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ABSTRACT

Tabular data plays a vital role in critical applications such as healthcare, finance,
and education. Its effective utilization in data-driven models is frequently hin-
dered by data scarcity and privacy concerns. In response, synthetic tabular data
generation has emerged as a powerful solution that provides privacy-preserving
data mirroring real-world distributions. However, many existing generative mod-
els still struggle to preserve the complex column relationships within tabular
data. Additionally, they often fail to account for the real-world constraints that
are essential for ensuring the authenticity and practical usability of the generated
data. In this paper, we propose ECR-DM, the Explicit Column Relationship-
Based Diffusion Model for synthetic tabular data generation. In the forward dif-
fusion process, we introduce the Noise Perturbation Mechanism, which enables
the model to learn column distributions in a fine-grained manner. In the reverse
diffusion process, we incorporate Constraint-Guided Recovery, which guides the
model to recover inter-column dependencies and restore the true data distribu-
tion. NPM helps the diffusion model capture the detailed column-wise char-
acteristics of the data, while CGR ensures the preservation of inter-column re-
lationships and the high-quality synthetic tabular data generation. We validate
the effectiveness of our approach through extensive experiments on six tabu-
lar data benchmarks. Our model outperforms state-of-the-art methods across
seven evaluation metrics, particularly in downstream tasks. Code is available at
https://anonymous.4open.science/r/ECR-DM-0C72.
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1 INTRODUCTION Age Education | Education_num | Marital_status|  Relation
58 HS-grad 9 Married Husband
. . . 33 Bachelors 113 Unmarried Own-child
Tabular data is a fundamental format in di- Real-world Tabular Constraints
verse domains such as finance (Sattarov et al., Dataset Constraints: The task is to determine ... Inter-column

Constraints: c:Ensure consistency between textual education levels

2023), healthcare (HC et al., 2024), and edu- (e.g., "Masters"). c,:If the relationship is "Husband" or "Wife", then
marital status must imply the person is or was married. c3:...,Cs:....

cation (Borisov et al., 2022a), where accurate |jntra-column Constraints:cs:Age is between 17 and 90. ..., C7-....

decision-making and reliable predictions criti-  Fjgure 1: Illustration of Complex Column Rela-

cally depend on high-quality data. However, its  (jonships and Real-world Tabular Constraints of
usability is often limited due to challenges re- A dult dataset

lated to data privacy protocols (Regulation, 2018; Illman & Témple, 2019) and data quality issues
(e.g., missing values (Zhang et al., 2024), imbalanced data (Kim et al., 2024), and limited data vol-
ume (Seedat et al., 2023)). These challenges reduce data usability and hinder the development and
deployment of predictive models (Zhang et al., 2024; Shi et al., 2025a).

Synthetic tabular data generation (Shi et al., 2025b) has emerged as a promising solution to address
challenges like data privacy (Jordon et al., 2018; Zhao et al., 2024), quality (Kim et al., 2022b),
and availability (Kim et al., 2022a). In recent years, methods for synthetic tabular data generation
have advanced rapidly, yet significant challenges remain. Early approaches, such as the VAE-based
method (Xu et al., 2019; Ma et al., 2020; Liu et al., 2023) and GAN-based method (Choi et al.,
2017; Lee et al., 2021; Zhao et al., 2021), focus on capturing the marginal and joint distributions of
columns. However, these methods fail to model complex tabular structures. They focus primarily
on distributions and overlook the real, intricate relationships between columns (as shown in the top
part of Fig. 1), not to mention the challenge of incorporating real-world tabular constraints. How
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to construct a model that captures the complex structures of tabular data while adhering to
real-world constraints is crucial for synthetic tabular data generation.

More recently, diffusion-based methods have led to significant advancements in high-quality syn-
thetic tabular data generation by learning through progressive denoising. For example, TabD-
DPM (Kotelnikov et al., 2023) and TABDIFF (Shi et al., 2025a) combine continuous (Song et al.,
2020; Karras et al., 2022) and discrete (Austin et al., 2021) diffusion to model numerical and cate-
gorical column distributions. CSDI (Zheng & Charoenphakdee, 2022) and TABSYN (Zhang et al.,
2024) encode tabular data into a latent space to model the overall data distribution. While these
methods show great promise, they still focus primarily on data distribution and fail to capture the
complex inter-column dependencies (Shi et al., 2025b) that are essential for generating realistic
synthetic tabular data. Furthermore, they often overlook real-world constraints (e.g., Real-world
Tabular Constraints of Fig. 1) during the generation process, resulting in synthetic data that may vio-
late domain-specific rules and fail to align with actual data patterns. Due to the unique reconstruction
process of diffusion models, they can incorporate realistic constraints, giving them a distinct advan-
tage in this field. Therefore, building upon diffusion models, we can effectively capture column
relationships and generate data that adheres to real-world constraints.

To address the above limitations, we propose ECR-DM, a novel Explicit Column Relationship-
Based Diffusion Model for synthetic tabular data generation. Our model is designed to explicitly
capture the complex column relationships while adhering to real-world constraints. The key inno-
vation of ECR-DM is to capture finer-grained column distributions through the Column-level For-
ward Process and to recover inter-column dependencies through the Tabular Constraint-guided
Reverse Process. In the Column-level Forward Process, we introduce a Noise Perturbation Mech-
anism (NPM), which adds varying levels of noise to each column individually. This process enables
the model to learn column-wise characteristics at a fine-grained level, enhancing its ability to cap-
ture the intricate relationships between individual columns. The column-specific noise perturbation
also facilitates the modeling of complex column distributions, which are essential for understand-
ing the underlying data structure. This step is crucial for training the model to differentiate subtle
variations in the data, thus improving the model’s capacity to identify and preserve inter-column
dependencies during the generation process. In the Tabular Constraint-guided Reverse Process, we
incorporate Constraint-Guided Recovery (CGR), which guides the model in the denoising process
by enforcing real-world tabular constraints. These constraints are based on domain-specific rules
and logical dependencies between columns, ensuring that the synthetic data respects the inherent
relationships in the real-world data. By integrating these constraints, the model is able to effectively
restore inter-column dependencies, preserving the structural integrity of the original data. This step
is essential for reconstructing the data distribution from a column-wise perspective, ensuring that
the generated synthetic data not only follows statistical distributions but also aligns with real-world
patterns and business rules. Through this process, the model generates high-quality synthetic tabular
data that is both realistic and usable for downstream applications, such as training predictive models
or conducting data analysis. Our main contributions are summarized as follows:

* We propose the Explicit Column Relationship-Based Diffusion Model (ECR-DM), which ex-
plicitly captures complex inter-column dependencies and enforces real-world constraints during
synthetic tabular data generation.

* We propose NPM and CGR for the forward and reverse processes of ECR-DM, respectively. NPM
adds column-specific noise, enabling fine-grained learning of column distributions and facilitating
the capture of inter-column dependencies. CGR incorporates real-world constraints to restore
inter-column dependencies and generate realistic, high-quality synthetic data.

* We conduct extensive experiments on six benchmark tabular datasets, demonstrating that ECR-
DM outperforms state-of-the-art methods across seven evaluation metrics, with particularly strong
performance on downstream tasks.

2 RELATED WORK

The importance and scarcity of tabular data have led to growing interest in methods for synthetic
tabular data generation. Early approaches, such as TVAE (Xu et al., 2019) and CTGAN (Xu et al.,
2019), applied VAEs (Kingma et al., 2013) and GANs (Goodfellow et al., 2014) to tabular data,
effectively modeling the marginal and joint distributions of columns. However, due to limitations
in model capacity, these methods struggled to capture the complex structure of tabular data, lim-
iting their generative capabilities. In recent years, the introduction of physical diffusion processes
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has significantly advanced data generation, leading to breakthroughs in areas such as image gen-
eration (Rombach et al., 2022), text-to-image generation (Saharia et al., 2022), and video gener-
ation (Ho et al., 2022). Motivated by these successes, diffusion models have increasingly been
applied to synthetic tabular data generation. Models like TabDDPM (Kotelnikov et al., 2023) and
TABDIFF (Shi et al., 2025a) apply discrete diffusion (Austin et al., 2021) for categorical columns
and continuous diffusion (Song et al., 2020; Karras et al., 2022) for numerical columns, capturing
the distribution of both data types from a multimodal perspective. In contrast, CSDI (Zheng &
Charoenphakdee, 2022) and TABSYN (Zhang et al., 2024) map both categorical and numerical data
into a shared latent space, learning the data distribution within this space. There are also LLM-based
methods, such as GReaT (Borisov et al., 2022b) and P-TA (Yang et al., 2024), which fine-tune LLMs
by serializing tabular samples into text, allowing the model to learn the text-level distribution of tab-
ular data. Although these models have made significant strides in synthetic tabular data generation,
most existing methods primarily focus on improving distributional fidelity, neglecting a crucial as-
pect: high-quality synthetic data must not only match the real data distribution but also preserve
inter-column dependencies and adhere to real-world tabular constraints. This limitation hinders the
practical usability of tabular data generated by current methods.

