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Abstract

Data sharing is necessary for AI to be widely used, but shar-
ing sensitive data with others with privacy is risky. To solve
these problems, it is necessary to synthesize realistic tabu-
lar data. In many cases, tabular data contains a mixture of
continuous, mixed, categorical columns. Moreover, columns
of the same type may have multimodal distribution or be
highly imbalanced. These issues make it challenging to syn-
thesize tabular data. The synthesized tabular data should re-
flect the relational meaning between columns of tabular data,
so modeling the probability distribution of tabular data is a
non-trivial task. Traditional tabular data synthesizing mod-
els are based on GAN or diffusion models and are built us-
ing fully connected or convolutional layers. However, fully
connected layers have the disadvantage of low inductive bias,
and convolutional layers are not invariant to the column order
of tabular data. Therefore, we assume that converting tabu-
lar data into graph-structured data and using a graph neural
network would produce better synthetic data than using fully
connected layers or convolutional layers. Our study aims to
show that GANs constructed with graph neural networks can
outperform existing GAN models using fully connected lay-
ers or convolutional layers. We propose CG-TGAN, a condi-
tional GAN built using graph neural networks. To learn how
to synthesize realistic data, the graph neural networks in the
discriminator and generator learn graph-level tasks and node-
level tasks together. The discriminator of CG-TGAN learns a
graph-level task to distinguish between real and synthetic data
and node-level tasks to predict the value of the target node.
CG-TGAN’s generator learns a graph-level task to synthesize
an overall graph similar to real data and node-level tasks to
learn how to synthesize a fake graph with the proper relation
between nodes. In this paper, we show that CG-TGAN out-
performs GAN-based models and is comparable to diffusion-
based models.

Introduction
For AI to be applied in many fields, data sharing is neces-
sary. Tabular data is widely used in many tasks, such as on-
line advertising, recommendation, fraud detection, medical
treatment, etc.(Luo et al. 2020) However, sharing sensitive
data that contains private information or corporate security
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is risky. To address this problem, generating realistic syn-
thetic data can significantly benefit many AI applications by
making data sharing safer and more accessible.

The mainstream of existing research in tabular data syn-
thesizing is using GAN(Goodfellow et al. 2014) or diffu-
sion(Ho, Jain, and Abbeel 2020) models. The research using
diffusion model(Kotelnikov et al. 2023; Lee, Kim, and Park
2023) uses fully connected layers for constructing a tabular
data synthesizing model. The models using GAN can be cat-
egorized by which layers are used to construct the generator
and discriminator of GAN. In previous studies(Park et al.
2018; Zhao et al. 2021, 2022), the rationale for using convo-
lutional layers was that local features could be extracted bet-
ter than fully connected layers. However, when using convo-
lutional layers, the order of tabular data columns can change
the results, even though the order of columns is not meaning-
ful. Moreover, the difficulty of extracting combined features
between different columns depends on the closeness of col-
umn orders. In other words, the results of extracting features
from tabular data using convolutional layers are not invari-
ant from the order of columns. We wanted to find a better
and more intuitive way to learn relationships between tabu-
lar data columns.

We started our research with the hypothesis that “if
we convert tabular data to graph-structured data and con-
struct the tabular data synthesizer model with graph neu-
ral networks(GNN), we could generate better synthetic
data.” Our hypothesis was inspired by the Structural Causal
Model(SCM)(Pearl 2009). A SCM M can be represented
with a triplet < U,V,F >. U is a set of exogenous
variables, V is a set of endogenous variables, and F =
{f1, f2, · · · , fn} is a set of functions which are mapping
from U to V. Using SCM, if we know the parent nodes of
node i we can assign a value to vi like as vi ← fi(pai, ui).
Unfortunately, the causal relationships between tabular data
columns are not generally known, and learning them is
very difficult. Therefore, it is impractical to implement a
generative model with a probabilistic graph model such as
Bayesian networks because they rarely meet the prerequisite
of having a causal graph of tabular data. However, we are in-
terested in the significant context of being able to generate
data from a graph, which led us to the above hypothesis.

