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Abstract

The rise of powerful generative models has sparked concerns
over data authenticity. While detection methods have been
extensively developed for images and text, the case of tab-
ular data, despite its ubiquity, has been largely overlooked.
Yet, detecting synthetic tabular data is especially challeng-
ing due to its heterogeneous structure and unseen formats
at test time. We address the underexplored task of detecting
synthetic tabular data in the wild, where tables have variable
and previously unseen schemas. We introduce a novel datum-
wise transformer architecture that significantly outperforms
the only previously published baseline, improving both AUC
and accuracy by 7 points. By incorporating a table-adaptation
component, our model gains an additional 7 accuracy points,
demonstrating enhanced robustness. This work provides the
first strong evidence that detecting synthetic tabular data in
real-world conditions is not only feasible, but can be done
with high reliability.

Introduction

Over the past five years, deep learning-based generative
models have surged in popularity (Bengesi et al. 2024), rais-
ing significant concerns about their potential misuse (Mar-
chal et al. 2025), including opinion manipulation, fraud,
and harassment. In response, numerous detection methods
have been developed for uniformly structured media such
as images and text (Ciftci, Demir, and Yin 2020; Yu et al.
2025). However, detecting synthetic tabular data remains
largely underexplored, despite the modality’s importance in
high-stakes domains where data integrity is crucial. It also
presents unique challenges, such as heterogeneous struc-
tures, diverse feature types and distribution, and variable ta-
ble sizes. Additionally, an effective synthetic tabular data de-
tector must be table-agnostic, meaning it should function in-
dependently of a fixed table structure. This requirement dis-
qualifies most state-of-the-art tabular predictors, including
(Breiman 2001; Chen and Guestrin 2016; Prokhorenkova
et al. 2018), as well as recent transformer-based models tai-
lored to specific tabular structures (Huang et al. 2020; Arik
and Pfister 2021; Somepalli et al. 2022).

(Kindji et al. 2025) has categorized the detection of
synthetic tabular data into three levels of “wildness™:
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(1) Same-table detection: Identifying synthetic data within a
single table structure, as for the Classifier Two-Sample Test
(C2ST) (Lopez-Paz and Oquab 2016). In this setup, the de-
tector does not need to be table-agnostic. (ii) Cross-table
detection: Identifying synthetic data across multiple tables
(e.g. training and testing both on Adult and Insurance ta-
bles). This setup requires a table-agnostic detector that
generalize across different tables within a predefined cor-
pus. (iii) Cross-table shift detection: Handling deployment
scenarios where the tables encountered at inference differ
from those seen during training (e.g., training across both
Adult and Insurance, and evaluating across both Higgs and
Abalone). Each level presents an increasing challenge, and
our goal in this paper is to address the most challenging one:
the cross-table shift. In this setting, detecting synthetic ver-
sus real rows is framed as a binary classification problem.
Our contributions are as follows.

¢ We introduce a novel transformer-based architecture that
is both table-agnostic and invariant to column permuta-
tions, addressing the critical need for robustness in real-
world deployment.

* We explore a new type of distribution shift: the cross-
table shift with a domain component (e.g. science vs. fi-
nance domain tables). This involves handling tables that
differ between training and inference, both in terms of
structure and domains, adding complexity to the detec-
tion task. We refer to this as cross-domain table shift.

* We incorporate a table adaptation strategy inspired
by (Ben-David et al. 2010), resulting in notable perfor-
mance improvements over existing baselines.

Our architecture, being table-agnostic and invariant to col-
umn permutations, has the potential to be applied to tasks
beyond synthetic data detection, such as regression and clas-
sification on tabular data. We present the related work in
Section , followed by the detailed description of our model
in Section . We then present our experimental setup, results
and limitations in Sections and . Finally, we conclude and
outline future research directions in Section .

Related Work

Recent research on tabular data has increasingly shifted to-
ward the development of foundation models (Kim, Grinsz-
tajn, and Varoquaux 2024; Iida et al. 2021; Herzig et al.
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Figure 1: Cross-table shift protocol: the real-vs-synthetic detector is trained on a mixture of table rows and tested/deployed on

a mixture from holdout tables.

