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Abstract

Model selection in tabular machine learn-
ing typically relies on held-out validation
or cross-validation, which reduces effective
training data and increases computational
cost. Recent work suggests that synthetic
data can serve as a validation surrogate if
they preserve the ranking of candidate mod-
els, but generator imperfections in tabular
domains often make uncalibrated synthetic
evaluation unreliable. We propose a sim-
ple, task-agnostic calibration procedure for
synthetic tabular validation: given a syn-
thetic validation set and a small calibration
subset of models, we learn sample weights
by aligning weighted synthetic losses with
cross-fitted real-data loss estimates, yield-
ing a calibrated synthetic risk for rank-
ing and selection. The method generalizes
correctness-based schemes to arbitrary losses
and supports both classification and regres-
sion. Across five classification and five re-
gression benchmarks and multiple generators
(CTGAN, TVAE, Gaussian Copula, TabD-
DPM, TabPFN-based generation), calibra-
tion consistently improves ranking fidelity
measured by Spearman correlation of syn-
thetic and real model orderings, with large
gains when generators are weaker. Finally,
we study weight interpretability via a surro-
gate regressor to predict weights from sample
values and analyzing SHAP attributions, re-
vealing that weight assignment is driven pri-
marily by the synthetic target and a few task-
relevant covariates, providing insight into
when and why calibration succeeds.

Workshop “Towards Trustworthy Predictions: Theory and
Applications of Calibration for Modern AI” at AISTATS
2026, Tangier, Morocco. Copyright 2026 by the author(s).

1 Introduction

Model selection is a central and costly step in tabular
machine learning. Standard practice relies on held-out
validation sets or cross-validation, which reduce the
effective training sample size, multiply computational
cost, and create a mismatch between the model in-
stance selected during tuning and the model ultimately
trained on the full dataset. These issues are partic-
ularly acute in tabular settings, where data are of-
ten limited, imbalanced, or heterogeneous, and where
model performance can vary substantially across seeds
and hyperparameters. Synthetic data generation offers
an appealing alternative: if a synthetic dataset can re-
liably preserve the ranking of candidate models, it can
serve as a validation surrogate without sacrificing real
training data. However, in tabular domains, generator
imperfection - missing interactions, poor tail behav-
ior, or misrepresented subpopulations—often lead to
biased and unstable synthetic evaluation.

In this work, we propose a calibration algorithm
for synthetic tabular validation that aligns synthetic
evaluation with real-data performance. Rather than
scoring models by an unweighted average synthetic
loss, we learn importance weights over synthetic sam-
ples such that, for a small set of calibration mod-
els, the weighted synthetic loss matches their real
loss estimates computed via cross-fitting on the train-
ing data. Our formulation is loss-based and task-
agnostic, supporting both classification and regression.
This generalizes correctness-based calibration schemes
and leverages the full magnitude of model disagree-
ment, which is particularly informative in heteroge-
neous tabular settings. We empirically demonstrate
that calibrated synthetic validation substantially im-
proves model ranking fidelity and reduces selection re-
gret across multiple tabular datasets and generator
qualities. Moreover, we introduce an explainability
layer that uses SHAP-based analysis of learned sam-
ple weights to reveal which synthetic regions drive
model discrimination, providing insight into when and
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why calibration succeeds. Together, our results show
that synthetic data, when properly calibrated, can
become a reliable and data-efficient tool for model
selection in tabular learning. The code and data
are available in the repository https://github.com/

ITMO-NSS-team/tabular-synth-calibration.