To prove our hypothesis, we propose CG-TGAN, a con-
ditional GAN(CGAN)(Mirza and Osindero 2014) that uses
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Figure 1: Overall CG-TGAN workflow. To convert real tabular data to graph, we extracted features from each column and
passed them through a projection layer for each column to get f0
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the figure, a one-hot conditional vector generated from the categorical column (CA1) is passed through the projection layer
corresponding to the CA1 column and used as a conditional vector for the generator’s input and the conditional node’s vector
in the real and fake graph. The generator synthesizes a fake graph from a conditional vector and random noise. Real and fake
graphs with a conditional node are input to the discriminator. And the discriminator learns a graph-level task to determine
whether they are real or fake, and a node-level task to predict the value of the target node.

GNN to construct a generator and discriminator. We chose
a GAN-based model because there are more prior studies
than diffusion models; It is a good way to compare the util-
ity of our ideas. One of the main contents we want to show
in this paper is that CG-TGAN can outperform other GAN-
based models. We convert tabular data into a fully connected
graph with weighted edges to use GNN on tabular data. The
converted graph(G = (V, E))’s nodes(vi ∈ V) correspond
to columns in the tabular data, and edges((vi, vj) ∈ E)
correspond to relationship between columns. We bypassed
the problem of not being given relationship information be-
tween columns of tabular data by using a learnable param-
eter matrix(AP ). We need two adjacency matrices. AG is
for generator and AD is for discriminator. AG and AD are
calculated from AP and AP is trained together during the
CG-TGAN training process.

In the training process, the GNN in the discriminator and
generator learn graph-level tasks and node-level tasks. For
the discriminator, we trained it with a graph-level task to
determine whether the input graph is real or fake and a
node-level task to predict the value of the target node. We
let the generator learn a graph-level task, how to synthesize
an overall graph similar to real data, and a node-level task
to produce a graph that captures the relationships between
nodes. We use Graph Convolutional Networks(GCN)(Kipf
and Welling 2016) to construct the generator and discrimi-
nator in CG-TGAN.

We applied CG-TGAN to seven datasets and compared
our model with existing tabular data synthesizing models,
such as DPGAN(Xie et al. 2018), Pate-GAN(Jordon, Yoon,
and Van Der Schaar 2018), CTGAN(Xu et al. 2019), CTAB-
GAN(Zhao et al. 2021), CTAB-GAN+(Zhao et al. 2022),

CoDi(Lee, Kim, and Park 2023), and TabDDPM(Kotelnikov
et al. 2023). Our CG-TGAN outperforms existing GAN-
based models. Also, compared to diffusion-based models,
CG-TGAN outperforms CoDi. And it is comparable to Tab-
DDPM in terms of machine learning utility and performs
better in privacy protection, even though diffusion mod-
els generally outperform GAN-based models(Dhariwal and
Nichol 2021).

Our main contributions are as follows:

• We propose a novel method for tabular data synthesis by
constructing CGAN using GNN.

• Our CG-TGAN shows a better performance than existing
GAN-based models.

• We propose the training process of CG-TGAN, which
learns graph-level and node-level tasks sequentially. By
enabling CG-TGAN to learn node-level tasks that pre-
dict the value of the target node, we enhance its ability to
generate synthetic data that accurately reflects the intri-
cate relationships between nodes.

• We propose the conditional node concept for construct-
ing CGAN with GNN. We provide the conditional vector
input to the discriminator through the conditional node.

Related Works
Tabular Data Synthesizers
Existing tabular data synthesizer models can be classified
according to the type of layers used to construct the model.
The models using fully connected layers are CoDi(Lee,
Kim, and Park 2023), TabDDPM(Kotelnikov et al. 2023),
CTGAN(Xu et al. 2019), medGAN(Choi et al. 2017),
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CrGAN-Cnet(Mottini, Lheritier, and Acuna-Agost 2018),
Pate-GAN(Jordon, Yoon, and Van Der Schaar 2018), and
DPGAN(Xie et al. 2018). The models using convolutional
layers are TableGAN(Park et al. 2018), CTAB-GAN(Zhao
et al. 2021), and CTAB-GAN+(Zhao et al. 2022). The dis-
advantage of using fully connected layers is weak inductive
bias. And the models using convolutional layers suffer from
the problem of not being invariant to tabular data’s column
order.