3 PROBLEM DEFINITION

Synthetic Tabular Data Generation: Given a tabular dataset 7' = {D, C, F'}, where D denotes
the set of samples, C' represents the corresponding real-world tabular constraints, and F' contains
the column names of the tabular data. Each sample x € D is represented as {x;}}_, where n is
the number of tabular columns that compose of N,, numerical columns and N, categorical columns.
Real-world tabular constraints C include dataset constraints, intra-column constraints, and inter-
column constraints, which define the domain-specific rules and data patterns that tabular data must
satisfy. These constraints can typically be derived from the descriptive information provided with
the tabular data. The column names are denoted as F' = {f;}"_;. Formally, the goal of synthetic
tabular data generation is to learn a parameterized generative model go(D) that captures the real
data distribution p(z) and generates synthetic data ' € D’ by sampling from it. To ensure the
practicality of synthetic tabular data D’, it must not only conform to the real data distribution p(z)
but also preserve inter-column dependencies and adhere to the real-world constraints included in C.

4 EXPLICIT COLUMN RELATIONSHIP-BASED DIFFUSION MODEL

Building on the challenges outlined in the introduction, we propose ECR-DM, a method designed to
explicitly capture inter-column dependencies and enforce real-world tabular constraints for synthetic
tabular data generation, as shown in Fig. 2.

4.1 COLUMN-LEVEL FORWARD PROCESS

The Column-level Forward Process aims to overcome the challenges of modeling complex depen-
dencies between columns in tabular data. Unlike traditional forward processes, which apply noise
uniformly across the entire sample. The NPM applies column-specific noise to each column. This
design enables the model to capture the fine-grained distributions of each column, allowing it to
learn inter-column dependencies more effectively. To model inter-column dependencies effectively,
we first transform the heterogeneous columns into a unified semantic space.

4.1.1 UNIFIED SEMANTIC SPACE

Tabular data consists of heterogeneous columns, including categorical and numerical features, each
with its own characteristics and distribution. To effectively capture the relationships between these
columns, we encode the data into a unified semantic space R? using a Pre-trained Language Model
(PLM), such as BERT (Devlin et al., 2019). This approach allows the model to process both cate-
gorical and numerical columns in a shared representation space.

For categorical columns, we combine the feature name f; and its corresponding value x; and pass
them through the PLM. The resulting embedding is averaged to obtain the column’s semantic repre-
sentation. For numerical columns, we combine the feature name f; with the value x; via multipli-
cation, preserving the numerical nature of the column. The encoding process is as follows:

[ Average(PLM([f;,x;])),  for Categorical Columns,

i = . 1
{Average(PLM([ fil)) x @;, for Numerical Columns, M
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Real-world Tabular Constraints
Dataset Constraints: The task is to determine whether a person makes over 50K a year. Extraction was done by Barry Becker from the 1994 Census database.
A set of reasonably clean records was extracted using the following conditions: ((AAGE>16) && (AGI>100) && (AFNLWGT>1)&& (HRSWK>0))
Inter-column Constraints:c;:One can only marry after reaching legal age.c:If the relation is "Husband" or "Wife", then marital status must imply married.
Intra-column Constraints:c;:Relationship must be a valid type.
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Figure 2: An overview of ECR-DM. ECR-DM consists of two main processes: the Column-level
Forward Process, which introduces a NPM to learn column distributions and facilitate dependencies
capture; the Tabular Constraint-guided Reverse Process, which uses CGR to integrate real-world
constraints and restore inter-column dependencies.

where f; is the column name (e.g., Age) and x; is the corresponding value (e.g., 58). This approach
projects both categorical and numerical columns into the same semantic space, facilitating the learn-
ing of their dependencies. After encoding tabular data into a unified semantic space, we apply Noise
Perturbation Mechanism to model column-specific dependencies and fine-grained distributions.

4.1.2 NOISE PERTURBATION MECHANISM

The general Forward Diffusion Process has been widely used in generative models to match the data
distribution p(z) by adding noise uniformly to the entire data sample. However, this approach does
not capture the fine-grained dependencies between individual columns in tabular data, which are
essential for generating realistic data. Specifically, while the forward process can model the overall
data distribution, it fails to refine the distribution of individual columns p; (z; ), leading to potential
conflicts between columns. For example, the model might generate plausible data overall, but fail
to capture the inter-column relationships, such as mismatches between categorical features (e.g., the
sex column as “men” and the relationship column as “wife”).

To address this limitation, we introduce the NPM in the Column-level Forward Process, where noise
is applied individually to each column. This enables the model to learn the distribution of each
column more effectively, while also preserving the inter-column dependencies. The column-specific
noise perturbation allows the model to capture dependencies at a finer granularity, ensuring more
realistic data generation. Formally, the forward diffusion process with NPM is described as:

hi = h) 4+ o;(t)e, e~ N(0,1), )
where h! is the diffused embedding of the i-th column at time ¢, o;(t) is the noise level applied
to the ¢-th column, and h? is the initial representation of the column obtained from the PLM. This

column-level perturbation ensures that the model captures the fine-grained distribution p;(x;) or
each column, improving its ability to model inter-column dependencies.

While this design facilitates learning from individual column distributions, it also introduces ad-
ditional complexity in the denoising process. To maintain consistency with the original forward
diffusion process, we extend it to operate at the column level in the reverse process:

dhj = —26(t)oi(t) Vg log p(h) dt + /26 (1) o (t) duwy, (3)
where o;(t) is the noise level of i-th column and w; is the standard Wiener process. This column-
level reverse diffusion process allows the model to reconstruct data that reflects real-world pat-
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terns by utilizing finer-grained column distributions. However, adding varying noise levels across
columns increases the complexity of the denoising task. This challenge will be addressed in the
next step: the Tabular Constraint-guided Reverse Process, which incorporates real-world tabular
constraints to guide the model in recovering the original data distribution and improving the quality
of the generated data.

4.2 TABULAR CONSTRAINT-GUIDED REVERSE PROCESS

The Tabular Constraint-guided Reverse Process aims to recover the original tabular data distribu-
tion and preserve inter-column dependencies while ensuring that the generated data adheres to real-
world tabular constraints. The process consists of two key components: Constraint-guided Recovery
(CGR) and Tabular Reconstruction. In this section, we focus on the CGR, which incorporates Tab-
ular Constrained Information Injection and Explicit Inter-column Dependency Capture.

4.2.1 CONSTRAINT-GUIDED RECOVERY
The CGR process modifies the standard reverse diffusion process by conditioning the denoising
score function on real-world tabular constraints C', column names f;, and inter-column dependencies
ht. This allows the model to recover column distributions that not only reflect real-world patterns
but also preserve the relationships between columns. The score function that guides the denoising
process is defined as:

Vi logp(hi | C, fi,hY, ... hL). 4)

where h§ is the embedding of the i-th column at time ¢, and C' represents the real-world constraints
(such as domain knowledge, intra-column, and inter-column dependencies). The score function is
now conditioned on the constraints and column-specific information, allowing the model to explic-
itly capture the relationships between columns. When this score function is substituted into the
reverse diffusion process (Eq. 3), we get the CGR equation:

dhi = =20;(t)0i(t)V e log p(hi|C, fi, by, oy hy,) At + /26,(t) o (t) dew, 5)

where o;(t) is the noise level of i-th column, w; is the standard Wiener process. This equation
governs how the column-specific embeddings are updated in each step of the reverse process, incor-
porating both the noise and real-world constraints. To ensure that the model can handle constraints
with flexibility, we introduce a probabilistic approach to incorporate C' into the reverse process:

c={g 27" ©)
0, pu

where p, is the probability of omitting constraints.  This approach enables the model
to generate data either with constraints (logp(ht|C, fi, hY,...,hL)) or without constraints
(log p(ht|0, fi,hi,...,h%)), depending on the context. This flexibility allows the model to adapt
to varying levels of constraint information during the data generation process.