2 Related Work

2.1 Synthetic data for validation

A recurring challenge in using synthetic data in-
side an ML pipeline is domain gap: even when a
generator produces samples that look plausible (or
match low-order statistics), the behavior of down-
stream models trained or evaluated on the synthetic
distribution can deviate substantially from behavior
on real data. [Shoshan et al., 2023] explicitly frame
this distinction: for model selection, the key re-
quirement is rank preservation across domains (syn-
thetic evaluation should induce the same ordering
as real evaluation), which is weaker-and different-
than minimizing the usual synthetic-to-real general-
ization gap. They propose substituting a held-out
real validation set with a synthetic one and then im-
proving ranking via sample reweighting calibration of
the synthetic set. [Hu et al., 2023] argue that syn-
thetic samples can diversify the validation set and
reduce overfitting in domains where real validation
data are limited. In a different but related direc-
tion [Boyeau et al., 2024] propose statistically princi-
pled correction procedures (prediction-powered infer-
ence) that combine a small human-labeled set with
larger synthetic-labeled sets to improve sample effi-
ciency without introducing bias. Prior work in this
area spans both domain-specific and general-purpose
approaches. For example, [Shoshan et al., 2023] focus
on visual domains, whereas [Boyeau et al., 2024] pro-
pose a task-agnostic evaluation framework applicable
across a wide range of settings.

2.2 Calibrating synthetic tabular data

Research on calibrating and curating synthetic tab-
ular data for predictive training and validation
has developed along several complementary direc-
tions. One line of work modifies the genera-
tor itself to improve downstream utility, for exam-
ple, by incorporating task-aware losses that preserve
feature-label relationships or by guiding generation
with auxiliary predictive models [Zhao et al., 2024,
Jia et al., 2024]. A second line focuses on post-hoc re-
finement [Ghalebikesabi et al., 2022], where synthetic
datasets are reweighted or resampled-often via density-
ratio estimation using classifiers-to better align with

real data and improve predictive performance. Con-
strained optimization approaches [Wang et al., 2023]
further formalize calibration as projecting the syn-
thetic distribution onto one that matches selected util-
ity statistics, while iterative refinement schemes pro-
gressively improve sample quality using evaluation sig-
nals. Although these methods demonstrate that syn-
thetic tabular data can be made more useful for predic-
tive tasks, they typically target distributional fidelity
or training utility rather than directly optimizing for
reliable model ranking and validation, leaving a gap
that motivates task-specific calibration for model se-
lection.

3 Loss-Calibrated Synthetic
Validation

Let Dr = {(xj , yj)}Nr
j=1 denote the real training data

and Ds = {(xs
i , y

s
i )}

Ns
i=1 a labeled synthetic validation

set generated from a model trained on Dr. Our ob-
jective is to rank a candidate model set H using Ds

so that the induced ordering matches the performance
under the real distribution. We introduce a small cal-
ibration subset Hcal = {hm}Mm=1 ⊂ H and fix a task-
appropriate loss ℓ(·, ·) (e.g. log loss for classification,
absolute error for regression). Define the synthetic loss
matrix

Li,m = ℓ(hm(xs
i ), y

s
i ) ,

and let ℓ̂r(m) be the real-data loss estimate for hm,
obtained via cross-fitted evaluation onDr. Calibration
learns weights w ∈ RNs by solving

w⋆ = argmin
w

∥∥ℓ̂r−L⊤w
∥∥2
2
+λ∥w∥22 s.t. w ⪰ 0, 1⊤w = 1,

where λ > 0 controls regularization. The calibrated
synthetic risk of any h ∈ H is then

ℓ̂s,cal(h) =

Ns∑
i=1

w⋆
i ℓ(h(x

s
i ), y

s
i ) .

Models are selected by minimizing ℓ̂s,cal(h).

Intuitively, the optimization redistributes probability
mass over synthetic samples so that the weighted syn-
thetic losses reproduce the real-data losses of calibra-
tion models, thereby emphasizing regions where mod-
els meaningfully disagree. The simplex constraints en-
sure that ℓ̂s,cal remains an expectation under a valid
reweighted synthetic distribution, improving numeri-
cal stability and interpretability, while the ℓ2 penalty
prevents overfitting toHcal. When tabular heterogene-
ity is substantial, we optionally perform segment-wise
calibration (e.g., per class or per target-quantile bin)
and aggregate the resulting weighted risks, which im-
proves robustness under imbalance and heavy-tailed
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targets. Computationally, calibration requires only
evaluating M models on Ns synthetic samples and
solving a single constrained quadratic program, which
is negligible relative to training the candidate model
pool.