Many tabular data synthesizers(Xu et al. 2019; Engel-
mann and Lessmann 2021; Zhao et al. 2021, 2022) use
CGAN. Because CGAN can increase the learning power
for imbalanced datasets by providing conditional vectors to
ensure that the generated data belongs to a particular mi-
nority class. Some studies use CGAN with auxiliary classi-
fier(Odena, Olah, and Shlens 2017) to improve the perfor-
mance of tabular data synthesizers. TableGAN(Park et al.
2018) and CTAB-GAN(Zhao et al. 2021) use an auxiliary
classifier. Although the discriminator can learn the semantic
integrity of tabular data by itself as the discriminator is not
mainly focused on learning semantic integrity, the auxiliary
classifier is used with the expectation that the auxiliary clas-
sifier will provide feedback to the generator to generate fake
data with a more appropriate relationship between columns.

CG-TGAN’s discriminator and generator are designed to
learn relations between tabular data columns by using GNN.
In CG-TGAN, we give the discriminator the additional role
of predicting the target node value. To do this, the GNN in
the discriminator is additionally trained on node-level tasks.

Graph Neural Networks
A graph neural network is an artificial neural network
for processing graph-structured data. It extracts features
from graph-structured data and uses them to perform
downstream tasks. The GNN layer can be described in
three steps by three functions (message(ϕ), aggregation(α),
update(γ)).(Gilmer et al. 2017)

1. Each node in the graph receives some messages from its
neighbors.

2. Each node in the graph aggregates the messages from its
neighbors.

3. Each node in the graph updates its node feature using the
aggregated messages and the original node feature.

The above process can be expressed as Equation 1.

f t+1
i = γ(f ti , αj∈N (i)(ϕ(f

t
i , f

t
j ))) (1)

There are several variants of GNN depending on which
message(ϕ), aggregation(α), and update(γ) functions are
used. Graph Convolution Networks(GCN)(Kipf and Welling
2016) is a method that bridges spectral and spatial meth-
ods, using the property that the convolution operation in the
spatial domain is equivalent to a product in the Fourier do-
main. GCN uses the convolution operation as an Aggregate
function. GraphSAGE(Hamilton, Ying, and Leskovec 2017)
uses concatenated vectors of self and neighbor embeddings
for aggregation and introduces Mean, Pooling, and LSTM
aggregators. GAT(Velickovic et al. 2017) does not consider

each neighbor to be equally important, but instead applies at-
tention(Vaswani et al. 2017) coefficients to give more weight
to essential nodes.

We use GCN to organize discriminators and generators.
GCN is simple to implement and has the advantage of being
a baseline model for many tasks.

Methodology
Technical Background
Data Encoding Methods for encoding tabular data have
been studied in previous research. Mode-specific normaliza-
tion method(Xu et al. 2019) is proposed to handle continu-
ous columns with multi-mode distribution, and mixed-type
encoder(Zhao et al. 2021) is proposed to handle mixed-type
columns which contain both categorical and continuous at-
tributes. An example of a mixed-type variable is the capital
gain of the Adult dataset. Capital gain refers to an increase
in a capital asset when sold. The variable has a zero value for
most people without capital assets because they do not have
assets to sold and a non-zero value for the few who do have
capital assets. Therefore, the capital gain variable is not a
simple continuous variable but a variable with a categorical
attribute.

Mode-specific normalization(Xu et al. 2019) is trained us-
ing Gaussian Mixture Model(Bishop 2006) to represent a
continuous column distribution using m Gaussian distribu-
tions. From the trained m Gaussian distributions, we can
calculate the probability that each data point belongs to each
Gaussian distribution and find the Gaussian distribution with
the maximum probability of belonging. A vector β can be
constructed as in Equation 3 where only the element corre-
sponding to the kth Gaussian distribution with the maximum
probability has a value of 1, and all other values have a value
of 0.

α =
ci,j − µk

4σk
(2)

β = [β1, β2, · · · , βm], βi ∈ {0, 1} (3)
The value of the ith row of the jth continuous column,

ci,j , can be represented as α
⊕

β by concatenating scalar
value α, which is the standardization of ci,j using kth Gaus-
sian distribution’s mean and standard deviation as shown in
Equation 2 and one-hot vector β in Equation 3.

