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Abstract

Diffusion-based tabular data synthesis models have yielded
promising results. However, when the data dimensionality
increases, existing models tend to degenerate and may per-
form even worse than simpler, non-diffusion-based models.
This is because limited training samples in high-dimensional
space often hinder generative models from capturing the dis-
tribution accurately. To mitigate the insufficient learning sig-
nals and to stabilize training under such conditions, we pro-
pose CtrTab, a condition-controlled diffusion model that in-
jects perturbed ground-truth samples as auxiliary inputs dur-
ing training. This design introduces an implicit L2 regular-
ization on the model’s sensitivity to the control signal, im-
proving robustness and stability in high-dimensional, low-
data scenarios. Experimental results across multiple datasets
show that CtrTab outperforms state-of-the-art models, with a
performance gap in accuracy over 90% on average.

Code — https://github.com/zuqingli0404/CtrTab
Extended version — https://arxiv.org/abs/2503.06444

Introduction
Tabular data synthesis is an important problem with a wide
range of applications. A common motivation is to facilitate
privacy-preserving data sharing, i.e., to use synthetic data
in scenarios where access to real data is restricted due to
privacy concerns. In recent years, tabular data synthesis has
also been used to help address data scarcity (Hsieh et al.
2025; Liu et al. 2024; Lu et al. 2023), augmenting train-
ing datasets to satisfy the need of modern machine learn-
ing models which are often data hungry. Meanwhile, the
database community is using synthesized data for system
performance benchmarking (Pang et al. 2024; Sanghi and
Haritsa 2023; Yang et al. 2022). In this work, we focus on
the non-privacy-sensitive settings, and we aim to synthesize
data to enhance the performance of downstream tasks such
as machine learning effectiveness (Zha et al. 2025).

Early studies on tabular data synthesis are primarily based
on statistical models (Aggarwal and Yu 2004; Barak et al.
2007; Li et al. 2014; Park, Ghosh, and Shankar 2013; Zhang
et al. 2014). With the rise of deep learning, models based
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Figure 1: Challenges in tabular data synthesis over high-
dimensional data. As the dimensionality increases, F1 scores
of all existing models in machine learning tests decrease,
while those of our model CtrTab remain stable.

on GANs and diffusion (Chen et al. 2019; Kim et al. 2021;
Kotelnikov et al. 2023; Liu et al. 2024; Xu et al. 2019) are
adopted. At the same time, to ensure the quality of syn-
thesized data, studies introduce conditional generation (Liu
et al. 2024; Xu et al. 2019; Zhao et al. 2023), incorporating
additional information to guide the synthesis process.

Existing studies (Kim, Lee, and Park 2023; Kotelnikov
et al. 2023; Lee, Kim, and Park 2023; Liu et al. 2024;
Zhang et al. 2024) focus on datasets with a small number
of columns (typically fewer than 50) and a large number of
samples, where learning the underlying distribution is more
tractable. A critical challenge underexplored is the difficulty
posed by sparse, high-dimensional tabular data, i.e., tables
with many (e.g., hundreds of) columns and only a few rows.

This situation, common in fields like biomedicine, suffers
from the curse of dimensionality — as the number of fea-
tures grows, data points become increasingly sparse in the
feature space, and the distances between neighboring sam-
ples grow larger, making it difficult for models to accurately
capture the underlying distribution. In addition, the limited
number of samples poses the risk of overfitting, as models
may memorize the training data instead of generalizing to
unseen samples, further aggravating the challenge of reli-
able data synthesis in high-dimensional settings. Even the
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performance of the state-of-the-art (SOTA) diffusion model
TabSyn (Zhang et al. 2024) for tabular data synthesis is still
far from satisfactory under such settings. To verify this, we
use data generation tools from Scikit-learn to generate
tabular data, fixing the number of samples (rows) at 3,000
while varying the number of features (dimensions) from 10
to 500, with a class balance ratio of 0.5 for a binary classifi-
cation task. For each dataset, we use 80% data to train recent
tabular data synthesis models, and 20% for testing (follow-
ing the machine learning tests detailed in the experimental
section). Figure 1 plots the test results in F1 score. There
is an overall decreasing trend in F1 for all models (except
CtrTab which is ours), which is particularly obvious as the
dimensionality reaches 500.

To address this issue, we propose CtrTab, a condition-
controlled diffusion model designed for high-dimensional,
low-data regimes. CtrTab introduces a control module
alongside the denoising network. During training, each sam-
ple is perturbed with Laplace noise, serving as an auxiliary
control signal. This control input is encoded and integrated
into the decoder of the denoising network. Beyond improv-
ing controllability during generation, the control module
provides an additional learning signal during training, en-
hancing the model’s robustness.

