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Abstract

Since the regularization of data privacy (e.g.,
GDPR), the effectiveness of data sharing has de-
creased. A promising technique to circumvent this
problem is tabular data synthesis (i.e., the gen-
eration of fake tabular data that statistically re-
sembles the original data). However, the state-of-
the-art tabular data synthesis model, CTAB-GAN,
fails at robustly imitating global data dependencies
and underperforms when column orders get per-
muted. CTAB-GAN internally uses Convolutional
Neural Networks (CNN) which limits the model’s
performance due to a strictly non-global data per-
spective during iterative training phases. To ad-
dress this limitation, this paper proposes FCT-GAN!
which leverages the Fourier Neural Operator to
learn global dependencies in the frequency domain.
Specifically, it enhances CTAB-GAN by replacing
the CNN of the discriminator with a four-layered
two-dimensional Fourier Neural Operator. As a
consequence of FCT-GAN’s global nature and cross-
column relation robustness, it outperforms CTAB-
GAN and additionally offers the column permuta-
tion invariant property. The evaluation of FCT-GAN
on five datasets shows that the generated data, re-
markably resembles the real data and reveals an in-
crease in accuracy, by up to 19% for five machine
learning algorithms independent of data column or-
der, compared to CTAB-GAN.

Keywords GAN; Data synthesis; Tabular data;
Fourier space; Global dependencies

1 Introduction

Data-driven organizations nowadays acquire valuable busi-
ness insights through data sharing. However, data privacy
constraints and regulations such as the European GDPR of-
ten lead to hindrance and limit the development of knowl-
edge. Zhao et al. (2021) explains how “the big knowledge
behind big data often impedes personal privacy and leads to
unjustified analysis” (p. 1). Hence, these limitations oblige
data-driven organizations to explore new data handling strate-
gies. Nevertheless, while respecting the privacy regulations,
these approaches should additionally preserve the potential of
big discovery.

An arising approach is to leverage synthetic data [17]. This
strategy entails generating data that statistically resembles
real data. Operating on the synthetic data naturally complies
with the data privacy regulations, and thus allows data shar-
ing.

The Generative Adversarial Network (GAN) [8] is a lead-
ing deep learning model for data synthesizing. It is trained
on real datasets to subsequently generate synthetic data. The
GAN has successfully been applied to many tasks including
image synthesis [11], image super-resolution [14] and music
synthesis [6]. Recently, the GAN has also found its purpose
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in tabular data generation [19]. This is of great essence since
big industrial datasets are formatted in tabular fashion.

FCT-GAN integrates the Fourier Neural Operator [15]
(FNO), which is introduced in subsection 1.2, into its GAN
architecture to address the limitations of state-of-the-art tab-
ular data synthesizers listed in subsection 1.1.

1.1 State-of-the-art

Currently, the state-of-the-art GAN tabular data synthesiz-
ers include CTGAN [26], TableGAN [20], CWGAN [30],
MedGAN [2], and CTAB-GAN [33]. These models have
all shown to be effective in tabular data synthesis. However,
while other models don’t, CTAB-GAN specifically takes data
with large tail distributions, multi-modal distributions, and
mixed variables (i.e., simultaneously categorical and continu-
ous variables) into consideration. As a consequence, CTAB-
GAN outperforms the other models as concluded in Zhao et
al. (2021). The newly proposed model: FCT-GAN, will thus
be evaluated against the CTAB-GAN baseline. By transitiv-
ity, outperforming CTAB-GAN implies a new state-of-the-art
model.

Limitations

While CTAB-GAN shows promising results, it still faces
some obstacles. The CTAB-GAN architecture is based on
the Convolutional Neural Network (CNN) model. It operates
by spatially shifting a specialized kernel over the whole fea-
ture space. Because of this local kernel, the CNN only cap-
tures local, regional dependencies. This is problematic since
global dependency information could contribute to increased
data synthesis effectiveness. Section 3 details and visualizes
the underlying problem of CTAB-GAN’s missing global re-
lations.

Aside from this first limitation, another one is identified
when permuting columns. When the columns of a dataset get
reordered, the results of a tabular data synthesizer should not
differ since the semantics of the data do not change. This
transformation invariant is called the column permutation in-
variant and is described and clarified in section 3. How-
ever, CTAB-GAN does not seem to have the column permu-
tation invariant property. As seen in Table 3, CTAB-GAN
shows some instability when columns get permuted, with up
to a 2.351% difference between accuracy on distinct permu-
tations.

The limitations of CTAB-GAN can be summarized as: (1)
ineffectively capturing global cross-column relations, and (2)
missing robustness against column permutations. FCT-GAN
addresses these limitations through the use of global fre-
quency information explained in subsection 1.2.

1.2 Global Frequency Leverage

To address the limitations mentioned in subsection 1.1,
FCT-GAN applies the concept of a Fourier Neural Operator
(FNO) [15]. The FNO is a neural operator [13] that projects
the whole feature space in the frequency domain (i.e., Fourier
space), multiplies the frequencies with global weights, and
then projects the frequencies back to the spatial domain (fur-
ther explained in section subsection 4.1). This sequence of



operations allows the FNO to learn global weights in the fre-
quency domain rather than local weights in the spatial do-
main. However, the FNO comes with its own challenges such
as finding the optimal data dimensionalities for the Fourier
projection, or ensuring that the frequency-treated data is us-
able in other components of a model. The FNO has been ap-
plied to a few fields including partial differential equations
[15] and image classification [21], showing impressive re-
sults.