β = [β1, β2, · · · , βm;βc1 , · · · , βct ], βi ∈ {0, 1} (4)
A mixed-type encoder(Zhao et al. 2021) adds a categor-

ical attribute one-hot encoding to mode-specific normal-
ization as shown in Equation 4. A value equal to a cate-
gorical attribute item is represented with a one-hot vector
(βc1 , · · · , βct ) with a value of 1 for only the elements repre-
senting that categorical item and a scalar α value of 1. The
values not equal to categorical items are represented in the
same way as mode-specific normalization.

We adopted mode-specific normalization for normal con-
tinuous column encoding and mixed-type encoder for mixed
column encoding and used one-hot encoding for categorical
column encoding.
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CG-TGAN Structure
Tabular Data to Graph-Structured Data We first need
to extract meaningful features from each column to convert
tabular data into graph-structured data. To extract meaning-
ful features for each column of tabular data, we use different
encoders for each column type. For the continuous columns,
we used mode-specific normalization. For the mixed-type
columns, we used mixed-type encoder. For the categorical
columns, we used one hot encoding. After extracting fea-
tures from each column, to fit the extracted features with the
same dimension(Rd) to construct the node feature matrix,
we use projection layers, as shown in Figure 1.

f0 = {{f0Ci
}Nc
i=1; {f

0
Mi
}Nm
i=1; {f

0
CAi
}Nca
i=1 } (5)

f0 = {{f0Ci
}Nc
i=1; {f

0
Mi
}Nm
i=1; {f

0
CAi
}Nca
i=1 ; fcond} (6)

The set of node features which is extracted from the tab-
ular data with Nc continuous columns, Nm mixed columns,
and Nca categorical columns is shown in Equation 5. The
set with the conditional node feature is shown in Equation
6. The input graph to the generator’s GNN consists of the
set(Equation 5), i.e., no conditional node is included in the
input graph. On the other hand, the input graph to the dis-
criminator’s GNN consists of the set(Equation 6), i.e., the
conditional node is included in the input graph. f0 is the
set of node feature vectors in the input graph before pass-
ing through the GNN, and f t is the set of node features in
the graph after passing through the tth layer of the GNN.

Using the node features f0, we constructed a fully con-
nected graph(G = (N , E)), where each node ni ∈ N corre-
spond to each column and edges corresponds to the interac-
tion between columns. It is similar to Fi-GNN(Li et al. 2019)
in that it constructs a feature graph with features extracted
from each column. However, unlike Fi-GNN, which uses
datasets consisting of only categorical columns and defin-
ing the adjacency matrix with attentional edge weights, we
deal with datasets with a mixture of columns of various types
and treat two adjacency matrices(AG, AD) for each genera-
tor and discriminator. To define AG and AD, we use the pa-
rameter matrix AP . AP is a learnable parameter matrix, and
we initialize the parameter matrix AP as one matrix(JN+1)
minus identity matrix(IN+1), as shown in Equation 8. This
allows us to initialize the parameter matrix AP , that each
node is fully connected to the other with the same weight.
AG is extracted from AP by slicing the region excluding the
conditional node, as shown in Equation 9. AD is the inverse
matrix of AP , as shown in Equation 10. The process of a
generator producing data from random noise and the pro-
cess of a discriminator mapping the data into feature space
can be considered invertible.

N = Nc +Nm +Nca (7)

AP =
1√

N + 1
(JN+1 − IN+1) ∈ RN+1×N+1 (8)

AG = (AP ij)1≤i≤N,1≤j≤N ∈ RN×N (9)

AD = A−1
P ∈ RN+1×N+1 (10)

Conditional Vector and Node To configure a conditional
GAN, we must put not only real or fake data but also a con-
ditional vector into the discriminator. We propose creating a
conditional node at the input graph to put a conditional vec-
tor in the discriminator. Conditional node is inspired by the
concept of virtual nodes. The virtual node improves the per-
formance of graph classification(Hwang et al. 2022) because
the virtual node can help aggregate the representations of the
entire graph and provide shortcuts for message passing. We
created a conditional node fully connected to every graph
node to pass the conditional vector information to all nodes.
The revised graph by adding a conditional node is shown in
Figure 1. The node features of a graph with a conditional
node can be represented by Equation 6.

Generator and Discriminator We use graph convolu-
tional layers(Kipf and Welling 2016) to construct GNNs for
the CG-TGAN generator and discriminator. They are basi-
cally composed of three graph convolutional layers. We use
the residual connections(He et al. 2016) to build GNNs.