For better generalization under limited training samples,
we employ a noise injection training strategy that systemat-
ically perturbs training samples. We theoretically show that
this process is equivalent to introducing an implicit L2 reg-
ularization on the model’s sensitivity to the control input,
promoting smoother mappings and enhancing generaliza-
tion beyond the sparse training data (Elman et al. 2020).

We conduct extensive experiments to show that while
simple designs, e.g., perturbing data for augmentation or ex-
panding model capacity, could offer some improvements,
they fall short of addressing the underlying challenges. In
contrast, CtrTab outperforms state-of-the-art models across
various datasets, validating the effectiveness of our design.

Our contributions are summarized as follows: (1) We pro-
pose a diffusion-based tabular data synthesis model named
CtrTab to address the challenge of sparse, high-dimensional
data. Unlike existing diffusion-based models (Kotelnikov
et al. 2023; Zhang et al. 2024) which struggle significantly
under such settings, CtrTab introduces a control module and
a noise injection training strategy that work together to im-
prove model generalizability and robustness in complex tab-
ular scenarios. (2) We provide a theoretical analysis show-
ing that the proposed noise-based training is equivalent to
L2 regularization, where the noise scale flexibly controls
the strength of regularization, enhancing model smoothness
and stability. (3) We conduct experiments that extend tab-
ular data synthesis to tables with up to 10,001 dimensions.
The results show that machine learning models trained with
data synthesized by CtrTab are much more accurate than
those trained with data synthesized by SOTA models, with a
performance gain of over 90% on average, confirming that
CtrTab is more effective in learning the data distribution.

Related Work
Tabular Data Synthesis Recent advances in tabular data
synthesis have shifted from statistical approaches (Aggarwal
and Yu 2004; Barak et al. 2007; Li et al. 2014; Park, Ghosh,
and Shankar 2013; Zhang et al. 2014) to deep generative
models such as GANs (Chen et al. 2019; Kim et al. 2021;
Park et al. 2018; Wen et al. 2022; Xu et al. 2019; Zhao et al.
2023), large language models (LLMs) (An et al. 2025; Wang
et al. 2024) and diffusion models (Kim, Lee, and Park 2023;
Kotelnikov et al. 2023; Lee, Kim, and Park 2023; Liu et al.
2024; Pang et al. 2024; Shi et al. 2024; Zhang et al. 2024; Si
et al. 2025). While GAN-based models suffer from training
instability (Arjovsky, Chintala, and Bottou 2017), diffusion-
and LLM-based models (An et al. 2025; Wang et al. 2024)
have shown improved sample quality and training robust-
ness. Recent studies also consider missing-value imputation
or minority-class data synthesis (D’souza, M, and Sarawagi
2025; Kim, Lee, and Park 2025; Schreyer et al. 2024).

Most existing diffusion models focus on low-dimensional,
dense tabular data and do not generalize well to high-
dimensional, low-sample scenarios. Our model represents a
latest development of the diffusion-based models that ad-
dresses this gap.

Conditional Tabular Data Synthesis Conditional gener-
ative models have been proposed for tabular data synthe-
sis with additional constraints. CTGAN (Xu et al. 2019)
incorporates class labels in the generator to produce data
conditioned on the target class. CTAB-GAN+ (Zhao et al.
2023) extends CTGAN to support both discrete and contin-
uous data class labels. RelDDPM (Liu et al. 2024) uses a
classifier-guided conditional diffusion model. It first trains
an unconditional model to fit the input data distribution.
Then, given a constraint, e.g., a target class label, it trains
a classifier, the gradient of which is used to control sample
generation. Our model does not concern class-conditioned
generation. Instead, we introduce a control module to guide
learning under sparse, high-dimensional conditions. There
are also works utilizing LLMs (Fang et al. 2024; Wang et al.
2024). We aim for lighter-weight solutions and do not con-
sider such solutions further.

Learning High-Dimensional Distribution with Sparse
Data High-dimensional data poses significant challenges
for machine learning. In probably approximately correct
learning (Valiant 1984), the generalization error of a model
depends on both the data dimensionality and the hypothe-
sis class complexity. Typically, both the hypothesis space
complexity and the required sample size grow exponentially
as the dimensionality increases, making generalization more
difficult. For generative models, increased dimensionality
results in sparse data distributions (Bishop 2006), making it
difficult for models to capture the underlying data structure.