2020; Liu et al. 2022), inspired by the impressive progress in
text and vision. These models aim to produce table-agnostic
representations through pretraining on diverse tables, with
the goal of generalizing across tasks and schemas. However,
most of them break this table-agnosticism at inference: they
rely on fixed schemas for finetuning and deployment, mak-
ing them unsuitable for settings where training and test rows
come from different tables. In this work, we consider the
synthetic tabular data detection problem as a row-by-row
classification task and we study a cross-table setup (Fig-
ure 1) where no schema alignment or retraining is possible,
and generalization across heterogeneous table structures is
required. In such settings, the main challenge is not the clas-
sifier itself, standard models could suffice, but rather the de-
sign of robust and transferable representations. As such, the
following related work will primarily focus on approaches
to tabular representation learning under schema variability.

Many models achieve table-agnostic pretraining via text-
based encodings. TaBERT (Yin et al. 2020) and TAB-
BIE (lida et al. 2021) rely on the seminal BERT LLM to
encode tables. TAPAS (Herzig et al. 2020) and TAPEX (Liu
et al. 2022) adapt this approach for question answer-
ing. TabuLa-8B (Gardner, Perdomo, and Schmidt 2024)
converts table rows to text for LLM finetuning, while
STab (Hajiramezanali et al. 2022) and STUNT (Nam et al.
2023) emphasize generalization through data augmenta-
tion and meta-learning. Others like Xtab (Zhu et al. 2023),
UniTabE (Yang et al. 2024), TransTab (Wang and Sun 2022),
PORTAL (Spinaci et al. 2024), and CARTE (Kim, Grinsz-
tajn, and Varoquaux 2024) instead rely on type-specific en-
coders and require a fixed schema across training and test-
ing. To tackle this problem, we introduce the Datum-wise
Transformer, a lightweight transformer trained on individual
rows. It textualizes each feature and uses separate embed-
dings per column, achieving column permutation invariance
and flexibility across table structures. The model is designed
for row-level training and inference on any table, with no
assumption of schema consistency.

Our approach contrasts with traditional BERT-like tab-
ular encoders such as Flat Text (Kindji et al. 2025) and
TaBERT, which apply positional encodings across entire
rows and thus remain sensitive to column order. While
models like PORTAL, TransTab, and UniTabE also imple-
ment a form of independent feature encoding, they typi-
cally rely on partially handcrafted strategies, often condi-

tioned on feature types or metadata. In contrast, our method
learns feature representations directly from raw input with-
out requiring data-type-specific mechanisms. Additionally,
many BERT-based tabular models use 768-dimensional em-
beddings inherited from the original architecture. In con-
trast, our 192-dimensional representation aligns with our
lightweight Transformer design, reducing computational
and memory costs. This demonstrates that robust feature
learning and permutation handling can compensate for re-
duced capacity, challenging the need for high-dimensional
embeddings.

Table-agnostic Datum-wise Transformer

In the following, we describe our method for detecting syn-
thetic tabular data. First, we describe our datum-wise archi-
tecture, which is designed to generate effective representa-
tions for the synthetic data detection task. We then describe
the procedure used for table adaptation to further improve
performance.

Datum-Wise Transformer Architecture The proposed
detector uses two transformers as its backbone: a datum
transformer and a row transformer. The datum transformer
processes batches of text datums, and the row transformer
works on a pooled datum representation. The whole pipeline
and architecture are described in Figure 2.

Each table row is converted into text (i.e. datums),
which is the concatenation of <column>:<value>
strings. The datums are then tokenized at a character
level. Technically, in the first step (Step 1 in Figure 2), our
model applies two levels of padding. Intra-datum padding
extends the length of each datum to match the longest
<column>:<value> string. Then, extra-datum padding
adds dummy datums to handle varying numbers of datums
in each table of the training set. Each datum is appended
with a CLS token, serving as a representation of the feature.
In the following sections, we refer to these tokens as CLS-
Datums.

A key architectural feature of our model is the restric-
tion of positional encoding to individual datums (Step 2 in
Fig. 2). Processing the datums independently as a first stage
enables an independent “featurization”, where the feature
encodings are inferred directly from raw data. By process-
ing data at the datum level rather than entire rows, the da-
tum transformer also benefits from shorter input sequences,
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Figure 2: Datum-wise transformer pipeline with table adaptation head.

reducing computational costs. We avoid the reliance on col-
umn order induced by global positional encoding, which can
cause problems when the detector is applied to tables with
different column arrangements. We evaluate the effect of
this particular feature in Section . The positional encoding
within the datum transformer enables it to focus on column-
related information without being conditioned on any spe-
cific column order. Without it, the transformer would not
distinguish the positions of the characters and the entire row
would be viewed as a bag of characters (where for instance
elbow : 201.1 and below : 1.012 would be considered iden-
tical). While positional encoding matters within a datum, it
is important for tabular data, especially in fake data detec-
tion, to produce predictions that are invariant to column per-
mutations.