FCT-GAN integrates an FNO into its architecture to address
CTAB-GAN’s limitations. Firstly, since the FNO operates
on the whole feature space at once, it naturally profits from
global information which can be used to model global col-
umn dependencies. Hereby, in the context of tabular data
synthesis, the FNO solution addresses CTAB-GAN’s limita-
tion of ineffectively capturing global cross-column relations.
Secondly, the FNO learns its global weights in Fourier space.
Since column permutations do not semantically affect the tab-
ular data, they do not alter frequency signals in the data. This
implies, by transitivity, that the column permutation trans-
formation does not affect the Fourier projection. Hereby, in
the context of tabular data synthesis, the FNO solution also
addresses CTAB-GAN’s missing robustness against column
permutations. Since the FNO addresses all the mentioned
limitations about CTAB-GAN, FCT-GAN adopts an enforced
version of the FNO in its architecture.

2 Related Studies

Since this paper combines the tabular data synthesis domain
with the Fourier computation domain, the fields are first ex-
amined individually. The related studies are thus divided into
two parts: (1) tabular data synthesizing studies, and (2) global
frequency deep learning studies.

2.1 Tabular Data Synthesis

Many studies make use of the Generative Adversarial Net-
work (GAN) framework for tabular data synthesis. MedGAN
[2] integrates a GAN and an auto-encoder to generate con-
tinuous or discrete variables for synthetic electronic health
records (EHR). CrGAN-Cnet [17] combines the Cramer Dis-
tance [3] with the Cross-Net [24] network to generate airline
passenger name records. CrGAN-Cnet is additionally capa-
ble of handling missing data by filling data gaps with new
variables. TableGAN [20] adopts an auxiliary classifier. It
uses the Convolutional Neural Network (CNN) model for its
generator, discriminator and classifier and introduces infor-
mation loss for semantics preservation. Aside from the actual
data synthesis, privacy is of great importance too. It is the un-
derlying reason for tabular data synthesis. PATE-GAN [28] is
not particularly built for tabular data generation, but it offers
differential privacy guarantees.

Although these models can synthesize tabular data (except
PATE-GAN), they cannot selectively generate tabular data.
Le., they cannot generate data samples from a predetermined
class. E.g., it is not possible to generate an airline passenger
record for male passengers.

Some studies extend the GAN framework to a condi-
tional GAN framework which allows selective data gener-
ation. This is extremely useful when the data is skewed

or limited. Selectively generated data can then be used to
re-balance the data distribution. For example when prepar-
ing starting datasets of online learning scenarios [31; 32;
29]. CW-GAN [30] introduces the Wasserstein Distance [1]
and uses a conditional vector to re-balance data distributions
by oversampling minority classes. CTGAN [26] integrates a
training strategy called training-by-sampling which leverages
a conditional vector to overcome the imbalanced categorical
variable problem. It structures its discriminator as described
in PacGAN [16], and uses a generator loss, WGAN [1] loss,
and gradient penalty [10] for GAN training. Finally, CTAB-
GAN [33] not only focuses on modelling continuous and cat-
egorical variables, but also mixed data types (i.e., variables
that contain both categorical and continuous values, or even
missing values). This is done through a combination of the
aforementioned models’ strengths such as an auxiliary classi-
fier, information loss, generation loss, conditional vectors and
effective encoding. Furthermore, CTAB-GAN also addresses
the challenge of long tail variable distributions and proposes
a new conditional vector structure to better deal with imbal-
anced datasets. However, since CTAB-GAN is CNN-based,
it falls short in capturing long-range column dependencies.
FCT-GAN improves CTAB-GAN’s performance by replacing
the CNN discriminator with an adapted Fourier Neural Oper-
ator framework.

2.2 Global Frequency Deep Learning

Until recently, Fourier transformations were often used for
the acceleration of Deep Learning model training [4; 7]. The
gain in efficiency is a direct consequence of the Convolutional
Theorem which states that the Fourier transform of a convo-
lution of signals in the temporal domain equals a point-wise
multiplication in the frequency domain (further explained in
subsection 4.1).

There are not many studies that leverage the Fourier Neural
Operator (FNO) [15]. The FNO is a relatively new concept
which combines the global expressiveness of Fourier manip-
ulations with the performance and flexibility of the neural op-
erator framework [13]. It has mostly been used in analytical
mathematics and physics related fields.

Originally, the FNO was introduced for quantitative
physics [15; 25; 22; 12; 9] where models try to solve partial
differential equations that mimic physical processes. These
models learn weights in Fourier space and offer superior ac-
curacy to models without an FNO enhancement. Nonethe-
less, the FNO has recently made its first mark in image clas-
sification. The Global Filter Network (GFNet) [21] substi-
tutes the self-attention layer in the Vision Transformer (ViT)
[5] for an Fourier layer. The Fourier layer consists of a
two-dimensional Fast Fourier Transform (FFT), a global fil-
ter which learns complex weights, and an Inverse Fourier
Transform (IFFT). This allows the model to perceive global
features and learn long-term spatial dependencies in the fre-
quency domain with log-linear complexity. It concatenates a
Multilayer Perceptron (MLP) to the Fourier layer to classify
images based on the FNO’s output. GFNet attains impressive
results compared to mainstream CNN image classification,
and demonstrates increased efficiency.