The discriminator learns graph-level and node-level task.
Both tasks share the graph convolutional layers. The pur-
pose of learning the graph-level task is to learn the ability
to determine whether the input is real or fake: it is the same
as the purpose of general GAN’s discriminator. The node-
level task aims to teach the relationships between tabular
data columns. By learning the relationships between tabular
data columns, the discriminator can provide more accurate
feedback to the generator so that if the value of synthesized
data’s target column is not well related to other columns,
the generator no longer produces these data. Of course, the
discriminator can learn the relationships between columns
without node-level task, but this is not perfect, so we need to
teach the discriminator node-level task.

The generator takes a random noise and a conditional vec-
tor as input. The generator first passes the concatenated vec-
tor of random noise and a conditional vector through a fully
connected layer to generate a vector the size of the embed-
ding dimension multiplied by the number of columns. The
vector is then cut by the number of columns to create the
node feature set as shown in Equation 5. Then it is passed
through GNN to embed fake graph. The generator learns the
graph-level and node-level task. The purpose of the graph-
level task is to learn how to synthesize a fake graph that is
macroscopically similar to the real graph. The node-level
task aims to learn how to synthesize a fake graph with the
correct relations between other nodes.

CG-TGAN Training
CG-TGAN training proceeds in the order of graph-level
discriminator training, node-level discriminator training,
graph-level generator training, and node-level generator
training during a number of updates. The node-level task
was trained with target column in each dataset. To train the
graph-level task, we use wgan-gp(Gulrajani et al. 2017) loss.
To train node-level task, we use cross-entropy loss for cate-
gorical column and mean squared error loss for continuous
or mixed column. We use Adam(Kingma and Ba 2014) op-
timizer with learning rate 1e-4.
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Algorithm 1: CG-TGAN Training. All experiments in the
paper used the default values α = 0.0001, ndg = 5,
nupdate = 5000, b = 256

Require: α, learning rate. ndg , the number of iterations of
the discriminator’s graph-level task per update. nupdate,
the number of updates for CG-TGAN learning. b, the
batch size. cidx, the index of target column.
Require: ω0, initial discriminator parameters. θ0, initial
generator’s parameters. δ0, initial classifier’s parameters.
ϕ0, initial adjacency matrix’s parameters.
Notations: fω , discriminator function. gθ, generator func-
tion. cδ , classifier function. Ldwg , discriminator WGAN-
GP loss function. Lgwg , generator WGAN-GP loss func-
tion. Lpred, MSE or CSE loss function.
for updates 1, · · · , nupdate do

Sample {x(i)}bi=1, {y(i)}bi=1 from real data.
(Discriminator Graph-level Task)
for steps 1, · · · , ndg do

Sample {z(i)}bi=1 from random noise.
Lossdg ← Ldwg({x(i)}bi=1, {gθ(z(i))}bi=1)
ω ← Adam(∇ωLossdg)
ϕ← Adam(∇ϕLossdg)

end for
(Discriminator Node-level Task)
Lossdn ←

∑b
i=1

1
bLpred(cδ(fω(x

(i))), y(i))
ω ← Adam(∇ωLossdn)
ϕ← Adam(∇ϕLossdn)
δ ← Adam(∇δLossdn)
(Generator Graph-level Task)
Sample {z(i)}bi=1 from random noise.
Lossgg ← Lgwg({x(i)}bi=1, {gθ(z(i))}bi=1)
θ ← Adam(∇θLossgg)
ϕ← Adam(∇ϕLossgg)
(Generator Node-level Task)
Sample {z(i)}bi=1 from random noise.
{ỹ(i)}bi=1 ← {gθ(z(i))[:, cidx]}bi=1

Lossgn ←
∑b

i=1
1
bLpred(cδ(fω(gθ(z

(i)))), {ỹ(i)}bi=1)
θ ← Adam(∇θLossgn)
ϕ← Adam(∇ϕLossgn)

end for

Experiments
Experimental Setup
Datasets To evaluate CG-TGAN, we selected seven
widely used datasets. For regression, we used Abalone(Nash
and Ford 1995), King(HARLFOXEM 2017), Insur-
ance(Choi 2018) datasets. For binary classification, we
used Adult(Kohavi et al. 1996), Diabetes(Sigillito 2014),
Wilt(Johnson 2014) datasets. For multi-class classification,
we used Gesture(Madeo, Lima, and Peres 2013) dataset.