At the end of Step 2, each datum is encoded as a single
192-dimensional embedding which aggregates both column
name and value. This representation serves as input to the
datum transformer in Step 3, and we only retrieve the CLS-
Datums embeddings from its output (Step 4). This datum
pooling operation drastically reduces the input size for the
subsequent steps. We expect the CLS-Datums to provide suf-
ficient information to effectively represent the features. The
CLS-Datums are appended with an additional row-level CLS
token (192-dimensional, as for the CLS-Datums) that will
serve for our classification task. In the following paragraphs,
we will refer to this token as CLS-Target. The result of this
operation is given as input to the row transformer (Step 5).
This transformer does not incorporate any positional encod-
ing as all the position-related information are already pro-
cessed by the datum transformer. We extract the CLS-Target
from the output and pass it to the classification head. Our
detector is trained using a binary cross-entropy loss.

Table Adaptation To enhance our detector’s performance
“in the wild”, we integrate a well-established adaptation
strategy that improves a detector’s ability to generalize from
a specific data distribution to unlabeled target data with a
different distributions. In our context, we call it table adap-

tation. Specifically, we employ the gradient reversal tech-
niques from (Ganin and Lempitsky 2015; Saito et al. 2018)
to minimize the classifier’s reliance on table structures in its
embeddings while emphasizing the values within the cells
of the tables. For example, some tables may exhibit char-
acteristics that make them easily identifiable (e.g., all nu-
meric versus mixed), encouraging the model to exploit these
spurious signals rather than learning to distinguish real from
synthetic rows more generally. In practice, we add a table
classification head in our architecture from which the gra-
dient reversal is applied down to the representation learning
layers. This table classification head predicts the name of the
table and also utilizes the CLS-Target produced by the row
transformer for its predictions. This is shown in the bottom
left part of the Figure 2. We still use a cross-entropy loss for
optimization.

Experimental Setup
Training Data

We took tables from the OpenML repository and the Kaggle
platform (see Appendix 1.1). To make the detection task rea-
sonably challenging, we employed state-of-the-art genera-
tors for creating synthetic data. Poorly trained or low-quality
generators might produce data that is easily distinguishable
from real data, hence, we prioritized high-quality genera-
tors with carefully optimized hyperparameters for each ta-
ble. The generators are TabDDPM (Kotelnikov et al. 2023),
TabSyn (Zhang et al. 2024), TVAE, and CTGAN (Xu et al.
2019). Hyperparameters were selected following the proto-
col presented in (Kindji et al. 2024). We employed the same
tables as in the mentioned articles to leverage the available
pretraining.

To train the detectors to distinguish between real and syn-
thetic data, we constructed each table as a balanced mix of
both types of data as illustrated in Figure 1. Specifically, for

"https://www.openml.org
*https://www.kaggle.com/datasets



Table Domain Name Size #Num #Cat

Adult! 48842 6 9

Societal & HELOC? 5229 23 1
Demographic House 16H' 22784 17 0
King? 21613 19 1
Bank Marketing! 45211 7 10

Consumer & ~ Chum Modellling2 4999 8 4
Financial Behavior Diamonds 26970 7 3
Black Friday'! 166821 6 4

Insurance? 1338 4 3

Abalone' 4177 7 2

Science & Cardio® 70000 11 1
Environment Higgs' 98050 28 1
Bike Sharing! 17379 9 4

MiniBooNE' 130064 50 1

Table 1: Description of the tables considered in the exper-
iments. We categorized the tables into three main domains
(Social, Finance, and Science) for the cross-domain table
shift evaluation. “Size” is the number of total instances in
the table, “#Num” and “#Cat” refer respectively to the num-
ber of numerical and categorical attributes.

a given table with n real rows, we added n synthetic rows
composed of n/4 rows from each of the four generators,
resulting in a final table with 2n rows. This design main-
tains a balance between real and synthetic data by ensuring
equal contribution from each generator within each table,
thereby preventing any imbalance that could bias the de-
tectors. Besides, it avoids introducing additional variables,
such as varying real-to-synthetic ratios, that could interfere
with the evaluation at this stage. However, it is important to
note that the global balance across all tables is not enforced
(e.g., one table may contain 2, 000 rows, while another may
contain 20, 000). This variability reflects natural differences
between tables while preserving local balance within each
table.