It was previously unclear whether the FNO framework was



applicable to tabular GANs. FCT-GAN is thus the first FNO-
enhanced GAN-based tabular data synthesizer. It integrates
GFNet’s idea of concatenating an MLP to the Fourier Layer,
but adds regularization procedures and a binary classification
adaptation (further explained in subsection 4.3).

3 Global Dependencies Problem

Tabular data synthesizers must output data that statistically
resembles the original data. This implies that relations among
columns should be preserved. This section dives deeper into
the global dependencies problem underlying CTAB-GAN'’s
limitations listed in subsection 1.1. Firstly, it separately de-
scribes (1) the CNN’s regional nature, and (2) the column
permutation invariant. Then, the research question and sub-
questions supporting this paper are derived from the global
dependencies problem.

3.1 CNN local relations

The Convolutional Neural Network (CNN) framework works
by sliding windows, called kernels, over the feature space in
a step-wise manner (as demonstrated in Figure 1). These ker-
nels learn localized dependencies and aggregate them to form
knowledge about the dataset. However, these kernels only
repeatedly see regional parts of the feature space (i.e., they
never have a global perception of the feature space). Conse-
quently, a CNN is limited to aggregated local/regional infor-
mation. For tasks such as image classification, CNN models
perform well [23] since recognizing localized objects, ani-
mals, humans, etc. in images go well with the regional nature
of the CNN.

Unfortunately, for tabular data synthesis, being unable to
capture global dependencies can damage synthesis perfor-
mance. An effective tabular data synthesizer should mimic all
relations in the original data, including global relations. Since
the CNN framework only captures local information, it only
learns relations between proximal columns. Kernels cannot
leverage cross-column information if the related columns are
too far apart. In that case, the CNN kernel is physically in-
capable of spatially capturing the relational information. A
visual example of this problem instance is depicted in the top
portion of Figure 1 where two related columns C'1 and C6
cannot be observed by the same CNN kernel. This leads to
weak global column correlations and thus suboptimal synthe-
sis performance. In practice, the CNN might end up capturing
the distant column relation if the aggregated and non-linearly
activated data ends up in the same kernel after a few itera-
tions. However, this is not guaranteed since the dependency
information can get obfuscated by aggregations, activation
functions, and pooling layers.

3.2 Column Permutation Invariant

Column permutation is a tabular data transformation that does
not change the data semantically. This can be better under-
stood with the analogous example of a two-dimensional pic-
ture. Rotating or mirroring the image does not change the
semantics of the picture. This is an example of a semantics-
preserving data transformation. In the context of tabular data,
a column permutation is a semantics-preserving transforma-
tion, which should not alter synthesis results. As seen in the
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Figure 1: Top: The sliding CNN kernel cannot capture information
from two related columns C'1 and C'6 simultaneously. Bottom: Af-
ter a permutation, the sliding CNN kernel can capture information
from two related columns C'1 and C'6 simultaneously.

bottom portion of Figure 1, a column permutation led two re-
lated columns C'1 and C6 to be considered at the same time
by the CNN kernel. In the top portion of Figure 1, the kernel
was unable to do that since C'1 and C'6 were too far apart.
This shows that the CNN captures a column relation on one
permutation of the dataset, but not on another. Thus, using
the CNN framework will block the tabular data synthesizer
from having the column permutation invariant property.

Table 3 shows CTAB-GAN’s results on the evaluation met-
rics defined in subsection 5.2. CTAB-GAN shows instabil-
ity facing permutation transformations. This missing column
permutation robustness is likely due to the CNN nature of
CTAB-GAN.

3.3 Research Questions

The proposed model FCT-GAN has the ability to tackle the
global relation problem since it substitutes the CNN frame-
work for a Fourier Neural Operator. Thus, it does not suf-
fer from the CNN kernel’s limited reach. On the contrary,
FCT-GAN’s reach is maximal since it observes the data glob-
ally in the frequency domain. This leads to the following re-
search question and sub-questions:

”How can the Fourier Neural Operator improve global
relation resemblance in tabular data synthesis using Gen-
erative Adversarial Networks?”

Sub-questions:

1. Which FNO dimensionality is optimal for tabular data
synthesis?



2. In which component of a tabular GAN does the FNO
offer the most performance gain?

3. Does an FNO-enhanced synthesizer offer the column
permutation invariant property?

4 FCT-GAN

FCT-GAN is an FNO-enhanced tabular data generator which
overcomes the limitations of the state-of-the-art tabular
data synthesizer: CTAB-GAN, described in subsection 1.1.
FCT-GAN extends CTAB-GAN by introducing the Fourier
Neural Operator (FNO) into its architecture. The FNO allows
FCT-GAN to capture global data dependencies which CTAB-
GAN cannot do. As a consequence, FCT-GAN exhibits the
column permutation invariant property, and outperforms all
the state-of-the-art tabular data synthesizers.
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Figure 2: Synthetic tabular data generation with FCT-GAN.