Baselines To evaluate the performance of CG-TGAN, we
compared it to five existing GAN-based tabular data syn-
thesizers, DPGAN, Pate-GAN, CTGAN, CTAB-GAN and
CTAB-GAN+. And we also compare with diffusion-based
tabular data synthesizers, CoDi and TabDDPM.

Evaluation Methods
We compared the tabular data synthesizers in terms of ma-
chine learning utility and privacy protection.

The machine learning utility evaluation method compares
the difference in performance between a machine learning
model trained with real data and a model trained with syn-
thetic data. The smaller the performance difference, the bet-
ter the performance of the synthesizer. We trained logistic
regression, decision tree(Quinlan 1986), and random for-
est(Breiman 2001) models for classification datasets and
measured accuracy, the area under the ROC(AUC), and
the F1 score. We trained linear regression, lasso(Tibshirani
1996), and ridge(Hoerl and Kennard 1970) regression mod-
els for regression datasets and measured mean absolute per-
centage error(MAPE)(De Myttenaere et al. 2016), mean ab-
solute error(MAE), and R2.

To compare privacy protection ability, we use the con-
cept of Nearest Neighbor Distance Ratio(NNDR)(Zhao et al.
2021). Let Di be a set of all distances between ith synthetic
data point and all real data points. d1 = min(Di) is the
closest distance and d2 = min(Di \ d1) is the second clos-
est distance. NNDR = d2

d1
is a ratio; it is between 0 and 1.

The closer it is to 1, the better the synthetic data point is lo-
cated in the middle point between the real data points, and
the safer it is from privacy risks. Closer to 0, the synthetic
data strongly reflects the values of nearby real data, which
can lead to a privacy breach.

Results
Comparison with GAN-based models
Comparison of Synthetic Data Distributions Figure 2
shows the distribution of synthesized Diabetes datasets by
GAN-based models and CG-TGAN. It shows that the data
generated by CG-TGAN has a closer distribution to the real
data than the comparison models in all columns. Figure
3 shows the results of t-SNE(Van der Maaten and Hinton
2008) projection for synthesized Diabetes datasets by GAN-
based models and CG-TGAN. DPGAN and Pate-GAN show
mode collapsed results. CTGAN, CTAB-GAN, and CTAB-
GAN+ fail to depict some regions of the real data. On the
other hand, the data synthesized with CG-TGAN provides
a comprehensive depiction, covering all regions of the real
data.

Machine Learning Utility Table 1 and 2 show the ma-
chine learning utility evaluation results. The values in the ta-
bles show the difference in performance between the model
trained on real data and the model trained on synthesized
data. For MAPE and MAE, smaller is better, so the larger
value in the table means the better performance of the syn-
thesizer. For R2, accuracy, AUC, and F1 score, larger is
better, so the smaller value in the table means the synthe-
sizer performs better. Compared to other GAN-based mod-
els, CG-TGAN produces better-synthesized data on all re-
gression datasets. We also show that CG-TGAN outper-
forms other GAN-based models on classification datasets.
The results in Table 1 and 2 show that CG-TGAN consis-
tently outperforms other GAN-based models.
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Figure 2: Comparison of synthetic data histograms on Diabetes dataset.

Abalone dataset Insurance dataset King dataset
MAPE MAE R2 MAPE MAE R2 MAPE MAE R2

DPGAN F F F F F F F F F
Pate-GAN F F F F F F F F F
CTGAN -0.0111 -0.1765 0.1891 -0.9633 -4.421e+3 0.8240 -0.1222 -5.535e+5 0.2033
CTAB-GAN - - - - - - - - -
CTAB-GAN+ -0.0257 -0.2309 0.1373 -0.9306 -3.381e+3 0.5276 -0.1045 -4.005e+5 0.1494
CG-TGAN -0.0046 -0.1174 0.1274 0.0489 1.115e+2 0.0065 -0.0006 -9.325e+3 0.1281

Table 1: Machine Learning Utility Results on Regression Datasets. ”F” means that the quality of the synthesized data is too low
to evaluate, and ”-” means that the tabular data synthesizer cannot generate regression datasets.