Baselines

As discussed in Section , very few table encoders can be
readily adapted to create a synthetic tabular data detector for
real-world use. We view the Flat Text Transformer (detailed
below) as our closest baseline, given its alignment with our
objectives. Nonetheless, we adapted other approaches to our
goals to facilitate a more comprehensive comparison. Imple-
mentation and training details of our model and the consid-
ered baselines are provided in Appendix 1.3.

Flat Text Transformer (Kindji et al. 2025) This model
is explicitly designed for the cross-table setting and pro-
cesses fully textual rows. It uses character-level tokenization
with a global positional encoding across the entire row and
employs a lightweight BERT-like transformer trained from
scratch.

TaBERT embedding (Yin et al. 2020) TaBERT can be
reasonably adapted to our setup, due to its use of text-based
row linearizations like <column> |<type>|<value>.

Since it is designed to encode entire tables, we only consid-
ered its pretrained version setting the number of rows in each
table to 1 (K=13). This allows us to use it in our row-by-row
classification task. TaBERT),;, is initialized from BERT .,
which has 12 heads and 12 layers of attention. Each row in
our pool of tables is considered as a single table and en-
coded by TaBERT},.. The row context in natural language
was generated by prompting GPT-40-mini to describe each
table in our pool (see Table 1). TABERT}, then processes a
row formatted as a table, along with an associated context, as
recommended by the authors. We retrieved each row’s CLS
that we used as input for a classification head. As the authors
noted, their model can be viewed as an encoder for systems
that require table embeddings as input.

BART embedding and fine-tuning (Lewis et al. 2020)
BART is a general-purpose pretrained encoder, capable of
directly processing our textualized row format for sequence
classification. We evaluated both pretrained embeddings and
a fine-tuned version of this model, using the same bart-base
checkpoint with 12 attention heads and 6 layers. In both
cases, the BART tokenizer was used to ensure consistency
with the model’s input format. For the pretrained version,
we deployed the model using the same procedure as for
TaBERT. We generated embeddings for each row and ex-
tracted the first token acting as a CLS embedding that we
used as input for the classification head. For the embedding
baseline, only the weights of the classification head were up-
dated. For the fine-tuned baseline the BART model was also
modified.

Among the other pretrained models mentioned in Sec-
tion , we evaluated PORTAL using its original table-specific
protocol, wherein a separate model was trained and de-
ployed for each test table. While effective in this context,
we did not include PORTAL as a cross-table shift baseline
due to the extensive refactoring and tuning required to gen-
eralize it across unseen tables.

Detection Setups

Cross-table Shift In this setup, the model is deployed on
unseen tables, as illustrated in Figure 1. Note that our imple-
mentation involves a cross-table shift between the train and
validation sets, as well as between the train and test sets.
For the datum-wise detector, we evaluated two versions:
one with table adaptation and one without. The experi-
ments were conducted under a strict 3-fold cross-validation
procedure. Performance of all detectors is reported using
the ROC-AUC and accuracy metrics. ROC-AUC offers a
threshold-independent measure of a detector’s ability to dis-
tinguish real from synthetic data, essential in imbalanced or
uncertain scenarios. Accuracy complements this by showing
performance at a fixed decision threshold at 0.50.

Cross-domain Table Shift We considered an additional
setup with the same characteristics as the cross-table shift
but which involves tables from different domains between
training and deployment. The domain distinctions used are

*https://github.com/facebookresearch/TaABERT



Metrics
Model AUC Accuracy
BART-embd 0.50 4= 0.00 0.50 4= 0.00
BART-tuned 0.52 +0.03 0.52 4+ 0.02
TaBERT-embd 0.51 £ 0.00 0.50 & 0.00
Flat Text 0.60 £ 0.07 0.52 +0.01
Datum-wise 0.67 £ 0.05 0.59 £0.08

Datum-wise + TA 0.69 0.04 0.66 £ 0.05

Table 2: Cross-table shift AUC and Accuracy performance
reported for transformer detectors. Our proposed Datum-
wise method is evaluated with and without table adapta-
tion (TA). “BART-embd” and “TaBERT-embd” refer respec-
tively to the embeddings produced by BART and TaBERT.
“BART-tuned” refers to the fined-tuned version of BART.

presented in Table 1. For simplicity, we refer to the table do-
mains as Social, Finance, and Science. Due to limited com-
putational access, we did not perform cross-validation on
this setup. Instead, we report bootstrapped metrics (Efron
and Tibshirani 1994) to provide confidence intervals.

Results

We provide the experimental results for the cross-table shift
setup in Section , for the cross-domain table shift one in Sec-
tion , and for a detailed analysis in Section . We discuss the
limitations of our method in Section . The main results are
reported in Table 2 but additional results are reported in the
text and detailed in the appendices.