Computationally, we solve the resulting bound-
constrained quadratic program using L-BFGS-B quasi-
Newton method as implemented in SciPy’s minimize
method, initialized from uniform weights and run with
analytic gradients for up to 15000 iterations with tight
stopping tolerances (ftol = 10−10, gtol = 10−8), which
in practice yield numerically stable and accurate con-
vergence of the calibration weights.

4 Experimental Setup

We evaluate calibration for synthetic tabular valida-
tion on a suite of 10 tabular benchmarks: 5 for clas-
sification and 5 for regression. For downstream eval-
uation we consider a diverse pool of predictive mod-
els (50 for classification and 42 for regression), span-
ning linear baselines, tree-based methods, and neu-
ral tabular architectures. As synthetic-data sources
we use five generators/priors representing different
modeling paradigms: CTGAN, TabDDPM, Gaus-
sian Copula, TVAE and a TabPFN-based baseline.
For each dataset we apply a standard preprocessing
pipeline: numerical features (and the target, when
applicable) are scaled using MinMaxScaler, and cat-
egorical features are encoded. All generative mod-
els were subjected to hyperparameter tuning (de-
tails in the Appendix B). All datasets are publicly
available benchmarks: datasets accessed via the UCI
Machine Learning Repository [Dua and Graff, 2019]
(mushroom, diabetes, abalone, wine quality, obesity)
are distributed under the Creative Commons Attri-
bution 4.0 International (CCBY4.0) licence; datasets
loaded via scikit-learn [Pedregosa et al., 2011] (Cal-
ifornia housing, diabetes regression) are in the
public domain; and datasets retrieved through
OpenML [Bischl et al., 2025] (German credit, heart
disease, concrete strength) are likewise available un-
der CCBY4.0. All experiments were conducted on an
internal university cluster equipped with an Intel Xeon
CPU at 3.19GHz and 24GB of RAM.

4.1 Experiment 1: Calibration Improves
Ranking Fidelity

Research question. Does loss-based calibration
improve the ability of synthetic validation to preserve
the ranking of predictive models with respect to real
test performance?

Protocol. We perform K-fold cross-validation on
the real dataset. For each fold, the training portion
Dtrain is further divided into (Dcalib

train, D
calib
test ).

We partition the model pool H into calibration models
Hcal and evaluation models Heval. On each fold, we
randomly select |Hcal| = 15 models for calibration, and
all models are trained on Dcalib

train. The tuned generator
Gθ⋆

G
is trained on the same data and used to sample

Dtest
s ∼ Gθ⋆

G
, |Dtest

s | = |Dtest|.

Calibration targets are computed as

ℓ̂r(m) = ℓ̂Dcalib
test

(hm), hm ∈ Hcal,

and the synthetic loss matrix is defined as

Li,m = ℓ(hm(xs
i ), y

s
i ), (xs

i , y
s
i ) ∈ Dtest

s .

Weights w⋆ are obtained by solving the calibration
problem described in Section 3. For each h ∈ Heval,
we compute

ℓ̂s,cal(h) =
∑
i

w⋆
i ℓ(h(x

s
i ), y

s
i ),

and compare rankings induced by calibrated synthetic
loss, uncalibrated synthetic loss, and real test loss
ℓ̂Dtest(h) using Spearman correlation, averaged across
folds.

4.2 Experiment 2: Explainability of
Calibration Weights

Research question. Are the learned synthetic sam-
ple weights w⋆ interpretable in terms of meaningful
tabular feature patterns?