Adult dataset Diabetes dataset Gesture dataset Wilt dataset
accuracy AUC F1 Score accuracy AUC F1 Score accuracy AUC F1 Score accuracy AUC F1 Score

DPGAN F F F 14.7186% 0.1309 0.1861 39.7299% 0.3278 0.4616 30.5785% 0.2904 0.3958
Pate-GAN F F F 23.3766% 0.2348 0.2927 26.8186% 0.2811 0.3987 31.8182% 0.3746 0.4085
CTGAN 3.5249% 0.0362 0.0632 23.7373% 0.3389 0.2652 20.6751% 0.1396 0.2005 23.9096% 0.1388 0.2461
CTAB-GAN 2.6432% 0.0219 0.0244 10.4618% 0.1082 0.1015 14.2560% 0.1087 0.1512 4.9128% 0.1754 0.2412
CTAB-GAN+ 5.5784% 0.0459 0.0530 7.5758% 0.0487 0.0601 19.4543% 0.1216 0.2019 3.3747% 0.1725 0.2411
CG-TGAN 4.9137% 0.0693 0.0748 -0.5772% -0.0117 -0.0131 15.7581% 0.1424 0.1703 0.7805% 0.0662 0.0583

Table 2: Machine Learning Utility Results on Classification Datasets The smaller the number in the table means the better
performance. ”F” means that the quality of the synthesized data is too low to evaluate.

Figure 3: t-SNE projection on Diabetes dataset.

Abalone Insurance King Adult Diabetes Gesture Wilt
CTGAN 0.6741 0.5787 0.7696 0.6240 0.6978 0.8746 0.7556
CTAB-GAN+ 0.7102 0.5451 0.8821 0.6092 0.7493 0.8680 0.6915
CoDi 0.6178 0.6012 0.8029 0.6815 0.6526 0.8054 0.6354
TabDDPM 0.6148 0.3821 0.7523 0.4843 0.6454 0.7238 0.5869
CG-TGAN 0.6428 0.3839 0.7458 0.6271 0.6352 0.8843 0.5485

Table 3: NNDR. Comparison of the privacy protection abil-
ity of each tabular data synthesizer model.

Privacy Protection Table 3 shows the privacy protection
evaluation results. DPGAN and Pate-GAN have been ex-
cluded due to poor quality results. CTAB-GAN has been
excluded due to its inability to generate regression datasets.

The privacy protection of synthesizers must be evaluated
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Abalone Insurance King Adult Diabetes Gesture Wilt
CG-TGAN MAPE -0.0046 0.0489 -0.0006 acc 4.9137% -0.5772% 15.7581% 0.7805%

MAE -0.1174 1.115e+2 -9.325e+3 AUC 0.0693 -0.0117 0.1424 0.0662
R2 0.1274 0.0065 0.1281 F1 0.0748 -0.0131 0.1703 0.0583

CoDi MAPE -0.0412 -0.2698 -0.2459 acc 7.2142% 4.7619% 14.6610% 0.9297%
MAE -0.2736 -7.691e+2 -8.740e+5 AUC 0.0484 0.0158 0.0835 -0.0015

R2 0.1281 0.0449 0.3473 F1 0.0623 0.0366 0.1312 0.0189
TabDDPM MAPE -0.0027 -0.0268 -0.1505 acc 0.5780% 2.2366% 4.7763% -0.0688%

MAE -0.0246 -1.484e+2 -6.236e+5 AUC 0.0097 0.0081 0.0327 0.0060
R2 0.0170 -0.0015 0.2726 F1 0.0087 0.0246 0.0439 -0.0002

Table 4: Comparison between CG-TGAN and diffusion-based models in terms of machine learning utilities.

relatively. We found that as the quality of the synthesized
data increases, the NNDR value tends to decrease. Because
low-quality data is free from privacy leakage, but data with
similar quality to real data is at risk of privacy leakage. To
evaluate CG-TGAN’s privacy protection ability, comparing
it with comparable performance synthesizers is necessary.
So, we perform a more detailed comparison with TabDDPM,
a synthesizer with comparable performance, in the next sec-
tion. It will provide a comprehensive understanding of CG-
TGAN’s privacy protection ability.

When comparing NNDR values with GAN-based models,
CG-TGAN’s NNDR values are comparable on the Abalone,
King, Adult, Diabetes, and Gesture datasets. We can see that
CG-TGAN has a higher NNDR value in the Gesture dataset,
despite having better machine learning utility performance.