Since the real data distribution p(x) is unknown, its gradients cannot be directly computed. In other
words, the score function V¢ logp(hf | C, fi, hi, ..., hy,) in Eq. 4 is unavailable. To address this,
we introduce a Constraint-Guided Recovery Model s, which approximates the Gaussian noise
added to each column feature h;. This allows us to approximate the score function as:

Vi logp(hi | C, fi, hi,. .., hy,) = —sg(hi,t,C, fi, by, .. hy,) foi(t). (7

This model is an integral part of the Constraint-Guided Recovery process, which works to refine the
tabular data generation by capturing inter-column dependencies and real-world constraints. Specifi-
cally, the Constraint-Guided Recovery Model consists of two key components: Tabular Constrained

Information Injection and Explicit Inter-column Dependency Capture.
Table 1: Real-World Tabular Constraints C'.

Dataset Constraints

Tabular Constrained Information In-
jection. Real-world tabular constraints
C provide critical domain-specific knowl-

edge that guides the generation of syn- Intra-Column Constraints
thetic data. These constraints ensure that )
the generated data follows real-world pat- Inter-Column Constraints

If a person is 20 years or younger, their credit limit

terns by enforcing dependencies within (LIMIT BAL) must be zero, .

and across columns. As shown in Table 1,
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real-world constraints can be categorized into three types: Dataset Constraints, Intra-column Con-
straints, and Inter-column Constraints. To effectively incorporate these constraints into the data
generation process, we utilize Tabular Constrained Information Injection. First, we encode the con-
straints using a PLM. After encoding, the constraints are injected into each column’s noisy embed-
ding using a cross-attention mechanism, which helps align the generated data with the real-world
constraints. The injection process is mathematically represented as follows:

(RiW ) - (CWH) T
Vd

where W@ € R™ WK ¢ R™ and WY € R are learnable parameters, C € R**? L is the
number of token in real-world tabular constraints C'. However, Tabular Constrained Information
Injection alone is not sufficient to fully capture the relationships between columns. To explicitly
model these inter-column dependencies, we introduce Explicit Inter-column Dependency Capture.
This step is essential for ensuring that the generated synthetic data maintains realistic relationships
across different columns, respecting the logical constraints that exist between them.

C = PLM(C), h! = Softmax ( ) -CWVY, (8)

Explicitly Inter-column Dependency Capture. In the Column-level Forward Process, injecting
noise at different levels to individual columns disrupts the information within each column. Addi-
tionally, the column-exchange invariance of tabular data complicates column identification, making
it difficult to capture inter-column dependencies. To address this, we annotate noisy column embed-

dings 712 with their corresponding column names f; allowing the model to leverage these annotations
to better capture inter-column dependencies while maintaining intra-column distributions:

= Average(PLM(fi)),EE = [iLEHCi]’ ®)

where ¢; is the embedding of the column name f;, and [-||-] denotes concatenation. Next, we use
a Dependencies Capture Model (a Transformer without positional embeddings) to model the inter-
column dependencies guided by injected real-world constraints:

h%, ..., h! = Dependencies Capture(ﬁi, . E;), (10)

Then, we employ an MLP in the output layer to predict the noise introduced during the Column-level
Forward Process, enabling the reconstruction of the corrupted i-th column feature h'!:

¢ =MLP(hY), hY=ht—¢, (11)

where €; denotes the predict noise of the i-th column feature in the sample z, ﬂ? denotes the recon-

structed i-th column feature representation of Bﬁ after the denoising process. Finally, we train the
model via denoising score matching (Karras et al., 2022):
n
La=) & — el (12)
i=1

where ¢; is the noise added to the i-th column feature during the Column-level Forward Process.

4.2.2 TABULAR RECONSTRUCTION

After the denoising process, we obtain the denoised column embeddings fz?, fzg, e fz%, which rep-

resent the reconstructed features of the tabular data. The goal of the Tabular Reconstruction process
is to convert these embeddings back into meaningful tabular data that adheres to the original data
distribution. The reconstruction process is carried out by decoding each column embedding fz? into
the final feature values Z; using the following formulas:

4 Softmax (0 - wee + b¢et),  for Cat,

S
hO  qpum 4 prum. for Num,

13)

where w§t € R™Ci, peat ¢ RIXL qnum ¢ RdxL pnum ¢ RIXL are detokenizer’s parameters'
for categorical and numerical columns, respectively. This decoding process ensures that each col-
umn’s feature values are restored in a manner that reflects both the individual column distributions

'The detokenizer model is a pretrained model, detailed in the paper Zhang et al. (2024).
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and inter-column relationships. The final reconstructed tabular Z is composed of all the columns
[1, ..., Zn]. The detailed training and synthetic tabular data generation algorithm of ECR-DM is
described in Appendix B.

After the tabular data is reconstructed, the quality of the generated synthetic data is evaluated using
Sample Accuracy (SA), a novel metric designed to measure how well the generated data adheres to
real-world tabular constraints. Unlike existing methods, SA quantifies the proportion of generated
data that satisfies these constraints, ensuring the realism and usability of the synthetic data. Formally,

SA is defined as: SA = 2 o, where D denotes the generated dataset, and 15007.,. represents the
subset of generated data that violates real-word tabular constraints. SA helps assess the fidelity of
the generated data, ensuring that it aligns with the logical and domain-specific rules, which is crucial
for practical applications in areas such as healthcare, finance, and education.

5 EXPERIMENTS

To thoroughly evaluate the performance of ECR-DM, we focus on addressing three key research
questions: Q1: To what extent does ECR-DM uphold the integrity of real-world tabular constraints
during the synthetic data generation process? Q2: How effectively does ECR-DM replicate the
distribution of real-world data while capturing inter-column dependencies? Q3: What is the con-
tribution of each individual component in ECR-DM to the overall model performance?

5.1 EXPERMENTAL SETUPS

Datasets. We evaluate ECR-DM using six real-world datasets from Zhang et al. (2024), including
four classification datasets (i.e., Adult, Default, Shoppers, and Magic) and two regression datasets
(i.e., Beijing and News). Each dataset provides real-world tabular constraints C' containing data
constraints and domain knowledge. Refer to Appendix C.1 for details of the dataset.

Baselines. We compare ECR-DM against seven baseline models that are categorized into three
groups: 1) Traditional methods: CTGAN (Xu et al., 2019), CTGAN+ (Zhao et al., 2024), and
TVAE (Xu et al., 2019); 2) LLM-based methods: P-TA (Yang et al., 2024); 3) Diffusion model
methods: TabDDPM (Kotelnikov et al., 2023), TABSYN (Zhang et al., 2024) and TABDIFF (Shi
et al., 2025a). Refer to Appendix C.2 for details of the baseline methods.

Implementation Details. We compare ECR-DM to all baseline methods using the same experi-
mental setup. All the methods are optimized with Adam optimizer, and all the experiments are
conducted on an Nvidia L40 GPU (48GB) with the same seed set. Our method uses a pretrained
BERT-base-uncased (Devlin et al., 2019) to encode tabular data into a unified semantic space R4,
where d = 128. The batch size is set to 4096, and the learning rate is set to le-3.

Evaluation Methods. We use seven metrics to evaluate the quality of the generated data in terms of
authenticity and fidelity. Authenticity is assessed by Sample Accuracy (SA) and Machine Learning
Efficiency (MLE, e.g., RMSE and AUC), while fidelity is evaluated using Shape, Trend, a-Precision,
(-Recall, and C2ST. A detailed description of these metrics is provided in Appendix C.3.

5.2 MAIN RESULTS

5.2.1 AUTHENTICITY EVALUATION

To evaluate ECR-DM in terms of preserving real-world tabular constraints (Q1), we conduct exper-
iments in Table 2 with the following two key observations.

Diffusion-based Methods Outperform Other Approaches. As shown in Table 2, diffusion-based
methods significantly outperform traditional and LLM-based models, particularly in SA. This is
especially notable for ECR-DM, which achieves the highest or near-optimal SA scores in multiple
datasets. The strong performance of diffusion-based models can be attributed to their progressive
denoising process. This process allows diffusion models to more effectively preserve real-world
constraints and generate more realistic synthetic data, as demonstrated by the superior SA scores in
comparison with baseline methods.