Protocol. Using the calibrated weights obtained in
Experiment 1, we construct a dataset

Dw = {(ϕ(xs
i , y

s
i ), w

⋆
i )}

Ns
i=1,

where ϕ(·) denotes the encoded synthetic feature rep-
resentation. A surrogate regressor g (e.g., XGBoost) is
trained to predict w⋆

i from ϕ(xs
i , y

s
i ). We then compute

SHAP values for g to obtain (i) global feature impor-
tance for weight assignment and (ii) local explanations
for high- and low-weight samples.

5 Experimental Results

The figure 1 presents the outcomes of the first exper-
iment, in which a comparison was made between the
ranking of models on synthetic and real data using
Spearman’s rank correlation. Detailed results for each
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Figure 1: Comparison of Spearman’s rank correlation
for ranking models on synthetic data without calibra-
tion and with calibration (the higher the value, the
closer the order of models is to the order obtained on
real test data)

dataset are presented in table 1 in the Appendix A.
Across the five classification and five regression bench-
marks, calibration consistently improves the average
agreement between synthetic and real model rankings
for each generative model. On classification datasets,
uncalibrated synthetic evaluation yields only moder-
ate correlations overall (mean Spearman ≈ 0.37 across
generators and datasets), and calibration produces
substantial and stable gains for all generators (per-
generator improvements of approximately 0.29–0.51),
raising correlations into a significantly higher range
(approximately 0.65–0.80 on average). On regression
datasets, calibration also improves ranking fidelity on
average (overall mean Spearman ≈ 0.53 → 0.79), but
we observe a clear diminishing-returns trend: weaker
generators such as CTGAN and Gaussian Copula ben-
efit most (∆ρ ≈ +0.52 and +0.51), while stronger gen-
erators that already exhibit high uncalibrated ranking
fidelity show smaller gains (TabDDPM ∆ρ ≈ +0.05,
TabPFN ∆ρ ≈ +0.02). These results indicate that
the proposed calibration mechanism acts as a robust
correction when synthetic-real mismatch would other-
wise distort model ordering, while naturally providing
limited additional benefit when synthetic rankings are
already close to real. The figure 2 in Appendix A pro-
vides a clear illustration of the alterations in losses sub-
sequent to calibration. Although the algorithm does
not ensure equivalent absolute values of the loss to the
actual data, following calibration, the losses demon-
strate a stronger correspondence to the actual data

(they align on the main diagonal).

In the second experiment, we first evaluate the coeffi-
cient of determination for a surrogate model that pre-
dicts calibration weights from data points (Figure 3,
Appendix A). The findings reveal an intriguing cor-
relation: as the strength of the generative model in-
creases, the coefficient of determination concomitantly
rises. This can be explained by how the calibration
behaves as the synthetic distribution becomes closer
to the real one. First, when the generator is strong
(e.g., TabPFN or TabDDPM in our experiments), the
synthetic distribution already captures most relevant
structure of the real data. In this regime the weight
function w(x, y) acts as a smooth, low-complexity
density-ratio correction that mildly re-balances over-
and underrepresented regions. In contrast, weaker
generators (e.g., TVAE, CTGAN, Gaussian Copula)
exhibit larger structural deficiencies: missing modes,
distorted dependencies, or synthetic artifacts. Cali-
bration in this regime must compensate for more ir-
regular mismatches, often assigning high leverage to
specific samples that correct localized failures of the
generator. Using the abalone regression dataset as
a representative example, we analyze SHAP attribu-
tions of a surrogate model (figures 4, 5 in Appendix
A). While the relative importance of secondary fea-
tures varies somewhat by generator (with simpler pri-
ors spreading influence across more variables), the pre-
dominance of ysynth is repeated across most datasets
in our benchmark suite, supporting the interpretation
that loss-based calibration corrects synthetic evalua-
tion largely through reweighting along the target di-
mension and its associated feature structure.