4.1 Technical Background

To better understand FCT-GAN’s architecture and design mo-
tivation, this subsection deepens into the technical aspects of
its two main building blocks. Specifically, the (1) Generative
Adversarial Network (GAN) used in CTAB-GAN, and the (2)
Fourier Neural Operator (FNO).

Generative Adversarial Networks for Tabular Data

The Generative Adversarial Network [8] is a generative deep
learning framework wherein two adversarial neural networks
called the generator and the discriminator compete in a zero-
sum game (i.e., one adversary’s gain is the other’s equal loss).
The generator tries to synthesize realistic samples while the
discriminator tries to distinguish real samples from the syn-
thetic ones. The better the discriminator understands relations
within the data (i.e., what makes data realistic), the more re-
alistic the synthesized samples will be.
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Equation 1 & 2: The discrete Fourier transform.
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Equation 3: The inverse discrete Fourier transform.

CTAB-GAN’s architecture is based on a conditional GAN
framework. It uses a conditional vector v which encodes the
classes of the categorical variables. Subsequently, v gets fed
to the generator and is used to sample subsets from the train-
ing data that satisfy the condition encoded in v. Leveraging
v thus allows CTAB-GAN to re-sample minority classes, if
necessary, which eliminates data imbalances. Additionally,
CTAB-GAN attaches an auxiliary classifier in parallel to the
discriminator. The concept of auxiliary classifier GANs has
been used in image synthesis [18] and recently tabular data
generation [20]. Every time the generator outputs a syn-
thetic sample, the classifier predicts a label. CTAB-GAN
then uses the mismatch between synthesized classes and pre-
dictions to increase semantic integrity of the synthetic data.
E.g., a synthetic record containing entries sex = male and
pregnant = true is semantically incorrect since a male can-
not be pregnant. Thus such a record should not be found in
the training data and is not learned by CTAB-GAN’s clas-
sifier. FCT-GAN follows CTAB-GAN’s state-of-the-art frame-
work with adaptations for the discriminator to address CTAB-
GAN’s limitations laid out in subsection 1.1.

Fourier Neural Operator

The Fourier Neural Operator (FNO) [15] is a neural operator
[13] that learns global weights directly in Fourier space. The
FNO consists of three main operations. (1) Fristly, data gets
mapped to the frequency domain (i.e., Fourier space). This
can be done with the Fast Fourier Transform (FFT) algorithm
which efficiently computes the Discrete Fourier Transform
(DFT) defined in Equation 2.

Where x denotes the temporal input data, F' the DFT, and
¢?7/N the primitive N-th root of unity. For the Fourier
mapping, this results in an asymptotic time complexity of
O(N - logN) (log-linear) where N is the size of the data.
This is more efficient than the plain DFT algorithm which
has an asymptotic time complexity of O(N?). On top of the
efficiency benefit, the FFT algorithm internally discretizes the
feature space (see Equation 1) which regularizes the FNO to
avoid over-fitting. After the Fourier mapping, (2) a weighted
multiplication takes place between a set of global complex
weights and the frequency signals. Finally, (3) the Inverse



Fast Fourier Transform (IFFT) is applied to the weight-
treated frequency signals to map them back to the temporal
feature space. Analogously to the FFT, the IFFT algorithm
efficiently computes the Inverse Discrete Fourier Transform
(IDFT) as defined in Equation 3. Where X denotes the spec-
tral input data, and F'~! the IDFT. The FNO can be applied to
any data dimensionality. E.g., a three dimensional data sam-
ple can be mapped to Fourier space by applying Equation 2
to the x, y, and z dimension sequentially. The FNO’s three
operations happen in a global manner, compared to the lim-
ited regional nature of the CNN framework. This gives the
FNO the upper hand on tackling the global relation problem
described in section 3.

F(f*g)=F(f)F(g) “)
f+xg=F ' (F(f)F(9))

Equation 4: The convolution theorem.

To effectively replace a CNN model, the FNO must be ca-
pable of performing the same actions as the CNN (i.e., con-
volutions). The Convolution Theorem (see Equation 4) states
that the Fourier Transform of a temporal signal convolution
(i.e., F'(f = g)) equals a point-wise multiplication in the fre-
quency domain (i.e., F/(f)F(g)). Since the FNO performs
a point-wise multiplication in the frequency domain, by the
Convolution Theorem, its actions are equivalent to convolu-
tions in the temporal domain. The FNO methodology can
thus be seen as a complex global convolution.

FCT-GAN substitutes CTAB-GAN’s CNN discriminator for
a layered FNO. This allows the discriminator to learn from
global information in the data. Additionally, it feeds the FNO
output to a Multilayer Perceptron (MLP) to enable binary dis-
crimination which is the discriminator’s fundamental task.

4.2 Design

FCT-GAN’s architecture (see Figure 2) can be subdivided in
three main components: Generator G, Discriminator D, and
Classifier C. FCT-GAN only integrates the FNO framework
into D, and leaves GG and C' identical to their CTAB-GAN
equivalents. The reason behind this choice is clarified in sub-
section 4.3.