ECR-DM Generates More Realistic Data. As shown in Table 2, ECR-DM not only excels in SA
scores but also significantly narrows the performance gap with real datasets on downstream tasks,
such as RMSE and AUC. This is achieved by ECR-DM’ ability to enforce inter-column dependen-
cies and preserve real-world tabular constraints, ensuring that the generated synthetic data reflects
realistic patterns. By incorporating these constraints directly into the model, ECR-DM produces
data that adheres more closely to domain knowledge, enhancing its practical utility and fidelity.
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Table 2: SA and MLE scores to evaluate authenticity. 1 ({) indicates that the higher (lower) the
score, the better the performance. The best results are highlighted in bold, and suboptimal ones are
marked with an underline. The Average Gap measures the gap between the generated and real data.

Method

Data Metrics  Real CTGAN CTGAN+  TVAE P-TA  TabDDPM TABSYN TABDIFF ECR-DM
IRMSE 04219005 0.8500054 0.96001s0 0.83300ss 13240131 0.6341331  0.6130.024 05820012  0.4960 06
Beijing 1SA 100.000.00 24.7515.4s 8784648 1992338  39.02250  97.032615  97.580.07  98.600.30  98.640.07
IRMSE 08530005 0.8600015 6.8400030 0.99300s5 0.8210.011  3.1040000 0.8460010 0.8640.021  0.8140 02

News 1SA 100.000.00 000000  0.000.00  0.00000 000000 000000 076001 142137  1.200.04
TAUC 9239995  87.95074 8808141 8848200 913005: 81351555 8877076 9227021  92.920.16

Shoppers  45A 10000000 528220 9401305 1080205 000000 9756140 9797010 99.19%.00  99:970.03
TAUC 92.500.25 89.150.13  89.83p.07  88.66119  91.58).15 90.860.38 89.650.43  91.24¢.0s 91.32¢.07

Adult 1SA 100.00000  0.00000 815901 000000 10.1617.50 92.66017 6195097  91.59%29 9325079
TAUC 7648013 7350074 6867747 7255136 742917 7594018 7497078 1456039 7715046
Default TSA 100.000.00 ~ 52.562.20 9878119 7354113 12225117 99.29020 9994002 99.970.01  100.000.99

. TAUC 94.65¢.21 82.970.61 8731045 90.120.47  88.51p.59 93.210.55 8544990  93.550.43 93.65¢.35
Magic 1SA 100.000.00  87.750.99  97.39%.80 9856022 4447006 9927011 93.02005  99.280.06  99.780.05

JMLE - 21.27% 142.61% 22.11% 37.09% 55.08% 10.59% 7.46% 2.37%
Average Gap  |SA - 71.61% 23.40% 66.20% 82.35% 19.03% 24.80% 18.32% 17.86%

Table 3: Shape and Trend scores to evaluate data fidelity.
Method
Data  Metrics “CTGAN CTGAN+ TVAE P-TA  TabDDPM TABSYN TABDIFF ECR-DM

TShape 80.591,18 89.306_15 7932140 88.070427 64.013()'05 85.240.05 98.350,28 97.950,15
Beljing  +Trend  80.38ygs 77.96560 81.67168 7644950 58563197 7632003 96.86023 97.050.03

N . TShape 83.860,(}6 4956174 83.070,39 96.900,03 13-526.21 96.450,07 96.620,29 96.900.31
ews TTI'C[Id 94.820.09 8904043 93.410.03 88.490410 28.4547_59 98.350.03 98.340432 98.60[),13

tShape 7742178  70.00541 76.59123 83.35001 97.11o6a 9490003 98.14021  97.190.33
ShOppCI‘S TTI'CHd 86.780,21 70.523.27 81.881,44 52.750,10 93.871,67 92.400,30 97.880,15 96.790,35

TShape  83.78189 8334504 85.100.91 91.20018  98.940.13 9512002 98.84038  98.990.10
Adult  4Trend 8322554 82.11g9; 8568141 7681307 9775050 8673065 97.50056 97.660.46

TShape 8614039 85.560_66 8892035 93.360_04 98.350_10 96‘570,09 98.370_37 98.460_18
Default  4Trend  76.70p.s3 8242155 80.08275 27.92093 9413026  87.56155 9646106  97.600.26

. TShdpe 89.702_19 76.870_83 91.430,37 87.740_26 98.770_19 92-310,1] 98.640_20 98.700_42
Maglc TTrend 89‘380_99 88.300_39 9387063 83.17[)_()3 99.17[)_23 91‘10(),05 98.660_22 98.860_56

5.2.2 FIDELITY EVALUATION

To evaluate ECR-DM in terms of replicating the distribution of real-world data while capturing
inter-column dependencies (Q2), we conduct experiments in Table 3 and addition experiments in
Appendix D Table [6-8] with the following two key observations.

ECR-DM can faithfully replicate the real data distribution. As shown in Table [3,6-8], ECR-DM
outperforms the current best baseline method, TABDIFF, across all distribution evaluation metrics,
demonstrating its superior ability to replicate the distribution of real data. The higher Shape score
indicates that ECR-DM better captures intra-column distributions, while the improved «a-Precision
and ($-Recall show that ECR-DM preserves both fine-grained details and overall distribution con-
sistency (Detailed in Appendix D.1). Additionally, the higher C2ST score suggests that ECR-DM
more effectively preserves the real data pattern (Detailed in Appendix D.2).

ECR-DM can maintain inter-column dependencies. Table 3 shows that ECR-DM achieves op-
timal or near-optimal performance in metrics sensitive to column correlations, such as Trend
and Shape. These results indicate that ECR-DM successfully captures the relationships between
columns, maintaining realistic inter-column dependencies and generating synthetic data that aligns
closely with real-world patterns.

5.3 COMPONENT ANALYSIS AND DATA VISUALIZATION

5.3.1 ABLATION STUDIES

To evaluate the contribution of each individual component in ECR-DM to the overall model perfor-
mance (Q3), we conduct experiments in Table 4 with the following two key observations.
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Figure 3: Visualize of both intra- and inter-column distributions.
Table 4: Effect of component

PLM encoder alone provides limited improvement. Replac-

ing the MLP encoder with a pretrained PLM encoder yields only Eﬁzier CI;D CXI CtG :;UICI 92_/;4
marginal gains in both AUC and SA, as the PLM mainly projects ML T 9998
inputs into a unified semantic space without capturing the full com- PLM  x v x 7680 99.97
plexity of tabular data. oV B e
Column-level diffusion and constraints are critical. Adding PIM v v v 7715 10000

column-level noise and constraint guidance significantly improves both AUC and SA. The com-
bination of all modules, including PLM, column-level diffusion(CLD), constraint injection (CI),
and column-name guidance (CLG), achieves the highest AUC and full SA, demonstrating that these
components are essential for generating high-quality synthetic data that preserves inter-column de-
pendencies and adheres to domain knowledge.

5.3.2 SYNTHETIC DATA VISUALIZATION

To further analyze the effectiveness of ECR-DM, we visualize the generated synthetic data on the
Shoppers and News datasets in Fig. 3 and Fig. [6-8], with the following two key observations:

ECR-DM preserves real column distributions. Visualizations of categorical columns (e.g., Re-
gion in Shoppers and Weekday in News) and numerical columns (e.g., BounceRates in Shoppers and
n_tokens_title in News) show that ECR-DM closely matches the real data distributions. Compared
with other diffusion-based methods such as TabDDPM, TABSYN, and TABDIFF, ECR-DM better
preserves the distributions of minority classes (Detailed in Appendix E.1) and accurately captures
peaks in numerical columns (Detailed in Appendix E.2). These results indicate that the Noise Per-
turbation Mechanism helps ECR-DM focus on fine-grained details, producing synthetic data that is
more realistic and aligned with real-world patterns.

ECR-DM captures inter-column dependencies. Heatmaps of pairwise column correlations in the
Shoppers and News datasets show that ECR-DM maintains stronger correlation structures compared
with baseline diffusion methods, which exhibit more disrupted patterns (Detailed in Appendix E.3).
This demonstrates that ECR-DM effectively models inter-column relationships, ensuring that syn-
thetic samples reflect realistic dependencies across columns. Refer to Appendix E for more detailed
distribution visualizations and Appendix D.4 for authenticity visualizations.