Preliminaries
Problem Statement Consider a table T of N rows, where
each row xraw consists of Dnum numerical features and Dcat
categorical features that correspond to variables xnum and
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xcat, respectively. Categorical variables are encoded into nu-
merical representations (e.g., one-hot encoding) before be-
ing used as model input. Let the dimensionality of all cate-
gorical variables after encoding be E(Dcat). The total model
input data dimensionality is then D = E(Dcat) + Dnum.
Each row of T , i.e., a data sample, is expressed as x =
[xnum,xcat], where xnum ∈ RDnum and xcat ∈ RE(Dcat).

Our aim is to train a generative model pθ(T ) such that
the distribution of the generated data approximates that of
the real data (i.e., rows) in T . We focus on sparse, high-
dimensional data, where N ≪ 2D. Here, 2D represents the
volume of the data space, which grows exponentially with
D. We design our model based on diffusion models. Below,
we briefly outline the core idea of diffusion models.

Denoising Diffusion Probabilistic Model The denois-
ing diffusion probabilistic model (DDPM) (Ho, Jain, and
Abbeel 2020) (see Figure 5 in the extended version) has
two processes: a forward process and a reverse process, both
Markov chains. In the forward process, noise is added to a
data sample x0 from distribution q(x0):

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) , (1)

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I) , (2)

where t is the number of noise adding steps (timesteps),
βt controls the variance of the noise, αt = 1 − βt, and
ᾱt =

∏t
i=1 αt. In the reverse process, given a sample xt

with pure random noise which is usually from a Gaussian
distribution, a denoising network (i.e., the diffusion model)
learns to iteratively denoise xt until it is restored to the ini-
tial sample x0. The reverse process can also be expressed as
a Gaussian distribution through derivation:

q(xt−1|xt,x0) = N (xt−1; µ̃t(xt,x0), β̃t) , (3)

where µ̃t(xt,x0) =
√
ᾱt−1βt

1−ᾱt
x0+

√
αt(1−ᾱt−1)

1−ᾱt
xt and β̃t =

1−ᾱt−1

1−ᾱt
βt.

The model learning process aims to maximize the varia-
tional lower bound:

log(q(x)) ≥ Eq

[
log pθ(x0|x1)︸ ︷︷ ︸

L0

−DKL(q(xT |x0)∥p(xT ))︸ ︷︷ ︸
LT

−

∑
t>1

DKL(q(xt−1|xt,x0)∥pθ(xt−1|xt))︸ ︷︷ ︸
Lt−1

]
, (4)

where DKL(·) is the KL divergence, q(x) the probability
distribution of x0, pθ the parameterized model θ to approxi-
mate the probability distribution of the reverse process, and
T the timestep at which noise is added, such that the original
data distribution matches standard Gaussian distribution.

To maximize this lower bound means to minimize the KL
divergence between q(xt−1|xt,x0) and pθ(xt−1|xt). This
objective further reduces to minimizing the sum of mean-
squared errors between ϵ — the ground-truth error from x0
to xt — and ϵθ, the predicted noise by a denoising network:

Lsimple(θ) = Ex0,t,ϵ

[
∥ϵ− ϵθ(xt, t)∥2

]
. (5)

Here, t and ϵ are generated randomly at training, while xt

is from adding noise to x0 with Eq. (2).

Once trained, the denoising network ϵθ is used for data
generation (called the sampling process). It takes xt and a
timestep t as input, and its goal is to denoise xt iteratively
back to x0 (i.e., a generated sample). Specifically, at each
timestep t, it computes xt−1 from xt as follows:

xt−1 =
1√
αt

(xt −
1− αt√
1− ᾱt

ϵθ(xt, t)) + σtz , (6)

where σt is the noise scale at timestep t, and z follows the
standard Gausssian distribution.

Methodology
As Figure 2 shows, CtrTab consists of two branches, a de-
noising network and a control module. The control module
can be applied to different diffusion-based models – we use
the SOTA model TabSyn (Zhang et al. 2024). With this mod-
ule, CtrTab is trained on noisy data in addition to raw input
to learn the input distribution more effectively, as will be
shown by our theoretical analysis in the next section.

Denoising Network The denoising network takes as input
a noisy sample xt (which comes from an encoded represen-
tation of ground-truth sample x0 during training and from
standard Gaussian noise during sampling) and a timestep t.
It outputs a predicted noise ϵθ.