4.3 Discriminator FNO

As explained in subsection 4.1, a GAN is trained via a zero-
sum game where two adversarial networks (i.e., G and D)
compete against each other. One tries to maximize an objec-
tive while the other tries to minimize it. Zhao et al. (2021)
explains how “the game can be seen as a mentor D giving
feedback to a student G on the quality of his work” (p. 6).
This feedback is quantified through loss functions to allow
the GAN to learn.

Losses

On top of the original generator feedback [8], G is regulated
by three additional loss functions: (1) information loss, (2)
classification loss, and (3) generator loss. Firstly, the infor-
mation loss combines the mean and standard deviation (i.e.,
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Figure 3: FCT-GAN’s discriminator architecture as four concatenated
FNO blocks closed by a Sigmoid activation.

first- and second-order statistics) to form feedback about sta-
tistical similarity between synthetic and original data. As a
consequence, the synthesized samples statistically resemble
the original training data. This loss is formally defined in
Equation 5 where E indicates mean, SD denotes standard de-
viation, and pgqtq(2) & p(z) indicate prior distributions for
respectively original data, and latent variables. The classifi-
cation loss compares class correlations with the other vari-
able values. This helps to ensure semantic integrity in syn-
thetic records and penalizes G if synthesized records are se-
mantically incorrect (see example in subsection 4.1). This
loss is written out in Equation 6 where, for a given row z,
1(.) returns the target label and r(.) returns the input features.
Lastly, the generator loss computes the cross-entropy be-
tween the conditional vector and synthesized output classes.
It enforces that G generates samples that respect the condi-
tion set in the conditional vector. Equation 7 formalizes this
loss, where m; and 1; denote the original and synthetic con-
ditional vector bits that correspond to column ¢. The cross-
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Equation 5, 6, 7, 8 & 9: FCT-GAN loss functions: information loss,
classification loss, generator loss, total G loss, and classifier loss.

entropy loss is computed by H(.). The three aforementioned
losses are added to the original generator loss (i.e., LS, g) to
form the complete training objective for G' (Equation 8). The
training objective for D remains the same as in the original
GAN framework [8]. Lastly, the classifier loss for the training
of the auxiliary classifier component is denoted in Equation 9,
and strongly resembles the classification loss for the genera-

tor (i.e., LG ).

class

As depicted in the discriminator’s architecture in Figure 3,
the discriminator’s input data must go through three main
sub-components: (1) a Fourier layer, (2) an MLP layer, and
(3) an activation layer. The Fourier layer is the FNO in-
spired, but slightly adapted sub-component. Firstly, it per-
forms a global two-dimensional Fast Fourier Transform (ex-
plained in subsection 4.1). Secondly, it computes a point-wise
multiplication between all the frequency signals and a set of
complex global weights. The original FNO [15] cuts out part
of the signals for regularization purposes while FCT-GAN uses
all frequency information to effectively learn global relations.
To compensate for this loss in regularization, FCT-GAN adds
dropouts in the attached MLP layer. Lastly, it projects the
signals back to feature space by performing an Inverse Fast
Fourier Transform. The MLP layer consists of two fully
connected linear layers separated by the Rectified Linear Unit
(ReLU) activation function, and is closed by a dropout regu-
larization. The second fully connected layer reduces the size
of the of the latent space by 80% to |0.8 - n;,|, where n;,
denotes the size of the input space. One concatenation of a
Fourier layer and an MLP layer is called an FNO block and is
intercalated by a batch normalization which is omitted from
Figure 3 for visibility purposes. FCT-GAN chains four FNO
blocks together. Since each Fourier block reduces the size
of the latent space by 80%, the last Fourier block outputs la-
tent data of size [0.8% - n] ~ [0.41 - n|. This size reduction
mimics the size reduction in CNNs where kernels aggregate
regional parts of the data to form smaller latent spaces. Fi-
nally, the activation layer consisting of a Sigmoid activation
maps the FNO block output to a continuous value between
0 and 1, quantifying the binary discrimination. Values close
to 0 mean that the discriminator believes the sample is fake,
while values closer to 1 mean the discriminator supposes the
sample is real.

FCT-GAN maintains CTAB-GAN’s generator and classifier

structure. The reason for only implementing the FNO frame-
work in the discriminator is relatively intuitive, and can be
understood via a process of elimination. CTAB-GAN’s ar-
chitecture contains three main components that could be sub-
stituted for FNOs: Generator, Discriminator, and Classifier.
The classifier does not make use of a CNN structure, but
rather an MLP. It is made up of four hidden fully connected
256-neuron layers. Since the classifier does not suffer from
the CNN kernel’s limited reach (see Figure 1), it does not
need an FNO to address this limitation. However, the genera-
tor and discriminator do use a CNN. As explained in subsec-
tion 4.1, the generator should generate data as realistically as
possible. The discriminator helps the generator understand
if the synthesized samples are realistic or not. Thus, dur-
ing training, the discriminator is the component that should
understand all data relations in order to effectively discrimi-
nate and consequently give better feedback to the generator.
Therefore, FCT-GAN integrates the FNO framework into the
discriminator, and neither of the remaining components (i.e.,
the generator and classifier). However, since this reasoning
is informal, it must be empirically verified. Subsection 5.5
shows the decrease in synthesis performance when the gen-
erator is FNO-enhanced, and when both the generator and
discriminator are FNO-enhanced.