6 CONCLUSION

This paper introduces ECR-DM, a novel Explicit Column Relationship-Based Diffusion Model for
synthetic tabular data generation that explicitly captures inter-column dependencies, learns the real
data distribution, and preserves real-world tabular constraints. The key innovation of ECR-DM
lies in integrating real-world tabular constraints into a carefully designed diffusion model, which
explicitly guides the capture of inter-column dependencies. We validate ECR-DM through extensive
experiments on six tabular data benchmarks, achieving superior performance across seven evaluation
metrics, especially on downstream tasks.
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materials that may pose environmental concerns. As such, we do not anticipate any ethical risks or
conflicts of interest. We are committed to upholding the highest standards of scientific integrity and
ethics to ensure the accuracy and credibility of our findings.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we provide detailed descriptions of all components of
our method, datasets, and experimental setups. The main paper includes the algorithmic descrip-
tion of our proposed ECR-DM model (Section 4) and an overview of the training and synthetic
tabular data generation procedures (Appendix B). Additional implementation details and hyperpa-
rameter settings are provided in Section 5.1. Statistical summaries of the tabular datasets used in our
experiments are described in Appendix C.1. All evaluation metrics is detailed in Section 5.1 and Ap-
pendix C.3. To further facilitate reproducibility, the source code is available through an anonymous
downloadable repository: https://anonymous.4open.science/r/ECR-DM-0C72. To-
gether, these materials provide the necessary information to reproduce the results reported in this

paper.
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A USE OF LLMs

LLMs were employed in this work to assist in writing and polishing the paper. All substantive
research content, results, and analyses were independently conducted by the authors. The use of
LLMs was limited to improving clarity, grammar, and presentation, and did not influence any scien-
tific findings. Detailed experimental methods and results are fully described in the main text of the

paper.

B ALGORITHMS

Algorithm 1 Training of ECR-DM

1: repeat

2:  Sample z ~ p(x)

3 fori=1,...,ndo

4: hl = PLM(LUZ‘, fz) (Eq 1)

S: /I NPM

6: ht = hY + o;(t)e, e ~ N(0,1) (Eq. 2)

7 /I CGR sy

8: ht < Time Embedding(t)

9: h! = Tabular Constrained Injection(hf, C') (Eq. 8)
10: hz = Noise Column Annotation(h, f;) (Eq. 9)

11:  end for . .

12:  hi, ..., k! = Dependencies Capture(hy,. .., h,) (Eq. 10)
13: & = MLP(h)

14:  Calculate denoising loss: L4 = > | ||é; — €:]|3, € = 04(t)e
15:  Update parameters 6 using Adam optimizer

16: until converges

Algorithm 2 Synthetic tabular data generation of ECR-DM

1: // Initialize sampling process for each column
for:=1,...,ndo
Sample Al ~ N(0,02(T)I), tmax = T
end for
rT = [T, ... hl]
/I CGR
for j = max,...,1do
for b’ in h's do
9: Ve logpi(h') ~ —sp(h’ 5, C, fi, by, s hai ) [ors(t;) (Bq. )

10: Get hY"~" via CGR in Eq. 5

11: end for

12: end for

13: b/ = [nlo, ... hl]

14: // Tabular Reconstruction

15: Put A’ as input of the Tabular Reconstruction in Eq. 13, then acquire Synthetic sample z’

16: a’ € D’ is the sampled synthetic tabular data

In this section, we present the training and data generation algorithms for ECR-DM, as detailed in
Algorithm 1 and Algorithm 2, respectively.

The training of ECR-DM begins by sampling data = from the true data distribution p(z). For each
column, the feature x; is encoded using a PLM. The NPM is then applied to each encoded col-
umn feature h;, adding noise at time ¢ according to a noise column-specific schedule o;(¢). Then
in CGR sy the resulting noisy features h! are further injected with real-world tabular constraints
C using the Tabular Constrained Injection, as shown in Eq. 8, and then annotated the real-world

13
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tabular constrained noisy features Bﬁ using Noise Column Annotation, as shown in Eq. 9. Next, the
inter-column dependencies among the column name annotated real-world tabular constrained noisy

features EE are captured through the Dependencies Capture module, as described in Eq. 10. The
model finally predicts the noise ¢; using a MLP. The denoising loss £, is computed as the differ-
ence between the predicted and true noise, and the model parameters € are updated using the Adam
optimizer. This process continues until convergence.

For the synthetic tabular data generation, ECR-DM begins by sampling initial noise values for each
column, denoted as h!, from a normal distribution with column-specific variance. The algorithm
then performs a CGR sg, which is trained in Algorithm 1, to iteratively refine the noise. At each time
step t;, the reverse process incorporates real-world tabular constraints and domain knowledge. This
process continues until the final values h’ are obtained. In the final step, the tabular reconstruction
transforms A’ into a synthetic tabular data sample x’ that adheres to the real data distribution, inter-
column dependencies, and practical constraints.

It is worth noting that the PLM and Tabular Reconstruction models in ECR-DM are pre-trained using
the method from Zhang et al. (2024), with their parameters frozen during the training of ECR-DM.

C DETAILED EXPERIMENT SETUPS

C.1 DATASETS

Table 5: Statistics of datasets. # Num/Cat stands for the number of numerical columns and the
number of categorical columns, respectively. # Inter-/Intra-Column stands for the number of Inter-
Column constraints and Intra-Column constraints, respectively.

Dataset #Rows # Num/Cat # Train/Validation/Test # Inter-/Intra-Colunm Task
Adult 48842 6/9 28943/3618/16281 3/13 Classification
Default 30000 14/11 24000/3000/3000 3/24 Classification
Shoppers 12330 10/8 9864/1233/1233 5/17 Classification
Magic 19019 10/1 15215/1902/1902 5/10 Classification
Beijing 43824 715 35058/4383/4383 5/11 Regression
News 39644 46/2 31714/3965/3965 10/47 Regression

We use six tabular datasets from the UCI machine learning library?, including Adult, Default, Shop-
pers, and Magic datasets for classification tasks, as well as Beijing and News datasets for regression
tasks. The statistical information of the dataset is shown in Table 5. Real-world tabular constraints
for each dataset are shown in Tables [9-14].

C.2 BASELINES

In this section, we introduce the baseline methods used in this paper in three groups:

1) Traditional methods include GAN-based methods (e.g., CTGAN and CTGAN+) and VAE-based
methods (e.g., TVAE):

* CTGAN and TVAE are two methods for synthetic tabular data generation proposed by Xu
et al. (2019). While both methods share the same underlying framework, they are built on
different generative models: CTGAN is based on GANs, whereas TVAE relies on VAEs.
Both approaches incorporate two key components: (1) mode-specific normalization, de-
signed to handle numerical columns with complex distributions; and (2) conditional gen-
eration of numerical columns based on categorical columns, aimed at addressing class im-
balance issues.

* CTAB-GAN+ (Zhao et al., 2024) builds upon existing methods CTGAN by incorporating
RDP-based privacy accounting, similar to DP-WGAN (Huang et al., 2022). Furthermore,
by leveraging the Was+GP loss, CTAB-GAN+ effectively constrains the gradient norm,

Mttps://archive.ics.uci.edu/datasets
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eliminating the need for weight clipping and resulting in more stable training for differen-
tially private GANS.

2) LLM-based methods:

» P-TA (Yang et al., 2024) proposes the use of Proximal Policy Optimization (PPO (Schul-
man et al., 2017)) to apply GANs to guide LLMs to refine the probability distribution of
tabular features and thereby generate more realistic data.

3) Diffusion model methods:

* TabDDPM (Kotelnikov et al., 2023) addresses the difficulty of handling categorical features
in diffusion models by introducing additional categorical diffusion models specifically for
categorical features. Despite its simplicity, our experiments have shown that TabDDPM
achieves excellent performance.

* TABSYN (Zhang et al., 2024) synthesizes tabular data by leveraging a diffusion model
within a VAE crafted latent space. Meanwhile, it adopts a simplified forward diffusion
process, which adds Gaussian noises of linear standard deviation with respect to time, thus
improving sampling speed.