6 Conclusion and Discussion

We studied whether a lightweight calibration step can
make synthetic tabular data reliable for model rank-
ing - a prerequisite for model selection. Our approach
learns importance weights over a synthetic validation
set by aligning weighted synthetic losses with cross-
fitted real-data estimates on a small calibration sub-
set of predictors. This loss-based formulation is task-
agnostic and computationally inexpensive. Across five
classification and five regression benchmarks with di-
verse generators (CTGAN, TVAE, Gaussian Copula,
TabDDPM, and TabPFN-based generation), calibra-
tion consistently improves ranking fidelity, with the
largest gains where uncalibrated evaluation is least
reliable. An explainability analysis via SHAP attri-
butions on a surrogate regressor shows that calibra-
tion primarily reallocates mass across target regimes
(ysynth), with secondary dependence on a compact co-
variate set-supporting an interpretation as implicit,
task-driven reweighting.
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Limitations. First, calibration still requires real
performance estimates for a model subset (obtained
here via cross-fitting), introducing additional compu-
tation and design choices (fold count, size and com-
position of Hcal). Second, improvements hold on av-
erage but are not guaranteed per dataset-generator
pair; where uncalibrated ranking is already strong,
gains can be marginal or slightly negative. Third, se-
vere distributional artifacts (support mismatch, miss-
ing modes) may exceed what reweighting alone can
correct, causing weight concentration. Fourth, rank
correlation, while well-aligned with model selection, is
only a proxy for end-to-end selection regret and may
not capture cost-sensitive or top-k objectives.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
Yes. The mathematical formulation of the
calibration objective, loss matrix construc-
tion, constraints, and selection rule are pre-
sented, including notation and optimization
problem.

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
Yes. Section 3 discusses computational
complexity (model evaluations and quadratic
program), and Section 6 outlines practical
computational considerations.
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(c) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries.
Yes. https://github.

com/ITMO-NSS-team/

tabular-synth-calibration.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results.
Not Applicable. The paper focuses on em-
pirical evaluation and algorithmic develop-
ment rather than formal theoretical guaran-
tees.

(b) Complete proofs of all theoretical results.
Not Applicable.

(c) Clear explanations of any assumptions.
Yes. Assumptions regarding cross-fitted loss
estimation, calibration subset selection, and
loss definitions are described in Sections 3
and 4.

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed
to reproduce the main experimental results
(either in the supplemental material or as a
URL).
Yes. https://github.

com/ITMO-NSS-team/

tabular-synth-calibration.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen).
Yes. Section 4 describes splits and evalua-
tion protocol; hyperparameter search spaces
are detailed in Appendix B.

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times).
Yes. Spearman correlation is explicitly de-
fined as the primary metric; results are
reported as mean±std across folds and
datasets.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider).
Yes. See Section 4.

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator if your work uses ex-
isting assets.

Yes. All generative models and predic-
tive baselines (CTGAN, TVAE, TabDDPM,
TabPFN, Gaussian Copula) are cited appro-
priately.

(b) The license information of the assets, if ap-
plicable.
Yes. See Section 4.

(c) New assets either in the supplemental mate-
rial or as a URL, if applicable.
Not Applicable. No new datasets are re-
leased.

(d) Information about consent from data
providers/curators.
Not Applicable. All datasets are publicly
available benchmarks.

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content.
Not Applicable. The datasets used are
standard tabular benchmarks without per-
sonally identifiable or sensitive content.

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots.
Not Applicable.

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable.
Not Applicable.

(c) The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation.
Not Applicable.



A Detailed results of experiments
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Figure 2: Comparison of model losses (Heval) on real test data and synthetic data for the mushroom dataset
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Figure 3: The coefficient of determination for a surrogate model that predicts calibration weights based on data
points.
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Figure 4: Estimation of the influence of features in the abalone dataset on the obtained calibration weight values
based on Shapley value analysis.