We adopt TabSyn’s denoising network design and latent
encoding strategy (detailed in the extended version as this is
not our focus). Each raw sample xraw from table T is trans-
formed into x0 using a model-agnostic embedding method.
The hidden layers consist of three fully connected layers
with SiLU activation functions. A final linear layer is applied
to predict the noise. Note that our contributions focus on the
control module and noise-based training (detailed next). The
denoising network is modular and can be replaced with other
networks (e.g., RelDDPM (Liu et al. 2024) in our experi-
ments).

Control Module We introduce a control module that re-
ceives a noisy version of the ground truth x0 as the con-
ditioning input Cf , enabling conditional generation to en-
hance model learning capability. This approach draws inspi-
ration from classifier-free guidance (CFG) (Ho and Salimans
2021; Zhang, Rao, and Agrawala 2023), where conditions
are injected into the diffusion model to guide data synthesis.
Unlike CFG, we enable fine-grained control via an auxiliary
network to inject conditions into the denoising process.

Noisy input. We use Laplace noise to form Cf for its em-
pirical effectiveness (detailed in experimental results):

Cf = x0 + Laplace(b) , (7)

where Laplace(b) represents the Laplace noise with mean
0 and variance 2b2 – b is the noise scale. This noise-added
input serves as a form of L2 regularization during training,
aiming to improve generalization with limited data.

The control module and the denoising network interact
via input fusion and control fusion.

Input fusion. The control module and the denoising net-
work share the same input xt and t, i.e., the sinusoidal
timestep embedding (Kotelnikov et al. 2023; Liu et al. 2024;
Zhang et al. 2024):

temb = Linear(SiLU(Linear(SinTimeEmb(t)))) , (8)
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Figure 2: Overview of CtrTab. The left (blue) is a denoising
network, which receives the noisy input xt and the timestep
t, and predicts noise ϵθ. The right (yellow) is the control
module, which encodes conditioning input Cf and injects
intermediate features via element-wise addition (⊕). All fu-
sion operations are followed by zero convolution to match
dimensions. This modular design allows injecting condition-
ing signals without altering the diffusion backbone.

the timestep embedding is fused with xt for both modules:

xleft = Linear(xt) + temb ,

xright = Linear(zero convolution(Cf ) + xt) + temb . (9)

Here, xleft is the output of the top linear layer of the de-
noising network, and xright is that of the top zero convolution
and linear layers (see Figure 2). A zero convolution layer,
implemented as a 1 × 1 convolution with zero-initialized
weights and biases, is used to match dimensions and pre-
serve alignment. The purpose is to learn effective encoded
information of the condition before injecting it into the de-
coding layers of the denoising network to guide the output.

Control fusion. The embedding xright then goes through
an encoder block and a mid block, which are copied from the
denoising network. The denoising network is pretrained and
kept frozen when training the control module, to retain its
strong data synthesis capability for denser, low-dimensional
data. Let hleft be the hidden outputs of the denoising net-
work, and hright be the output of the counterpart blocks in
the control module. These outputs are fused as:

hfusion = hleft + zero convolution(hright) . (10)

Algorithm 1: Training
for each step do

Sample x0 ∼ q(x0), t, and ϵ
Compute perturbed data xt and Cf

Calculate loss ∥ϵ− ϵθ(xt,Cf , t)∥2
Update the control module via backpropagation

end for
return Trained CtrTab

Algorithm 2: Sampling
Sample xT , Cf

for t = T, . . . , 1 do
Predict ϵθ(xt,Cf , t) using CtrTab output
Obtain xt−1 through the reverse equation of CtrTab

end for
return x0

Note the red line in Figure 2, which connects the raw con-
trol module input directly to the output of the denoising net-
work. This design preserves low-level condition information
and complements the encoded high-level guidance, improv-
ing controllability and generation quality, especially in high-
dimensional scenarios.

Training and Inference Our training objective is:

LDDPM (θ) = Ex0,t,ϵ,Cf ∥ϵ− ϵθ(xt, t,Cf )∥2 . (11)

We also support score-based generative models (Song
et al. 2021)1 formulated as stochastic differential equations
(SDEs), details can be found in the extended version.

As noted earlier, during training, gradients flow through
the entire model, but only the control module’s parameters
are updated while the denoising network remains frozen.

Algorithm 1 and 2 summarize the training and inference
(i.e., sampling) of CtrTab, respectively.

Theoretical Results
We show that adding appropriate noise to the condition leads
to a training objective analogous to one with the L2 regular-
ization, which is known to help prevent overfitting to the true
data distribution (Ng 2004). For simplicity, in this section,
we use Cf to denote the noise-free condition, and Cf + ϵ̃
the noise-added condition. We present a summary of the the-
oretical results here and full proofs in the extended version.

