the probability distribution of m and px|m is the probability distribution com-
puted based on W given m as described in Section 4.2. Combining these losses, we have
the objective of TAEGAN as

min
G

max
D

Ez∼pz,m∼pmEx∼px|m

(Lrecon(G(z,γ),x,m)− Ldisc (D(m,x), D(m, G(z,γ)) + Linfo(G(z,γ),x)) (4)

5. Experiments

5.1. Experiment Setup

Datasets. We conduct experiments on 8 datasets from OpenML (Vanschoren et al., 2013):
adult, bank-marketing, breast-w, credit-g, diabetes, iris, qsar-biodeg, and wdbc.
Details can be found in Appendix C.1.

Baselines. We compare the performance of TAEGAN with several representative tab-
ular generative models as baselines, including non-neural-network models, GANs, VAEs,
diffusion models, and auto-regressive models: ARF (Watson et al., 2023), CTAB-GAN+



 

(CTAB+) (Zhao et al., 2024), CTGAN (Xu et al., 2019), TabDDPM (TDDPM) (Kotelnikov 
et al., 2023), GReaT (Borisov et al., 2023), TabSyn (Zhang et al., 2024), and TVAE (Xu 
et al., 2019). Implementation details can be found in Appendix C.2.

TAEGAN Configuration. We use multi-layer perceptrons (MLP) as both the generator 
and discriminator. The networks are warmed up for 50 epochs capped at 500 steps, and 
then trained with adversarial losses for 300 epochs capped at 3000 steps, with a batch size 
of 3000 and learning rate of 2 × 10−4. More details can be found in Appendix C.3.

Testbed. Experiments were conducted on a Ubuntu 22.04 server with an Intel i9-13900K 
CPU, 125 GB of RAM, and an NVIDIA RTX 4090 GPU.

Metrics. We evaluate tabular generative models using utility, reality, fidelity, privacy, 
and efficiency, which are standard metrics in  tabular data generation (Xu et  al., 2019; Zhao 
et al., 2024; Borisov et al., 2023; Zhang et al., 2024; Dat, 2023). All results reported are 
based on 3 runs of each experiment. Detailed implementation of the metrics can be found 
in Appendix C.4-C.8.
• Utility is usually tied to a downstream task (e.g., classification). The established machine

learning efficacy (MLE) metric (Xu et al., 2019) has synthetic data generated from a real
training set tested on a hold-out real test set. We use 3 downstream models: logistic
regression (LG), random forest (RF) (Breiman, 2001), and XGBoost (XGB) (Chen and
Guestrin, 2016). Better generative models yield higher weighted AUC ROC MLE results.

• Reality means the indistinguishability of real and synthetic data (Dat, 2023). The same
3 ML models as utility are used for this binary classification task. AUC ROC is reported,
with a lower score (above 0.5) means a higher difficulty to differentiate real from synthetic,
hence better utility.

• Fidelity shows the cosmetic discrepancy between the real and synthetic data in marginal
distribution (MD, i.e., feature-wise) and correlation (CR, i.e., pair-wise) (Dat, 2023; Zhang
et al., 2024). Higher similarity between real and synthetic data means better data fidelity.

• Privacy is crucial when the synthetic data is used for privacy-preserving data sharing.
We use the distance to the closest record (DCR) (Zhao et al., 2021) to evaluate the privacy.
The DCR from synthetic data and from hold-out real (test) data to the real training data
are compared. Privacy is preserved if the latter DCRs are no smaller than the former,
tested by Mann-Whitney U Test (Mann and Whitney, 1947). Privacy is at risk when
p-values are smaller than 0.05.

• Efficiency is demonstrated by model sizes and computation time. Under comparable
performance, smaller models and faster computation are preferred.

5.2. Comparison to Baselines

Utility: MLE. Table 2 summarizes the MLE performances of different generators. TAE-
GAN demonstrates a better overall performance than all baseline models, and wins over
GAN baselines by a significant margin. In particular, TAEGAN outperforms the best-
performing baseline’s relative error compared to real by a factor of 27%. Comparing the
performances on different downstream models, TAEGAN shows a clearer advantage on more
complex ones (RF, XGB) than simpler ones (LG). This also implies the effect of a masked
auto-encoder and the interaction loss in capturing complex data correlations.



 

Table 2: MLE performance summary. The first row is the overall average s core. “RE” stands 
for the average relative error with the score produced by real data. The next 3 rows are the 
average scores on different downstream m odels. The best scores are in bold and underlined, 
and the second-best scores are in bold.

real ARF CTAB+ CTGAN TDDPM GReaT TabSyn TVAE TAEGAN

All (↑) 0.930 0.907 0.750 0.895 0.850 0.868 0.913 0.890 0.917
RE (↓) - 2.632% 19.217% 3.873% 8.604% 6.897% 1.951% 4.511% 1.422%
LG (↑) 0.928 0.909 0.749 0.896 0.880 0.870 0.915 0.882 0.914
RF (↑) 0.930 0.903 0.755 0.892 0.866 0.866 0.912 0.892 0.918
XGB (↑) 0.932 0.908 0.745 0.896 0.803 0.869 0.912 0.895 0.919

Table 3: RSD performance summary. The first row is the average score of all experiments,
and the other rows are the averages using different models. The best scores are in bold and
underlined, and the second best scores are in bold.