TabPFNTabDDPM

CTGAN

TVAE

GaussianCopula

Figure 5: Visualization of the results of analyzing the influence of feature values in the abalone dataset on
calibration weight values using tornado plots with Shapley values.
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Table 1: Spearman correlation (mean±std) before and after calibration for each dataset and generative model.

Task Dataset Generator Uncalibrated Calibrated

Classification Mushroom CTGAN 0.129±0.031 0.772±0.129
Classification Mushroom Gaussian Copula -0.219±0.096 0.173±0.179
Classification Mushroom TVAE 0.148±0.066 0.777±0.083
Classification Mushroom TabDDPM 0.746±0.023 0.867±0.080
Classification Mushroom TabPFN -0.460±0.200 0.961±0.021
Classification diabetes CTGAN 0.666±0.239 0.749±0.085
Classification diabetes Gaussian Copula 0.559±0.146 0.682±0.175
Classification diabetes TVAE 0.748±0.113 0.748±0.098
Classification diabetes TabDDPM 0.710±0.186 0.656±0.191
Classification diabetes TabPFN 0.603±0.199 0.566±0.184
Classification german credit CTGAN 0.607±0.045 0.788±0.156
Classification german credit Gaussian Copula 0.607±0.070 0.729±0.180
Classification german credit TVAE 0.790±0.071 0.804±0.074
Classification german credit TabDDPM 0.555±0.123 0.804±0.186
Classification german credit TabPFN 0.328±0.107 0.566±0.172
Classification heart disease CTGAN 0.314±0.401 0.690±0.070
Classification heart disease Gaussian Copula -0.256±0.323 0.725±0.171
Classification heart disease TVAE 0.456±0.352 0.696±0.169
Classification heart disease TabDDPM 0.014±0.387 0.630±0.196
Classification heart disease TabPFN 0.467±0.236 0.480±0.230
Classification obesity CTGAN 0.178±0.090 0.947±0.027
Classification obesity Gaussian Copula 0.012±0.044 0.920±0.031
Classification obesity TVAE 0.288±0.166 0.960±0.011
Classification obesity TabDDPM 0.250±0.164 0.965±0.019
Classification obesity TabPFN 0.846±0.076 0.798±0.043
Regression abalone CTGAN 0.215±0.194 0.744±0.182
Regression abalone Gaussian Copula 0.708±0.090 0.838±0.083
Regression abalone TVAE 0.612±0.146 0.852±0.074
Regression abalone TabDDPM 0.873±0.066 0.813±0.118
Regression abalone TabPFN 0.795±0.084 0.864±0.052
Regression california housing CTGAN 0.169±0.224 0.441±0.336
Regression california housing Gaussian Copula 0.664±0.084 0.794±0.059
Regression california housing TVAE 0.643±0.088 0.680±0.180
Regression california housing TabDDPM 0.995±0.004 0.992±0.004
Regression california housing TabPFN 0.969±0.019 0.968±0.013
Regression concrete strength CTGAN 0.257±0.186 0.932±0.021
Regression concrete strength Gaussian Copula 0.516±0.268 0.936±0.018
Regression concrete strength TVAE 0.314±0.338 0.951±0.016
Regression concrete strength TabDDPM 0.833±0.034 0.951±0.016
Regression concrete strength TabPFN 0.895±0.029 0.929±0.032
Regression diabetes regression CTGAN 0.091±0.389 0.797±0.146
Regression diabetes regression Gaussian Copula -0.141±0.132 0.785±0.162
Regression diabetes regression TVAE 0.786±0.083 0.769±0.089
Regression diabetes regression TabDDPM 0.490±0.168 0.502±0.185
Regression diabetes regression TabPFN 0.665±0.147 0.635±0.151
Regression wine quality CTGAN 0.262±0.142 0.663±0.099
Regression wine quality Gaussian Copula -0.222±0.148 0.720±0.127
Regression wine quality TVAE 0.562±0.174 0.729±0.155
Regression wine quality TabDDPM 0.518±0.345 0.705±0.110
Regression wine quality TabPFN 0.912±0.047 0.937±0.024



When Synthetic Data Is Enough: Calibration for Tabular Model Ranking

B Tuning hyperparameters of generative models

To decouple generator selection from evaluation, we first tune each generative model on a fixed reference split
(80/20 with a fixed seed), using Optuna to minimize the Wasserstein distance between real validation data and
a synthetic sample of matching size.