Theorem 1. Let the training objective of CtrTab be to mini-
mize L = Ex0,t,ϵ,Cf

∥ϵ− ϵθ(xt, t,Cf )∥2, and let the train-
ing objective with a noise added condition be to minimize
L̃ = Ex0,t,ϵ,Cf ,ϵ̃∥ϵ− ϵθ(xt, t,Cf + ϵ̃)∥2, where ϵ̃ is a noise
drawn from a distribution with mean 0 and variance η2.
Then, L̃ = L + η2LR holds, where LR is a regularization
term in Tikhonov form.

Proof Sketch. Expansion of the training objectives. Fol-
lowing prior work (Bishop 1995; Webb 1994), we define
y(Cf ) := ϵθ(xt, t,Cf ) to simplify the notation. Then,
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L = Ex0,t,ϵ,Cf
∥ϵ− ϵθ(xt, t,Cf )∥2 can be expanded as:

L =

∫ ∫ ∫ ∫
{y(Cf )− ϵ}2p(ϵ|t,x0,Cf )p(t,x0,Cf ) dt dx0

dϵ dCf . (12)

Also, L̃ = Ex0,t,ϵ,Cf ,ϵ̃∥ϵ− ϵθ(xt, t,Cf + ϵ̃)∥2 becomes:

L̃ =

∫ ∫ ∫ ∫ ∫
{y(Cf + ϵ̃)− ϵ}2p(ϵ|t,x0,Cf )p(t,x0,Cf )

p(ϵ̃) dt dx0 dϵ dCf dϵ̃. (13)

Some preliminaries. We expand y(Cf+ϵ̃) using a Second-
order Taylor approximation, and assuming that y is three
times continuously differentiable with bounded third deriva-
tives, and that ϵ̃ has a finite third moment, we have:

y(Cf + ϵ̃) ≈ y(Cf ) +
∑
i

ϵ̃i
∂y

∂Cf,i

∣∣∣∣
ϵ̃=0

+
1

2

∑
i

∑
j

ϵ̃iϵ̃j

∂2y

∂Cf,i∂Cf,j

∣∣∣∣
ϵ̃=0

(14)

This small-noise assumption is both theoretically and prac-
tically motivated. Practically, large-magnitude noise may
overwhelm the original data features and hinder model train-
ing by masking meaningful patterns, as evidenced in Figure
3a, where the model’s performance drops when the noise
scale increases. Theoretically, assuming small noise levels
facilitates tractable analysis — a common practice in classi-
cal regularization literature (Bishop 1995).

By the fact that ϵ̃ is chosen from a distribution with mean
0 and variance η2, we obtain:∫

ϵ̃ip(ϵ̃) dϵ̃ = 0,

∫
ϵ̃iϵ̃jp(ϵ̃) dϵ̃ = η2δij , δij =

{
1 if i = j

0 if i ̸= j
.

(15)
The training objective with noise is a regularization. By
substituting Eq. (14) into Eq. (13), we have:

L̃ = L+ η2LR ,where (16)

LR =

∫ ∫ ∫ ∫ ∑
i

{( ∂y

∂Cf,i
)2 + (y(Cf )− ϵ)

∂2y

∂C2
f,i

}

p(ϵ|t,x0,Cf )p(t,x0,Cf ) dt dx0 dϵ dCf . (17)

The training objective with noise resembles L2 regular-
ization. We define two terms:

⟨ϵ | t,x0,Cf ⟩ =
∫

ϵ p(ϵ | t,x0,Cf ) dϵ,

⟨ϵ2 | t,x0,Cf ⟩ =
∫

ϵ2 p(ϵ | t,x0,Cf ) dϵ. (18)

Then, Eq. (12) is expanded as follows:

L =

∫ ∫ ∫ ∫
{y(Cf )− ⟨ϵ|t,x0,Cf ⟩}2p(ϵ|t,x0,Cf )

p(t,x0,Cf ) dt dx0 dϵ dCf +

∫ ∫ ∫ ∫
{⟨ϵ2|t,x0,Cf ⟩

− ⟨ϵ|t,x0,Cf ⟩2}p(ϵ|t,x0,Cf )p(t,x0,Cf ) dt dx0 dϵ dCf .
(19)

Observe that in Eq. (19), only the first integral term in-
volves the parameters of a neural network (i.e., y(Cf ) =

ϵθ(xt, t,Cf ), the denoising network to be trained), while the
second term only depends on the ground-truth noise. There-
fore, L is minimized when y(Cf ) = ⟨ϵ|t,x0,Cf ⟩.