» TABDIFF (Shi et al., 2025a) introduces a joint continuous-time diffusion process for both
numerical and categorical data, enabling the modeling of multimodal distributions of tabu-
lar data within a single unified framework. To address the large differences in the distribu-
tions of individual features, TABDIFF employs a feature-based learnable diffusion process,
which improves the model’s ability to accurately capture the overall data distribution.

C.3 METRICS

In this section, we provide a detailed introduction to all the evaluation metrics used in this paper.

C.3.1 SHAPE AND TREND

Shape. This metric measures the column-wise density estimation performance, which includes
the Kolmogorov-Smirnov Test (KST) (Berger & Zhou, 2014) for numerical features and the Total
Variation Distance (TVD) (Tao et al., 2024) for categorical data. Given two numerical distributions,
pr(x) (representing real data) and ps(x) (representing synthetic data), KST quantifies the distance
between these distributions by calculating the maximum discrepancy between their corresponding
Cumulative Distribution Functions (CDFs):

KST:SUP‘FT((E)—FS(JJ”, (14)

where F,.(z) and F(x) are the CDFs of p,.(x) and ps(x), respectively:

F(z) = /z p(z) dx. (15)

For categorical data, the TVD is commonly used. TVD computes the frequency of each category
and expresses it as a probability. The TVD score represents the average difference between the
probabilities of each category:

1
TVD = 5§2|R(w) - S(w)|, (16)

where w represents all possible categories in a given column (2, and R(-) and S(-) denote the real
and synthetic frequencies for these categories, respectively.

Trend. This metric measures the pair-wise column correlation estimation performance, which in-
cludes the Pearson Score for a pair of numerical columns and the Contingency Score for a pair of
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categorical columns:

1
Pearson Score = §Ep’y ‘pR(x, y) — p°(x,y)

. 1
Contingency Score = 3 Z Z |Ra,8 — Sa,sl,
acA BEB

)

a7

where p(z,y) and p°(z,y) denotes the Pearson correlation coefficient between column 2 and
column y of the real data and synthetic data, respectively. a and S describe all the possible categories
in column A and column B, respectively. R, 3 and S, g are the joint frequency of o and /3 in the
real data and synthetic data, respectively.

C.3.2 «-PRECISION AND 3-RECALL

Following Zhang et al. (2024), we adopt the a-Precision and 3-Recall metrics introduced in Alaa
et al. (2022) to evaluate the quality of synthetic tabular data. These two metrics are designed to pro-
vide sample-level assessments of how well the synthetic data approximates the real data distribution,
focusing on two critical aspects: fidelity and coverage.

a-Precision quantifies the fidelity of the synthetic data. Specifically, it measures the proportion of
synthetic samples that lie within the support of the real data distribution. In essence, it evaluates
whether the synthetic data points are realistic and indistinguishable from genuine data samples. A
high a-Precision score indicates that the synthetic generator avoids producing out-of-distribution
samples. On the other hand, S-Recall measures the coverage of the real data by the synthetic data.
It reflects how well the synthetic samples represent the entire variability of the real data. In practice,
[B-Recall evaluates whether every real data point is “close enough” to at least one synthetic sample,
thereby assessing how comprehensively the synthetic distribution captures the diversity present in
the original dataset.

Together, a-Precision and $-Recall provide a balanced view of synthetic data quality: the former
ensures fidelity, while the latter ensures completeness. These metrics are particularly important for
applications such as data augmentation, privacy-preserving data sharing, and model training, where
both overfitting to narrow patterns and missing important data characteristics can significantly harm
downstream performance.

C.3.3 MACHINE LEARNING EFFICIENCY (MLE)

To measure the ability of synthetic tabular data to support downstream task learning, we evaluate
their performance using Machine Learning Efficiency (MLE). Specifically, we adopt the Training on
Synthetic and Testing on Real (TSTR) (Fekri et al., 2019) scheme. In this approach, the real dataset
is first split into a training set and a testing set. Next, a generation model is used to synthesize
synthetic data that matches the size of the training set. This synthetic data is then used to train an
XGBoost classifier or XGBoost regressor. Finally, we evaluate these machine learning models based
on the real test set, calculating the AUC scores for classification tasks and the RMSE for regression
tasks, respectively.

C.3.4 ABILITY TO ACCURATELY GENERATE SAMPLE

Sample Accuracy (SA) evaluates the ability of a generative model to correctly generate samples, that
is, whether the generated samples can accurately follow real-world tabular constraints and domain
knowledge, as shown in Tables [9-14]. Enhancing the model’s ability to generate accurate and
representative samples can significantly reduce the likelihood of producing biased or even toxic
outputs. This improvement is particularly important for downstream tasks, where the quality and
reliability of the synthetic data directly impact model performance, fairness, and safety.
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C.3.5 DETECTION

Detection evaluates how difficult it is to distinguish synthetic data from real data when the two
are mixed. Specifically, we adopt the Classifier Two-Sample Test (C2ST) as implemented in the
SDMetrics library?, where a logistic regression model serves as the discriminator.

D ADDITION EXPERIMENTAL RESULTS

D.1 JOINT DISTRIBUTION

Table 6: Comparison of a-Precision scores. Bold Face represents the best score on each dataset and
marks the suboptimal ones with an underline.

Methods Adult Default ~ Shoppers Magic Beijing News Average Ranking

CTGAN  78.6l1s5 6848030 7842330 8325001 96.12145 97.00103 83.65
CTGAN+ 9335,65 87.57435 9273057 4174075 892711035 0.00000  67.45
TVAE 9671167 84.11176 6229740 8290002 90.58551 89.40g9>  84.33
TabDDPM  96.070.31 97.73043 9253174 98.200.75 98.67001  0.000.00  69.66
TABSYN  94.34; 556 9896010 95.09.40 9093010 91.11g41 9930005  94.95
TABDIFF 9941044 9838047 9928040 9932031 98.59.10 92.83205  97.97

ECR-DM  99.550.14 98.620.00 9941913 99.020.18 96.400.24 98.38:.11 98.56

— WA BRI

Table 7: Comparison of -Recall scores. Bold Face represents the best score on each dataset and
marks the suboptimal ones with an underline.
Methods Adult Default ~ Shoppers  Magic Beijing News Average Ranking

CTGAN  30.24119 1977964 3277984 10.67135 40.17142  26.181 02 26.63
CTGAN+  29.64737 21.591159 17.23302 017002  41.65199  0.000.00 18.38
TVAE 36.671.08 2149098 23.20265 3247044 2626229 27.78117 27.98
TabDDPM  48.72¢75 47.160.82 5413074 47.57093 19.13087  0.000.00 36.12
TABSYN 3324933 39.54026 38.600.94 17.22908 2034915 44.470.04 32.25
TABDIFF 4937121 50.53p32 4951155 46.850.79 58.060.13 37324534  48.67

ECR-DM 4890084 45.83p22 53.0909.50 46.530.57 60.50043 45.34¢ 28 50.03

[\ RN NRUS IRV, EEN Ne)Y

—_

Experiments in Section 5.2.2 use column-related distribution, including the column-wise density
estimation and pairwise column correlation estimation (Table 3), to evaluate the fidelity of synthetic
data generated from different models. However, these results are insufficient to evaluate the synthetic
data’s overall density estimation performance. Therefore, in this section, we adopt a-Precision and
[B-Recall to evaluate the joint distribution of the synthetic data.

As shown in Tables 6 and 7, we compared the a-Precision and -Recall scores of the ECR-DM
and baseline, respectively. ECR-DM achieved improvements of 0.60% and 2.72% in these two
metrics compared to the suboptimal method TABDIFF (Shi et al., 2025a), indicating that ECR-
DM maintains a balance between extensive data coverage and preserving fine-grained details, thus
faithfully capturing the breadth and depth of the true data distribution.

D.2 DETECTION SCORE (C2ST)

ECR-DM achieves either the best or second-best performance in terms of the Detection Score mea-
sured by the C2ST. This metric reflects how distinguishable the synthetic data is from the real data.
The strong performance of ECR-DM under this metric suggests that the synthetic samples generated
are highly realistic and closely align with the underlying real data distribution. Compared to baseline
models, ECR-DM produces synthetic data that is more difficult for a classifier (logistic regression)
to distinguish from real data, demonstrating its effectiveness in preserving key statistical proper-
ties while minimizing artifacts that often arise in generative processes. This property is particularly
important for downstream applications where distributional consistency between synthetic and real
data is crucial.