Comparison with Diffusion-based models
Machine Learning Utility Table 4 shows the results of
machine learning utility. CG-TGAN outperforms CoDi, and
it is comparable to TabDDPM. The dominance of CG-
TGAN in three of seven experimental datasets (Insurance,
King, and Diabetes) confirms that CG-TGAN is comparable
to TabDDPM in terms of machine learning utility. The dom-
inance in the Insurance and Diabetes datasets means CG-
TGAN can generate better synthetic data than TabDDPM
for small tabular datasets with 1000 or fewer rows.

Privacy Protection TabDDPM has a worse privacy pro-
tection performance than CG-TGAN. Table 3 shows CG-
TGAN has higher NNDR values than TabDDPM for 4 out
of 7 datasets. To provide a more comprehensive understand-
ing of the privacy protection performance difference be-
tween CG-TGAN and TabDDPM, we utilized the distance
to the closest record(DCR)(Zhao et al. 2021) metric. DCR
is the Euclidean distance between the synthetic data and the
closest real data. A higher DCR value can be explained as
being safe from privacy breaches. In 6 out of 7 datasets,
CG-TGAN has higher DCR values. At Insurance and King
datasets, CG-TGAN has higher DCR values, even though
its machine learning utility is better than TabDDPM. This
means that CG-TGAN is safer than TabDDPM.

Abalone Insurance King Adult Diabetes Gesture Wilt
TabDDPM 0.1569 0.1542 0.6322 0.1547 0.9756 0.2183 0.1339
CG-TGAN 0.3418 0.3181 0.8419 0.5520 0.8636 0.6530 0.2375

Table 5: DCR comparison between CG-TGAN and TabD-
DPM.

Ablation Analysis

Abalone Insurance King Adult Diabetes Gesture Wilt
GC1 0.2001 0.5080 0.3117 8.9320% 7.6479% 15.6455% 3.7764%
GC2 0.1405 0.0208 0.1670 8.1301% 2.3809% 15.6849% 1.8709%
GC3 0.1274 0.0065 0.1281 6.7256% -0.5772% 15.7581% 1.7791%
GC4 0.1605 0.0272 0.1357 4.9137% 2.5252% F 0.7805%
w/o resi 0.1505 0.0354 0.1387 7.4169% 2.6695% 16.2419% 1.5036%
w/o cond 0.1362 0.0137 0.1625 5.3866 6.7821% 16.9620% 3.3402%
w rand adj 0.1444 0.2566 0.3328 6.7058 3.6797% 16.0731% 2.8237%

Table 6: Ablation Analysis.

We involved a comprehensive exploration of the appropri-
ate number for CG-TGANs, achieved by varying the number
of graph convolutional layers. This allowed us to gain valu-
able insights into the model’s performance under different
configurations. The results in Table 6 show that the model
generally performed well when using three or four graph
convolutional layers. For the Gesture dataset, the difference
in performance between one, two, and three graph convo-
lutional layers was insignificant, so we used three graph
convolution layers, which generally performed well in other
datasets. Also, Table 6 shows that using residual connection
improves the performance of CG-TGAN.

We conduct ablation analysis to check the effectiveness of
the conditional node and the effectiveness of initializing the
parameter matrix(AP ) as JN−IN . Table 6 shows using con-
ditional nodes and initializing AP as JN − IN contribute to
the performance of CG-TGAN. Although it cannot be shown
in the table, we confirmed that initializing AP as JN − IN
helps the model to converge more stably.

Conclusion
We proposed CG-TGAN. The discriminator learns graph-
level task to distinguish whether an input graph is real or
fake and node-level task to predict the target node value.
The generator learns graph-level task to embed a fake graph
macroscopically similar to the real graph and node-level task
to synthesize a fake graph with the correct relations among
other nodes. CG-TGAN outperforms existing GAN-based
models constructed using fully connected or convolutional
layers. This means that our starting hypothesis, “if we con-
vert tabular data to graph-structured data and construct the
tabular data synthesizer model with GNN, we could gener-
ate better synthetic data” is valid. Also CG-TGAN shows
comparable machine learning utility performance with Tab-
DDPM. Moreover, CG-TGAN outperforms TabDDPM in
terms of privacy protection.
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