Also, recall that L̃ = L+ η2LR by Eq. (16). Consider the
second term of LR in Eq. (17) and denote it as LR

2 . Then,
LR
2 can be rewritten as follows:

LR
2 =

∫ ∫ ∫ ∫ ∑
i

{y(Cf )− ⟨ϵ|t,x0,Cf ⟩}
∂2y

∂C2
f,i

p(ϵ|t,x0,Cf )p(t,x0,Cf ) dt dx0 dϵ dCf . (20)

Thus, when L is minimized at y(Cf ) = ⟨ϵ|t,x0,Cf ⟩,
LR
2 = 0. In this case, LR can be rewritten as:

LR =

∫ ∫ ∫ ∑
i

(
∂y

∂Cf,i
)2p(t,x0,Cf ) dt dx0 dCf , (21)

which corresponds to the Tikhonov form.

Experiments
Datasets We use real-world datasets: GE, CL, MA, ED,
UN, UG, and EG. These datasets, as summarized in Table
3 and detailed in the extended version, have been chosen for
their large number of feature dimensions (up to 241) relative
to the number of rows (a few thousands).

Competitors We compare CtrTab with six baseline mod-
els including state-of-the-art (SOTA) diffusion-based tabu-
lar data synthesis models: SMOTE (Chawla et al. 2002),
TVAE (Xu et al. 2019), CTGAN (Xu et al. 2019), TabD-
DPM (Kotelnikov et al. 2023), RelDDPM (Liu et al. 2024),
and TabSyn (Zhang et al. 2024) (SOTA). These models are
detailed in the extended version, together with implementa-
tion details of these models and our CtrTab model.

Implementation Details All experiments were run three
times on a virtual machine with a 12-core Intel(R) Xeon(R)
Gold 6326 CPU (2.90 GHz), 32 GB of RAM, and an
NVIDIA A100 GPU. We implement CtrTab and all com-
petitor models using Python. For the competitors, we adopt
the same hyperparameter settings as specified in the TabSyn
paper (Zhang et al. 2024). We train CtrTab with the AdamW
optimizer (Loshchilov and Hutter 2019) using a learning rate
of 0.0018, weight decay of 0.00001 with 30, 000 steps, and
a noise scale of 0.005.

Results
Machine Learning Tests Following existing work (Kim,
Lee, and Park 2023; Lee, Kim, and Park 2023; Zhang et al.
2024), we test the effectiveness of CtrTab mainly through
machine learning tasks: (1) We train each model with the
training set of each dataset. (2) Once trained, we use each
model to synthesize a dataset of the same size of the re-
spective training set. (3) We use the original training set and
the synthesized set to separately train a downstream clas-
sifier or regression model (XGBoost and XGBoostRegres-
sor, “downstream model” hereafter). (4) We evaluate these
trained downstream models on the test set.

Following prior work (Zhang et al. 2024), we report clas-
sification results in the Area Under the ROC Curve (AUC)
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Method GE CL MA ED UN Avg. Gap UG EG Avg. Gap

AUC ↑ AUC ↑ AUC ↑ AUC ↑ AUC ↑ % ↓ RMSE ↓ RMSE ↓ % ↓
Real 0.896 1 0.999 0.990 0.986 0% 0.036 0.115 0%

SMOTE 0.865 0.999 0.996 0.990 0.976 0.98% 0.132 0.118 134.64%
TVAE - - - 0.825 0.819 16.80% 0.775 0.219 1071.61%
CTGAN 0.133 0.653 0.765 0.383 0.534 50.09% 0.754 0.266 1062.87%
TabDDPM 0.504 0.550 0.805 0.459 0.618 39.83% 2.216 0.346 3128.21%
RelDDPM 0.839 0.665 0.687 0.981 0.930 15.54% 0.463 0.122 596.10%
TabSyn 0.791 0.984 0.996 0.952 0.864 5.97% 0.267 0.166 343.01%

CtrTab (Ours) 0.890* 1* 0.999* 0.988 0.979* 0.32% 0.069* 0.114* 45.83%
F1 ↑ F1 ↑ F1 ↑ F1 ↑ F1 ↑ % ↓ R2 ↑ R2 ↑ % ↓