4.4 FNO Dimensionality

FCT-GAN follows a two-dimensional FNO framework as seen
in Figure 3. The FNO uses a Fourier transform to map
data to the frequency domain (see subsection 4.1). However,
the Fourier transform can be applied to any data dimension-
ality (e.g., one-dimensional vectors, two-dimensional pic-
tures, three-dimensional volumes, etc.). Since CTAB-GAN
makes use of one-dimensional conditional vectors, a one-
dimensional FNO discriminator could also be integrated.
However, CTAB-GAN internally embeds the tabular data in a
two-dimensional fashion. Therefore, FCT-GAN’s discrimina-
tor is implemented as a two-dimensional discriminator. This
goes paired with CTAB-GAN’s CNN implementation where
convolutions are performed in two-dimensional space. Since
this thought process is informal, it is empirically validated in
subsection 5.4.

5 Experimental Analysis

FCT-GAN is evaluated on five commonly used machine learn-
ing (ML) datasets, and compared against the state-of-the-art
tabular data synthesizer CTAB-GAN. The synthesis effective-
ness is evaluated in terms of ML utility, statistical similarity
to the original data, and distance-based privacy. Additionally,
the column permutation invariant property and FNO dimen-
sionality effect are analyzed using the aforementioned met-
rics.

5.1 Experimental Setup

This subsection elaborates on the setup of the experiments.
Specifically it elucidates the five datasets that were used, the
baselines for comparison, and the specs of the computational
environment.



Datasets

FCT-GAN is evaluated on five commonly used ML datasets:
Adult, Covertype, Intrusion, Credit, and Loan. The first
three datasets are from the UCI ML repository> while the last
two originate from Kaggle?. Table 1 shows information about
the data types in each of the datasets. It also indicates the tar-
get variable for each dataset against which the rest of the vari-
ables are used to perform classification. Due to limitations
in computational resources, 50K rows are randomly sampled
from the three biggest datasets: Covertype, Credit, and Intru-
sion, in a stratified manner with respect to their target vari-
ables. As seen in Table 1, the Loan dataset is significantly
smaller than the others. Therefore it is trained for 300 epochs
since it needs more time to converge. All other datasets are
trained for 150 epochs.

Baseline

FCT-GAN is mainly compared to CTAB-GAN, the current
state-of-the-art GAN-based tabular data synthesizer. How-
ever, FCT-GAN is also compared to three modifications of its
own model: (1) FCT-GAN-gd where both the generator and
discriminator are implemented as two-dimensional FNOs, (2)
FCT-GAN-g where only the generator is implemented as a
two-dimensional FNO, and (3) FCT-GAN-1D where the dis-
criminator is a one-dimensional FNO. To allow fair compar-
ison, all models are fully implemented in PyTorch. Addi-
tionally, for each model, the experiments are performed three
times.

Computational Environment

The experiments are performed on a machine with Ubuntu
20.04.1, 32GB of memory, an Intel(R) Core(TM) 19 CPU
with 10 cores, and a GeForce RTX 2080 Ti GPU.

5.2 Evaluation Metrics

The evaluation metrics are identical to the ones used by Zhao
et al. (2021) to evaluate CTAB-GAN [33]. This allows for
a fair comparative evaluation between FCT-GAN and CTAB-
GAN. The evaluation metrics follow three aspects: (1) Ma-
chine Learning utility, (2) Statistical Similarity, and (3) Pri-
vacy Preservation. The first two metrics evaluate how well the
synthetic data represents the real data, while the third metric
quantifies the possibility of a privacy breach.

Machine Learning Utility

With ML utility, the goal is to compare the performance of an
ML model on the real data versus the synthetic data. To do
this, five commonly used ML algorithms: decision tree clas-
sifier, linear support-vector-machine, random forest classi-
fier, multinomial logistic regression, and MLP, are trained on
real and synthetic data. Accuracy, area under curve (AUC),
and F1-score represent the ML results. If the synthetic data
closely resembles the original data, the difference between
their ML results should be small.

2http://archive.ics.uci.edu/ml/datasets

3https://www.kaggle.com/mlg-ulb/creditcardfraud;itsmesunil/bank-

loan-modelling

Statistical Similarity

Three metrics are used to quantify statistical similarity.
Firstly, the Jensen-Shannon Divergence (JSD) is used to
quantify the difference between probability mass distribu-
tions of categorical variables in real and synthetic data. Sec-
ondly, the Wasserstein Distance (WD) measures how well
the distributions of continuous/mixed variables in the syn-
thetic data resemble the ones in the real data. Lastly, the Dif-
ference in Pair-Wise Correlation (Diff. Corr.) evaluates
how correlations between features are preserved in the syn-
thetic data. To quantify this difference the following opera-
tions are performed on the real and synthetic data. Firstly, the
Pearson correlation coefficients are computed between con-
tinuous variables. Secondly, the Theil uncertainty coefficient
is computed between categorical variables. Lastly, the differ-
ence between these correlations in the real and synthetic data
is computed. Ideally, these metrics should be as low as pos-
sible to show statistical similarity between real and synthetic
data.