• CTGAN [Xu et al., 2019]:

Introduction: A GAN-based model for tabular data that employs conditional sampling and mode-specific
normalization to handle mixed data types.

Implementation: Implemented via the sdv library [Patki et al., 2016] as CTGANSynthesizer with inte-
grated Optuna tuning.

Hyperparameter Space:

– epochs: integer, range [300, 1500], step 100

– batch size: categorical, choices {32, 64, 128, 256, 512, 1024}
– embedding dim: categorical, choices {64, 128, 256}
– gen width: categorical, choices {128, 256, 512} (mapped to a 2-layer generator MLP)

– disc width: categorical, choices {128, 256, 512} (mapped to a 2-layer discriminator MLP)

– pac: categorical, choices {1, 2, 4, 8, 16, 32, 64}
– generator lr: log-uniform, range [10−4, 5× 10−4]

– discriminator lr: log-uniform, range [10−4, 5× 10−4]

• TVAE [Xu et al., 2019]:

Introduction: A variational autoencoder adapted to mixed-type tabular data, using mode-specific normal-
ization and symmetric encoder-decoder networks.

Implementation: Integrated via the sdv library as TVAESynthesizer, with Optuna-based tuning of archi-
tectural and training parameters.

Hyperparameter Space:

– epochs: integer, range [300, 1500], step 100

– batch size: categorical, choices {32, 64, 128, 256, 512, 1024}
– embedding dim: categorical, choices {64, 128, 256}
– compress width: categorical, choices {128, 256, 512} (used as encoder hidden size, repeated for

two layers)

– decompress width: categorical, choices {128, 256, 512} (used as decoder hidden size, repeated for
two layers)

• Gaussian Copula [Patki et al., 2016]:

Introduction: A copula-based model that represents dependencies between variables via a Gaussian copula
while modeling marginal individually.

Implementation: Implemented via the sdv library as GaussianCopulaSynthesizer.

Hyperparameter Space:

No Optuna tuning is applied; all internal parameters are left at library defaults.

• TabPFN: [Ma et al., 2024]

Introduction: An energy-based generator that uses TabPFN as a pretrained predictor and samples syn-
thetic points via Stochastic Gradient Langevin Dynamics (SGLD) in the input space.

Implementation: Integrated via the tabpfgen library. TabPFGen operates directly on the training data
and does not expose an Optuna objective.

Hyperparameter Space:

– n sgld steps: integer, default 500

– sgld step size: float, default 0.01

– sgld noise scale: float, default 0.01



Gennadii Filatov, Irina Deeva

• TabDDPM [Kotelnikov et al., 2023]:

Introduction: A denoising diffusion probabilistic model for tabular data that iteratively denoises Gaussian
noise to recover realistic samples.

Implementation: Implemented via the synthcity [Qian et al., 2023] ddpm plugin and integrated with
Optuna tuning on hyperparameter space.

Hyperparameter Space:

– training iterations (n iter): integer, range [500, 1000], step 100

– learning rate: log-uniform, range [10−4, 10−2]

– batch size: categorical, choices {64, 128, 256, 512, 1024}
– diffusion timesteps: categorical, choices {50, 100, 200, 500, 1000}
– dim hidden: categorical, choices {64, 128, 256, 512}
– depth: integer, range [1, 4], step 1

– dropout: float, range [0.0, 0.3]