Real 0.637 0.991 0.993 0.928 0.923 0% 0.998 0.646 0%

SMOTE 0.598 0.968 0.991 0.919 0.889 2.66% 0.970 0.628 2.80%
TVAE - - - 0.673 0.604 31.02% < 0 < 0 -
CTGAN 0.465 0.190 0.884 0.404 0.580 42.49% 0.031 < 0 96.89%
TabDDPM 0.092 0.018 0.872 0.546 0.620 53.98% < 0 < 0 -
RelDDPM 0.554 0.334 0.871 0.905 0.841 20.60% 0.634 0.603 21.56%
TabSyn 0.450 0.845 0.983 0.849 0.711 15.32% 0.879 0.270 35.06%

CtrTab (Ours) 0.635* 0.983* 0.994* 0.918 0.898* 0.98% 0.991* 0.657* 0.35%

Table 1: Machine learning test results: The GE, CL, MA, ED, and UN datasets are used for classification, with results in
AUC and F1. The UG and EG datasets are for regression, with results in RMSE and R2. Symbol ‘-’ indicates cases where the
generative model collapsed, resulting in only a single class of generated samples, or negative R2 values such that the average
gap becomes invalid. The best results are in boldface, while the second best are underlined. Symbol ‘*’ denotes values where
CtrTab significantly outperforms both top baselines SMOTE and TabSyn (p < 0.05 in t-tests).

and F1, and regression results using the Root Mean Squared
Error (RMSE) and R-Squared (R2).

Table 1 summarizes the results, where “Real” denotes
the downstream model trained on the original data; each
model (e.g., CtrTab) denotes the performance of the down-
stream model trained on data synthesized by that model.
“Avg. Gap” denotes the (relative) performance gap between
a model and “Real”, averaged across the same type (clas-
sification or regression) of datasets. A smaller gap means a
better model that better fits the original distribution.

Our model CtrTab reports the best results in almost all
cases, except on ED, where SMOTE is marginally higher
in AUC. The average gap in AUC, F1, RMSE, and R2 of
CtrTab are 67.35%, 63.16%, 65.96%, and 87.50% lower
than those of the best baseline model (SMOTE), respec-
tively. Comparing with the SOTA model TabSyn, the gains
are even higher, i.e., 94.64%, 93.60%, 86.64%, and 99.00%.

These results demonstrate the challenges for exist-
ing diffusion-based models to learn from sparse, high-
dimensional data, and the effectiveness of CtrTab in address-
ing such challenges. SMOTE, while being an early model,
shows high effectiveness, because it generates new samples
through adding noise (directly) to existing samples which
resembles our idea. TVAE and CTGAN are based on VAE
and GAN, which also suffer from the data sparsity issue.

Ablation Study We further show the importance of the
control module of CtrTab by comparing CtrTab with six al-
ternative variants of TabSyn: (1) Train×2 doubles the num-
ber of training epochs for TabSyn. (2) Data×2 duplicates

each training sample with a Laplace noise of scale 0.01.
(3) Model×2 duplicates each training sample as above and
doubles the number of model parameters by expanding the
hidden layers of TabSyn to match that of CtrTab (CtrTab
is 1.8× the size of TabSyn). (4) NoiseCond applies the
same noisy x0 signal (used in CtrTab’s control module) as
an additional input to TabSyn, without structural changes.
(5) Dropout-Reg applies Dropout with a rate of 0.1 to the
hidden layers of TabSyn during training, serving as a stan-
dard regularization baseline. (6) JointTrain trains the con-
trol module and the diffusion model jointly in a single stage.
This setting evaluates whether our staged training strategy
contributes to performance improvements by better stabiliz-
ing the learning of the control signal. We also compare with
w/o-lastfusion, i.e., CtrTab without the last hfusion connec-
tion (the red line in Figure 2) to the denoising network, to
verify the importance of this fusion connection.

We repeat the machine learning tests as above and report
the results in F1 and R2 in Table 2. Results in AUC and
RMSE share similar patterns and are in the extended version.
CtrTab outperforms all these variants consistently, confirm-
ing the importance of the control module, our staged training
strategy, and the last fusion connection.

Impact of Noise Type. We also replace Laplace noise in
our control module with Gaussian and uniform noise. We
find that while using Laplace noise typically leads to the best
accuracy, the gain is often not too large. This confirms the
robustness of CtrTab and the effectiveness of using Laplace
noise. Detailed results are provided in the extended version.
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Method GE CL MA ED UN UG EG Avg

Metric F1↑ F1↑ F1↑ F1↑ F1↑ R2↑ R2↑ -

Train×2 0.443 0.831 0.988 0.852 0.698 0.860 0.390 0.746
Data×2 0.463 0.871 0.987 0.865 0.820 0.937 0.458 0.801
Model×2 0.522 0.872 0.988 0.892 0.816 0.884 0.569 0.822
NoiseCond 0.427 0.778 0.985 0.878 0.790 0.872 0.530 0.751
Dropout-Reg 0.395 0.794 0.989 0.835 0.697 0.812 0.429 0.707
JointTrain 0.525 0.970 0.977 0.857 0.732 0.766 0.569 0.772
w/o-lastfusion 0.619 0.982 0.992 0.909 0.883 0.805 0.655 0.835
CtrTab 0.635 0.983 0.994 0.918 0.898 0.991 0.657 0.868

Table 2: Ablation study results.