ARF CTAB+ CTGAN TDDPM GReaT TabSyn TVAE TAEGAN

All (↓) 0.771 0.834 0.902 0.818 0.768 0.723 0.878 0.666
LG (↓) 0.610 0.711 0.829 0.745 0.696 0.636 0.724 0.588
RF (↓) 0.843 0.890 0.936 0.850 0.804 0.743 0.948 0.676
XGB (↓) 0.860 0.900 0.941 0.857 0.803 0.789 0.963 0.732

Reality: RSD. Table 3 summarizes the RSD performances of different generators. TAE-
GAN demonstrates a clear advantage over all baseline models. GANs outperforming diffu-
sion models and auto-regressive models on RSD is unsurprising due to the inherent presence
of a discriminator, which is essentially an RSD task using a neural network. However, the
fact that baseline GANs cannot outperform certain models in other generation paradigms
shows that prior tabular GAN models have left significant room for further optimization.

Fidelity: MD and CR. Table 4 shows the average MD and DC scores. Some baseline
models outperform TAEGAN, likely due to the logarithmic frequency during training in
TAEGAN, which can slightly distort the distribution. All GAN frameworks experimented
adopt a certain training with logarithmic frequency, and TAEGAN is clearly the best GAN
model, demonstrating the effectiveness of the information loss construction.

Privacy: DCR. Table 5 shows the number of datasets where DCRs suggest a risk of
privacy leakage. TAEGAN do not pose outstanding privacy risks.

Efficiency: Computation Time. Table 6 shows the average training and generation
time over all 8 datasets of different models. The state-of-the-art diffusion and auto-regressive
models generally take much longer to train and generate, while GANs are much more effi-
cient. The non-neural network model is fast to train but very slow to generate. The results
verify the efficiency of GANs.

Efficiency: Model Size. When it comes to model sizes, the better-performing diffusion
models and auto-regressive models typically involve a transformer, with 20M or 80M of pa-
rameters usually. In comparison, TAEGAN involves only networks of simple MLP structure
and the total model size including the discriminator is less than 0.5M. This also showcases
the outstanding efficiency of TAEGAN.

The detailed experimental results of all metrics can be found in Appendix D.1.



 

Table 4: Average MD and DC scores over all 8 datasets. The best scores are in bold and 
underline, and the second best scores are in bold. The best score among GANs (∗) are shown 
with superscript ∗.

ARF CTAB+∗ CTGAN∗ TDDPM GReaT TabSyn TVAE TAEGAN∗

MD (↑) 0.925 0.898 0.852 0.751 0.881 0.931 0.860 0.906∗

CR (↑) 0.904 0.825 0.857 0.783 0.867 0.919 0.839 0.892∗

Table 5: Number of datasets (among 8 in total) where the synthetic data has a risk of
privacy leakage.

ARF CTAB+ CTGAN TDDPM GReaT TabSyn TVAE TAEGAN

0 0 0 1 3 0 1 0

5.3. Loss Dynamics

Fig. 7 shows the trend of losses on two datasets. The reconstruction loss hits a plateau
during warmup and continues to decrease when the main training stage starts, validating
the usefulness of GAN framework besides a standalone auto-encoder. The difference of
discriminator output on real and synthetic data is generally stable, verifying the stability of
TAEGAN training.

5.4. Ablation Study
Table 7: Ablation study results.

MLE Fidelity
LG RF XGB All MD CR

TAEGAN 0.867 0.861 0.866 0.865 0.952 0.933

w/o warmup 0.861 0.848 0.857 0.855 0.954 0.928
w/o log. freq. 0.868 0.859 0.859 0.862 0.957 0.938
λ1 = λ2 = 1 0.859 0.858 0.852 0.857 0.953 0.933
w/o discrete noise 0.864 0.859 0.864 0.862 0.952 0.929
w/o info. loss 0.867 0.861 0.861 0.863 0.952 0.933

In our ablation study, we assess
the impact of key design choices
in TAEGAN by systematically re-
moving components. We highlight
the result of the following 5 set-
tings: i) Warmup training is elim-
inated (w/o warmup) by reallocating warmup epochs to main training; ii) Data sampling
during training is adjusted to uniform sampling (w/o log. freq.) rather than logarithmic
frequency-based sampling; iii) Mask ratio is fixed at equal values (λ1 = λ2 = 1); iv); Noise
representation is altered by converting discrete noise to continuous values (w/o discrete
noise); v) Information loss is removed (w/o info. loss). Ablation experiments are carried
out on 3 datasets: adult, credit, and diabetes. TAEGAN with full setting performs the
best on MLE, validating the effectiveness of all design components. The effect of warmup
(vs. w/o warmup) and adjusted weights by mask ratio (vs. λ1 = λ2 = 1) are particu-
larly obvious. Fidelity scores are better without logarithmically transformed sampling (w/o
log. freq.), which is consistent with our supposition in Section 5.2 on the reason for the
suboptimal performance of TAEGAN in fidelity.

6. Conclusion

In this paper, we introduce TAEGAN, a novel GAN framework for tabular data generation
that uses a masked auto-encoder as the generator. We also propose a logarithmic frequency-
based sampling method to address data imbalance and skewness, along with an improved
loss function for better distribution and correlation in TAEGAN. When compared to exist-



Table 6: Average training and generation times (in seconds) across all 8 datasets. Generation
means generating the same amount of data as the training set.

ARF CTAB+ CTGAN TDDPM GReaT TabSyn TVAE TAEGAN

Training 51.933 187.517 178.590 67.330 2660.705 1023.474 226.858 254.823
Generation 10.147 0.302 0.208 15.776 47.157 0.952 0.270 0.798
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Figure 7: Dynamic of losses on credit and diabetes. “Reconstruction Loss” is in log10
scale for visibility. “Discriminator Difference” means yr − yf . The black vertical line is the
divider between the warmup and main training stages.

ing baseline GANs and other tabular generative models across 8 datasets, synthetic data
generated by TAEGAN achieves the highest utility in downstream tasks, closely resembles
real data, while still effectively preserving privacy.
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