Privacy Preservability

To quantify privacy preservability, two distance-based met-
rics are used to evaluate privacy risk. Firstly, the Distance
to Closest Record (DCR) measures the Euclidean distance
between every synthetic record and its closest corresponding
real record neighbor. The 5" percentile is used to provide a
more robust measure. The higher the DCR, the lesser the risk
of privacy breach. Secondly, the Nearest Neighbor Distance
Ratio (NNDR) measures the ratio between the Euclidean dis-
tance from the closest and second closest real record to all
corresponding synthetic records. The 5" percentile is com-
puted here as well. NNDR is mostly used in Computer Vision
[27] and was introduced by Platzer* to evaluate privacy in
synthetic data. Low NNDR values between real and synthetic
data indicate that the synthetic records could reveal sensitive
information from the real records. DCR and NNDR are both
computed between real and synthetic data, within real data,
and within synthetic data.

5.3 CTAB-GAN comparison

Table 2 shows the results from the experiments performed
on FCT-GAN compared to the state-of-the-art CTAB-GAN
model. In terms of average ML utility, lower values indicate
that the synthetic data is more likely a better representative for
the real data. FCT-GAN outperforms CTAB-GAN in accuracy
difference by significantly reducing it from 10.59% (CTAB-
GAN) to 7.46%. It also reveals better results for the AUC
metric. However, CTAB-GAN seems to have the upper hand
on Fl-score. While accuracy is the most used classification
metric, F1-score and AUC are often used in the case of imbal-
anced datasets. FCT-GAN might thus lose some effectiveness
when run on heavily imbalanced datasets.

As seen in Table 2, FCT-GAN fully outperforms CTAB-
GAN across all statistical similarity metrics. The differ-
ence in pair-wise correlation decreased by 14% compared to
CTAB-GAN. This confirms that the FNO approach indeed
captures cross-column relations in a more effective way than
CTAB-GAN.

*https://github.com/mostly-ai/virtualdatalab



Lastly, for privacy preservation, it is important to first un-
derstand the relativity of this metric. If the distance between
real and synthetic records is too small, there is a risk of pri-
vacy breach. On the other hand, if the distance is too large,
the quality of the synthetic data could be poor. FCT-GAN re-
sults in higher DCR and NNDR then CTAB-GAN while in-
creasing synthetic data quality as shown by the ML utility and
statistical similarity metrics. Therefore, FCT-GAN slightly de-
creased the risk of privacy breach which is an underlying goal
of tabular data synthesis (explained in section 1).

5.4 FNO Dimensionality Analysis

As outlined in subsection 4.4, multiple dimensionalities are
possible for the implementation of the FNO framework in
FCT-GAN. The informal explanation for the two-dimensional
superiority given in subsection 4.4 is confirmed with an em-
pirical analysis. For the sake of this analysis, a new model:
FCT-GAN-1D, is created. FCT-GAN-1D is a modification of
FCT-GAN where the FNO framework is one-dimensional one.
All other aspects such as the amount of Fourier blocks (four)
is unaltered. Table 2 shows that FCT-GAN-1D heavily under-
performs compared to FCT-GAN and CTAB-GAN across all
evaluation metrics. This confirms that the one-dimensional
FNO variant is less effective for tabular data synthesis. The
flattening of the inherently two-dimensional tabular data, re-
sulted in a loss of spatial signal which can consequently not
be captured by the FNO anymore. Hence, resulting in less
effective tabular data synthesis, which answers research sub-
question 1 in subsection 3.3.

5.5 Different FNO Component Analysis

FCT-GAN only integrates the FNO framework into its dis-
criminator. The other components (Generator and Classifier)
are identical to the ones in CTAB-GAN. Subsection 4.3 pro-
vides an informal hypothesis stating that only the discrimina-
tor should have a global understanding of the data. This is
confirmed by an empirical analysis comparing different FNO
configurations against FCT-GAN. Since the Classifier does not
suffer from the CNN kernel’s limited reach (see Figure 1),
it is not considered for the experiment. For the sake of this
analysis, two new models: FCT-GAN-g and FCT-GAN-gd
are created. FCT-GAN-g only integrates the FNO framework
into the generator, while FCT-GAN-gd integrates it into both
the generator and discriminator. Both models identically im-
plement the FNO like FCT-GAN as seen in Figure 3. When
compared to FCT-GAN in Table 2, FCT-GAN-g and FCT-
GAN-gd both thoroughly underperform across all metrics.
This confirms the hypothesis and explanation given in sub-
section 4.3, suggesting to only integrate the FNO framework
into the discriminator. This answers research sub-question 2
in subsection 3.3.