(a) Impact of noise scale (b) CtrTab on RelDDPM

Figure 3: Impact of noise scale and the control module.

Parameter Study Figure 3a shows the downstream model
accuracy (F1 and R2) when the Laplace noise scale in
CtrTab is varied from 0 to 1000. As the noise scale increases,
model accuracy decreases at start due to the impact of reg-
ularization by the noise scale (variance), which follows our
theoretical results. When the noise grows further, the control
module gradually fails, the regularization becomes ineffec-
tive, and the curves rise back until converging to the perfor-
mance of the original diffusion model (i.e., CtrTab without
the control module, “NC” in Figure 3a).

Figure 3a also shows results where the noise scale is 0,
which means to train CtrTab without additive noise on the
control signal Cf . We see that model performance drops
comparing with using small Laplace noise as noted above.
This supports our theoretical finding that noise injection
implicitly imposes L2 regularization, promoting smoother
mappings and better generalization.

Control Module Applicability Our control module is not
tied to TabSyn. We further integrate the control module with
RelDDPM (Liu et al. 2024), a representative DDPM-based
model. RelDDPM uses the standard diffusion forward and
reverse processes (Eqs. 2 and 3) with a classifier-guided
conditional generation. In our high-dimensional setting, the
classifier is not required. We remove it and only adopt RelD-
DPM’s denoising network to replace the denoising module
in CtrTab. This effectively substitutes the SDE-based diffu-
sion backbone with a DDPM-style architecture, while keep-
ing the control module intact. The accuracy (F1 and R2) re-
sults are shown in Figure 3b, where CtrTab (with RelDDPM)
also outperforms RelDDPM consistently. This verifies the
applicability of our control module.

Figure 4: Case study on real-world extremely high-
dimensional dataset. The dashed lines correspond to models
trained on original data.

Case Study We explore an extremely high-dimensional
setting uncommon in the literature, to assess model robust-
ness. We test CtrTab on ST (UCI Machine Learning Repos-
itory 2019) and AC (Guyon et al. 2004) with 1,084 and
10,001 dimensions (4,998 and 100 rows, see the extended
version), respectively, against the two diffusion baselines.
Figure 4 shows downstream classification performance, con-
firming the robustness of CtrTab in this extreme setting.

On AC, the classifier trained on real data (“Real-AC”)
performs poorly in F1, due to the presence of 3,000 noisy
dimensions. In contrast, the synthetic samples, especially
those generated by CtrTab, yield much higher F1 scores.
This improvement is not only because the generative pro-
cess captures more generalizable patterns and tends to sup-
press noisy or spurious correlations, but also because CtrTab
is trained with implicit regularization, which encourages the
generator to focus on informative structures in the data.

Real-AC in AUC is not as bad. AUC measures a model’s
capability to rank positive and negative samples differently,
while F1 is impacted by the classification threshold. As a
result, AUC is less sensitive to noise and threshold selection.

Additional Results In the extended version, we further in-
clude results on model training and inference times, model
performance with varying percentages of training data and
on non-high-dimensional (i.e., conventional) datasets, dis-
tribution visualization results, results on distance to closest
records and the impact of using different types of noise.

Conclusion
We proposed CtrTab, a model to enhance the fitting capabil-
ity of diffusion generative models towards high-dimensional
tabular data with limited samples. Through an explicit noise-
conditioned control and training with a method similar to
L2 regularization, CtrTab synthesizes high-quality tabular
data as evidenced by experiments over real datasets. The re-
sults show that machine learning models trained with data
synthesized by CtrTab are much more accurate than those
trained with data synthesized by existing models including
the SOTA, with an accuracy gain of over 90% on average.

We extended tabular data synthesis to tables with up to
10,001 dimensions. Future work could scale to even higher
dimensions. This work focuses on advancing the quality and
controllability of tabular data synthesis in settings where pri-
vacy is not a constraint. Exploring how our methods interact
with privacy constraints is left as future work.
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