Shttps://docs.sdv.dev/sdmetrics
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Table 8: Detection score (C2ST) using logistic regression classifier. Bold Face represents the best
score on each dataset and marks the suboptimal ones with an underline.

Methods Adult Default Shoppers Magic Beijing News

CTGAN  0.6440.054 0.6399.025 0.711p.014 0.6819.014 0.7740.07s 0.695¢ 059
CTGAN+ 043602814 0.6600.005 0.0020.001 0.0200020 0.6970.920  0.0000.000
TVAE 0.7039.057 0.545p.034 0.297g5.020 0.8219031 0.694¢ 058 0.441.923
TabDDPM  0.9609.009 0.9815911 0.8619.006 0.9849012 0.3509.534 0.162¢.927
TABSYN  0.5720.019 0.7150.004 0.6800.007 0.7200.003 0.671p.001  0.8390.006
TABDIFF  0.967p012 0.9493.008 0.9590029 0.9700.007 0.9604.007 0.925¢.029

ECR-DM 0.9690,012 09490.016 0.916()'026 0.9720,024 0.9060_012 0.9490014

——MLE Shape Trend SA
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Figure 4: The impact of Condition Guidance Level Parameters p,, on MLE, SA, Shape, and Trend
across the Adult, Magic, Beijing, and News datasets.

D.3 ANALYSIS OF CONDITION GUIDANCE LEVEL PARAMETERS

To verify the impact of different Condition Guidance Levels p,, on the synthesized data (i.e., what
extent condition information should be considered during the sampling process), we evaluate the
variation trends of MLE, SA, Shape, and Trend with respect to the p,, on four datasets: Adult,
Magic, Beijing, and News. Adult and Magic are classification datasets, while Beijing and News are
regression datasets.

As shown in Fig. 4, we observe that the MLE, SA, Shape, and Trend metrics exhibit similar trends
in response to changes in the Condition Guidance Level Parameter p,,. The almost consistent pattern
of changes in these metrics suggests that there may be a correlation between them, and that adjusting
p,, influences multiple aspects of the synthesized data in a related manner.

D.4 VISUALIZATION OF AUTHENTICITY COMPARISON BETWEEN SYNTHETIC DATA AND
REAL DATA

As shown in Fig. 5, we visualize the real Adult dataset alongside samples generated by TABSIF
and ECR-DM. In Fig. 5, columns with the same color in each row indicate violations of real-world
tabular constraints. The real dataset strictly adheres to these constraints; for example, if the “Rela-
tionship” column is “Husband,” the “Gender” column must be “Male.” While TABDIFF captures
the overall data distribution, it ignores these constraints, resulting in unrealistic samples, such as as-
signing "Husband” to female entries. In contrast, ECR-DM integrates real-world constraints through
the CGR process, improving its ability to generate data that respects constraints and substantially
reducing the proportion of incorrect or misleading samples. This results in synthetic tabular data
that is both realistic and practically useful.

E DETAILED VISUALIZATION EXPERIMENT

This section supplements Section 5.3.2 by providing a more detailed description of the distribution
visualization experiment, as outlined below:
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Real Data

age workclass fnlwgt education | education.num | marital.status occupation | relationship race sex capital.gain | capital.loss hours.per.week native.country’ income
39 State-gov | 77516 | Bachelors 13 [AEvele fac L LIy White Male 2174 0 40 United-States  <=50K

married clerical family
38 Private | 215646 | HS-grad 9 Divorced | Handlers- | Notin- 1y Male 0 0 @ United-States|  <=50K

cleaners family
50 Self-emp- | g3311 | Bachelors 13 Married-civ-| EXeC- | pyhang | white Male 0 0 13| United-States|  <=50K
not-inc spouse managerlal
Synthetic Data of TABDIFF

age workclass fnlwgt | education | education.num | marital.status| occupation | relationship race sex capital.gain | capital.loss |hours.per.week|native.country| _income
59 Self-emp-inc| 71411.234 | HS-grad 9 Widowed Sales  |Not-in-famil White Female 8010.6533 0 40 United-States >50K
51 Private 103360.13 | HS-grad 8 Widowed | Craft-repair | Husband White Female 0 0 40 United-States | >50K
65 |Self-emp-inc| 167608.52 | 1st-4th 1 REE Exec- | shand White Male 7688 0 35 United-States | >50K

married managerial

Synthetic Data of ECR-DM
age workclass fnlwgt education | education.num | marital.status i race sex capital.gain |capital.loss |hours.per.week| native.country| income
50 |Self-emp-inc| 23532089 | SOMe 10 Martied=Civ- | ¢ renair | Husband White Male 8231633 0 60 Germany >50K
college spouse
Some- Married-civ- Exec- 3 & .

53 Local-gov | 189195.48 &lED 10 spouse 8] Wife White Female 0 0 35 United-States >50K
3 Private | 3322150 | Sin-6th 2 Married-Civ- |y clerical  wife | ASATPAC | ponple 0 0 W Mexico | <=50K

spouse Islander

Figure 5: Visualize real and synthetic data of Adult dataset.
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Figure 6: Visualization of Categorical Column Distribution.

E.1 DETAILED DESCRIPTION OF CATEGORICAL COLUMN DISTRIBUTION VISUALIZATION

Fig. 6 visualizes the distribution of the categorical column Region in the Shoppers dataset and the
categorical column Weekday in the News dataset. The horizontal axis represents the class of the
categorical column, and the vertical axis represents the number of samples for each class in the
dataset (i.e., real data and synthetic data generated by TabDDPM, TABSYN, TABDIFF, and ECR-
DM, respectively).

As shown in Fig. 6, TabDDPM exhibits significant deviations from the real distribution for both
the Region and Weekday columns. In contrast, ECR-DM better preserves the real distributions
compared to TABSYN and TABDIFFE. Notably, for the Region column in the Shoppers dataset,
ECR-DM maintains the distributions of minority classes 5, 8, and 9 closely aligned with the real data,
whereas TabDDPM and TABSYN show substantial deviations, and TABDIFF deviates significantly
in class 9. These results indicate that ECR-DM effectively preserves the distributions of categorical
columns and the NPM module enhances its ability to focus on fine-grained details, maintaining the
distribution of minority class and producing more realistic synthetic data.

E.2 DETAILED DESCRIPTION OF NUMERICAL COLUMN DISTRIBUTION VISUALIZATION

Fig. 7 visualizes the one-dimensional kernel density estimation (KDE) curves for the the numerical
column BounceRates in the Shoppers dataset and the numerical column n_tokens_title in the News
dataset, where the black line represents the real data and the blue line represents the synthetic data.

As shown in Fig. 7, TabDDPM, TABSYN, and TABDIFF poorly capture the peak values in
the BounceRates column. In contrast, ECR-DM fits the BounceRates column more accurately.
Moreover, ECR-DM also captures the distribution of more complex numerical columns, such as
n_tokens_title, whereas TabDDPM exhibits a significant shift due to its limited modeling capac-
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Figure 7: Visualization of inter-column distributions.
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Figure 8: Visualization of inter-column distributions.

ity. These results demonstrate that ECR-DM effectively preserves the distributions of numerical
columns.

E.3 DETAILED DESCRIPTION OF NUMERICAL COLUMN DISTRIBUTION VISUALIZATION

Fig. 8 visualizes the ability of the synthetic Shoppers and News datasets to preserve inter-column
correlations using a heatmap, where lighter colors indicate stronger correlation preservation. TabD-
DPM and TABSYNshow an increase in dark blocks on both datasets, indicating a weaker ability to
maintain inter-column correlations. In contrast, ECR-DM demonstrates strong correlation preserva-
tion on both datasets, further confirming its effectiveness in capturing inter-column dependencies.
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Table 9: Real-world Tabular Constraints of Adult.

Dataset Constraints
Predict whether the annual income of an individual exceeds $50K/yr based on census data.
Also known as the “Census Income” dataset.

Intra-Column Constraints

1.Age is between 17 and 90 (inclusive of 17, exclusive of 91).

2.Workclass must be one of a specific list (e.g., “Private”, “Federal-gov”, etc.).
3.Fnlwgt (final weight) must be a non-negative number.