5.6 Column Permutation Invariant Analysis

To evaluate if FCT-GAN possesses the column permutation in-
variant property, the model is tested in a permutation exper-
iment. For this experiment, the Adult and Loan dataset are
used. On one side, these datasets are used because they are
both small, which is appropriate considering the limited com-
putational resources. On the other side, these datasets con-

tain a healthy amount of continuous, categorical variables,
and mixed-type variables (see Table 1) compared to Credit
(30 continuous, 1 categorical) or Intrusion (0 mixed-type).
Firstly, FCT-GAN is run on the original column order. Sec-
ondly, the columns are permuted such that all continuous
variables are moved to the left, followed by the mixed type
columns, and finally the categorical variables. This permu-
tation allows for reproducibility and fair comparison across
datasets. Thirdly, FCT-GAN is run on the permuted dataset.
Lastly, the absolute difference between all evaluation met-
rics is computed (see Table 3). This experiment gets re-
peated three times and is also done for CTAB-GAN. The re-
sults in Table 3 show that FCT-GAN shows significantly lower
metric differences than CTAB-GAN across all metrics ex-
cept Fl-score (CTAB-GAN: 0.040 versus FCT-GAN: 0.041).
Especially accuracy (CTAB-GAN: 2.351% versus FCT-GAN:
0.520%) and WD (CTAB-GAN: 466.093 versus FCT-GAN:
0.031) significantly improve robustness against permutations.
Hence, FCT-GAN is more robust to column permutations than
CTAB-GAN because it captures all the data at once, instead
of partially like CTAB-GAN. This answers research sub-
question 3 in subsection 3.3.

6 Responsible Research

As outlined in section 1, one of the goals of tabular data
synthesis is to enable private data-sharing. Contributing to
this cause helps the data industry at preserving privacy as en-
forced by governmental data regulations such as the European
GDPR. Additionally, to help promote reproducibility of this
study, the full source code of FCT-GAN has been made public
in a GitHub repository?.

7 Conclusion

Motivated by the significance of data sharing and the satis-
faction of governmental regularization, this paper proposes
FCT-GAN, the first conditional Generative Adversarial Net-
work (GAN) that integrates a Fourier Neural Operator (FNO)
to synthesize tabular data. It extends the state-of-the-art
CTAB-GAN synthesizer by upgrading its discriminator com-
ponent to a four-layered FNO model. Additionally, it con-
catenates a Multilayer Perceptron to the Fourier Layer, and
adds regularization procedures and a binary classification
adaptation. FCT-GAN advances beyond the state-of-the-art by
capturing global data correlations in the frequency domain.
Furthermore, FCT-GAN shows a remarkable resemblance be-
tween its results on permuted versions of same datasets. This
indicates the presence of the column permutation invariant
property, which is essential for an effective tabular data gen-
erator. The results show that synthetic data generated by
FCT-GAN achieve higher machine learning utility, higher sta-
tistical similarities to real data, and superior privacy guaran-
tees compared to the state-of-the-art. FCT-GAN offers an im-
provement of up to 19% in accuracy on five commonly used
datasets, compared to CTAB-GAN. These results demon-
strate its potential for a wide range of applications that greatly
benefit from data sharing, such as banking, insurance, and
manufacturing.

Shttps://github.com/ethan-keller/FCT-GAN



A Dataset descriptions

Dataset | Train/Test split | Target variable | Continuous | Binary | Multi-class | Mixed-type
Adult 39k / 9k [Income] 3 2 7 2
Covertype 45k / 5k [Cover_Type] 10 44 1 0
Credit 40k / 10k [Class] 30 1 0 0
Intrusion 45k / 5k [Class] 22 6 14 0
Loan 4k / 1k [PersonalLoan] 5 5 2 1

Table 1: The description of five known ML datasets used for evaluation of FCT-GAN.

B Evaluation results of FCT-GAN, CTAB-GAN and FCT-GAN modifications

Privacy Preservation

Method ML Utility Difference Statistical Similarity DCR NNDR
Accuracy | Fl-score | AUC || Avg JSD | Avg WD | Diff. Corr. || R&S R S R&S R S
FCT-GAN 7.46 % 0.243 0.141 0.031 518 2.06 1.225 | 0.383 | 0.877 | 0.723 | 0.439 | 0.599
CTAB-GAN 10.59% 0.184 0.147 0.074 1344 2.39 1.034 | 0.383 | 0.828 | 0.739 | 0.439 | 0.578
FCT-GAN-gd 13.33% 0.294 0.250 0.129 4586 2.98 1.238 | 0.383 | 0.785 | 0.739 | 0.439 | 0.363
FCT-GAN-g 15.26% 0.302 0.211 0.256 13808 3.60 1.386 | 0.383 | 0.735 | 0.722 | 0.439 | 0.321
FCT-GAN-1D 14.89% 0.252 0.246 0.091 2005 3.01 1.391 | 0.383 | 0.828 | 0.682 | 0.439 | 0.477

Table 2: Evaluation results of FCT-GAN and its modifications against the state-of-the-art CTAB-GAN model on ML utility, statistical similarity,

and privacy.

C Evaluation results of FCT-GAN and CTAB-GAN after a column permutation

Method ML Utility Difference Statistical Similarity D CII’{rlvacy Preservatllt}rl:lDR
Accuracy | Fl-score | AUC || Avg JSD | Avg WD | Diff. Corr. | R&S | R S R&S | R S
FCT-GAN 0.520% 0.041 0.037 0.003 0.031 0.032 0.004 | 0.0 | 0.025 | 0.009 | 0.0 | 0.002
CTAB-GAN 2.351% 0.040 0.125 0.010 466.093 0.111 0.030 | 0.0 | 0.051 | 0.036 | 0.0 | 0.031

Table 3: Evaluation results of FCT-GAN and the state-of-the-art CTAB-GAN model, after a permutation, on ML Utility, Data Similarity, and

Privacy.
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