4.Education must be from a predefined list (e.g., “HS-grad”, “Masters”, etc.).
5.Education number (numeric representation) must be between 1 and 16.
6.Marital status must match one of the listed valid options.

7.0Occupation must match a set list of roles.

8.Relationship must be a valid type (e.g., “Husband”, “Own-child”).

9.Race, Sex, and Income must be one of the specified categories.

10.Capital gain must be between 0 and 99,999.

11.Capital loss must be non-negative.

12.Hours worked per week must be between 1 and 99.

13.Native country must be one of the recognized entries.

Inter-Column Constraints

1.If the relationship is “Husband” or “Wife”, then marital status must imply the person is or
was married. If someone is “Never-married”, they shouldn’t be listed as “Husband” or “Wife”.
2.if someone has a higher education degree (Masters, Doctorate, Prof-school), they must be at
least 22 years old.

3.Ensures that if the workclass indicates self-employment, the relationship should not be
“Own-child”.

Table 10: Real-world Tabular Constraints of Shoppers.

-

Dataset Constraints
Of the 12,330 sessions in the dataset, 84.5% (10,422) were negative class samples that did not
end with shopping, and the rest (1908) were positive class samples ending with shopping.

Intra-Column Constraints

1.Administrative, Informational, ProductRelated: must be non-negative integers within known
upper limits (e.g.,Administrative < 27, Informational < 24, ProductRelated < 705).
2.Durations: (e.g., Administrative_Duration) must be non-negative.

3.BounceRates and ExitRates: must be between 0 and 0.2.

4.PageValues and SpecialDay: must be > 0, with SpecialDay < 1.

5.Month: must be a valid month string (e.g., “May”’, “Nov”).

Inter-Column Constraints

1.If a visit count (e.g., Administrative) is zero, the corresponding duration must also be zero.
2.If duration is greater than 0, then the corresponding visit count must be > 0.

3.If BounceRates > 0.2, then ProductRelated should be < 10.

4.If a user viewed fewer than one product-related page, then PageValues must be 0.

5.If PageValues > 0, then ProductRelated_Duration > 0 must be true.
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1134
1:22 Table 11: Real-world Tabular Constraints of Default.
137 ( Dataset Constraints
1138 The dataset consists of feature vectors belonging to 12,330 sessions. The dataset was formed
1139 so that each session would belong to a different user in a 1-year period to avoid any tendency
1140 to a specific campaign, special day, user profile, or period.
1141
1142 Intra-Column Constraints
1143 1.LIMIT_BAL: Credit limit is between 10,000 and 1,000,000.
1144 2.SEX: Coded as 1 (male) or 2 (female).
1145 3. EDUCATION: Must be one of 0—6 (0 = unknown, 1 = graduate school, etc.).
e 4 MARRIAGE: Must be one of 0-3 (0 = unknown, 1 = married, etc.).

5.AGE: Between 18 and 100 years.
e 6.PAY_0 to PAY_6: Monthly payment statuses must be in the range [-2, 8]. These indicate
1148 repayment behavior (e.g., -1 = paid in full, 1 = one month delay, etc.).
1149 7.BILL_AMTI1 to BILL_AMT6: Monthly bill amounts fall within observed realistic ranges
1150 (can be negative, possibly indicating credit).
1151 8.PAY_AMTI to PAY_AMT6: Payments are between O and an upper bound (no negative
1152 payments).
1153 9.default_payment_next_month: Must be O or 1 (0 = no default, 1 = default).
1154
1155 Inter-Column Constraints
1156 1.For any month where the payment status (PAY _*) indicates a delay greater than 1 month, the
. corresponding bill amount (BILL_AMT?*) must be non-negative (i.e., the person owed money)

2.If there is any positive payment in a month, the total of all bill amounts should be greater
1158 than or equal to the total payments.
1159 3.If a person is 20 years or younger, their credit limit (LIMIT_-BAL) must be zero or less
1160 (suggesting they should not have a credit limit).
1161 -
1162
1163
::2: Table 12: Real-world Tabular Constraints of Magic.

-

1166 Dataset Constraints
1167 Data are MC generated to simulate registration of high-energy gamma particles in an atmo-
1168 spheric Cherenkov telescope.
1169
1170 Intra-Column Constraints
1171 1.All physical quantities (like Length, Width, Size, Dist) must be non-negative.
1172 2.Concentration ratios (Conc, Concl) must be between 0 and 1.

3.Asymmetry and moment features must fall within realistic range limits (e.g., -500 to 580).
1173 .

4.Alpha (angle in degrees) must be between 0 and 90.
:;g 5.class must be either g’ (gamma-ray signal) or h’ (hadron background).
1176 Inter-Column Constraints
1177 1.The major axis (Length) must be > minor axis (Width), as expected for an ellipse.
1178 2.The intensity from the highest pixel (Concl) must be < the sum of the top 2 pixels (Conc),
1179 and both must be <1.
1180 3.If the image is highly concentrated (Conc > 0.5), the total intensity (Size) should be
1181 sufficiently large (>1.5). This helps avoid extreme concentration in very faint showers, which
1182 is likely noise.
1183 4.If the ellipse is centered (Dist < 50) and symmetric (Asym ~ 0), then the orientation angle
1184 (Alpha) should be small (< 30°). This reflects physically aligned gamma-ray events.

5.If the asymmetry is large (absolute value > 100 mm), then the third moment along the major
e axis (M3Long) should also be large (>|8| mm), reflecting skewed energy distributions in real
1186 air showers.
1187 -
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Table 13: Real-world Tabular Constraints of Beijing.

Dataset Constraints
This data set contains the PM2.5 data of the US Embassy in Beijing. Meanwhile, meteorologi-
cal data from Beijing Capital International Airport are also included.

Intra-Column Constraints

1.Year should be between 2010 and 2014.

2.Month: between | and 12, Day: between 1 and 31, Hour: between 0 and 23.
3.PM2.5 concentration (pm2_5) must be non-negative.

4.Dew point (DEWP) must be > -100.

5. Temperature must be between -50 and 60 °C.

6.Pressure (PRES) must be between 800 and 1100 hPa.

7.Wind direction (cbwd) must be one of "SE’, 'NW’, "cv’, 'NE’).

8.Wind speed (Iws) and other count columns (Is, Ir) must be non-negative.

Inter-Column Constraints

1.Ensures that a month like 24 6 9 11 doesn’t have 31 days.

2.For February, it checks if the year is a leap year, and sets the maximum allowed day to 29
(leap) or 28 (non-leap).

3.The dew point (DEWP) should never exceed the actual temperature (TEMP).

4.1f wind speed (Iws) is high (>10), the PM2.5 (pm2_5) level is expected to be below 800
(because wind typically disperses pollutants).

5.If there is no wind (wind speed (Iws) = 0), then the wind direction (cbwd) should be ’cv’
(likely short for “calm/variable”).

Table 14: Real-world Tabular Constraints of News.

Dataset Constraints

This dataset summarizes a heterogeneous set of features about articles published by Mashable
in a period of two years. The goal is to predict the number of shares in social networks
(popularity).

Intra-Column Constraints

1.Numeric Features (e.g., n_tokens_title, average_token_length) must be non-negative.
2.num_keywords: must be between 1 and 10.

3.LDA_00 to LDA _04: must be between O and 1.

4 title_sentiment_polarity, avg_negative_polarity, etc., must lie in valid sentiment ranges (e.g.,
[-1, 1D.

5.Sharerelated features (e.g., shares, self_reference_min_shares): must lie between 0 and
843300 (the observed max).

Inter-Column Constraints

1.Ensures that the sum of positive and negative word rates is approximately 1 (£0.01 tolerance).
2.when there is at least one keyword, the three keyword minimum/average features are each >
-1.

3.Enforces that the average of keyword metrics follows a logical order: kw_min_avg <
kw_avg_avg < kw_max_avg.

4.Self-reference shares follow: min < avg < max.

5.Verifies that the sum of all LDA topic probabilities is approximately 1.

6.Ensures: min_positive < avg_positive < max_positive

7.Ensures: min_negative < avg_negative < max_negative

8.Ensures: abs_title_sentiment_polarity == abs(title_sentiment_polarity)

9.1If global_rate_positive_words > 0, then avg_positive_polarity must be > 0.

10.If global_rate_negative_words > 0, then avg_negative_polarity must be < 0.
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