Cross-table Shift

The results from our experiments on the cross-table shift
setup are reported in Table 2. We provide the performance
for the considered baselines and the datum-wise detector
evaluated with and without table adaptation using table
names as domains. Our method consistently outperforms all
baselines across all metrics, achieving an average AUC of
0.67 and accuracy of 0.59, establishing state-of-the-art re-
sults for the cross-table shift detection setup. In comparison,
the best baseline, Flat Text, tailored for this task, reaches
an AUC of 0.60 and accuracy of 0.52. We observed consis-
tent improvements in all three folds, though statistical sig-
nificance testing is not reliable at this scale.

As for BART and TaBERT’s embeddings (respectively
BART-embd and TaBERT-embd), we observe that they
achieve performance close to random, with an AUC of 0.50
for BART and 0.51 for TABERT. Both models obtain an ac-
curacy of 0.50. Analyzing the training logs reveals a notable
improvement in performance on the training set, with an av-
erage AUC of 0.63 for TaBERT’s embedding and 0.59 for
BART. However, both models struggle to generalize to the
validation and test sets.

These observations highlight a broader limitation when
repurposing pretrained models designed for language un-
derstanding or reasoning over structured text for tasks in-
volving synthetic data detection in tabular domains. Both

TaBERT and BART were adapted with care to fit our row-
by-row classification setting, leveraging configurations (e.g.,
TaBERT with K=1) and processing pipelines that remain
as faithful as possible to their architectural expectations.
Nonetheless, the fundamental shift in task (from textual rea-
soning to real versus synthetic row classification across het-
erogeneous table structures) presents challenges that these
models were not originally optimized to address. In particu-
lar, the lack of full-table context and the absence of inter-row
dependencies reduce their effectiveness in this setting.

The fine-tuned BART model achieves an average AUC
of 0.52, slightly outperforming the BART-embd baseline,
which scores 0.50. To investigate these limited results,
we analyzed embeddings extracted from the decoder out-
put before the classification head on the first fold. A T-
SNE (van der Maaten and Hinton 2008) visualization (Ap-
pendix 2) showed that the model mainly relies on table-
specific characteristics, with clear separations between ta-
bles. This was confirmed quantitatively by training an XG-
Boost classifier on the 768-dimensional embeddings to pre-
dict table names, achieving 0.99 accuracy.

Table Adaptation Strategy In this configuration, a pa-
rameter lambda regulates the intensity of gradients propa-
gated from the table classification head. This parameter is
gradually increased from 0 to 1 over the course of train-
ing. Initially, the model undergoes a few iterations to learn
the primary target classification task, i.e., distinguishing be-
tween real and synthetic data, before being exposed to neg-
ative gradients. This gradual introduction avoids early sup-
pression of table-specific features, ensuring the model has
time to learn informative patterns for the primary task.

Our initial experiments with the original scheduling ap-
proach proposed by (Ganin and Lempitsky 2015) showed
it to be overly aggressive for our setup, often leading to
early stopping after just a few epochs. To mitigate this issue,
we implemented a smoother, cosine-based lambda schedule,
which ultimately yielded the best performance, as demon-
strated in Table2. With this adjusted table adaptation strat-
egy, the accuracy improved from 0.59 to 0.66, and the AUC
increased from 0.67 to 0.69. The simultaneous improvement
in both metrics suggests that the model initially relied on
table-related features, among other factors. This influence
was effectively mitigated through the adapted training strat-
egy. We further analyze the impact of the table adaptation
strategy in a detailed analysis presented in Section .

Cross-domain Table Shift

According to Table 2 the datum-wise model combined with
table adaptation is able to generalize well across different ta-
ble structures. However, in order to evaluate the ability of the
model to generalize across both domains and structures, we
partitioned the tables into three domains: Social, Finance,
and Science (See Table 1). We then trained the datum-wise
classifier on the tables from one domain and evaluated its
ability to detect synthetic content on tables from other do-
mains. This cross-domain table shift setting is extremely dif-
ficult as it combines both a cross-domain shift and a cross-
table shift. As expected, it does not work (AUC around 1/2



Train \Test | Social Finance Science |
Social - 0.49 +0.00 0.48 +0.00
Finance 0.48 £ 0.00 - 0.50 £ 0.00
Science 0.48 =0.00 0.51 +£0.00 -

Social AFN - 0.49 £ 0.00 0.52 + 0.00
FinanceAFN | 0.50 £ 0.00 - 0.55 + 0.00
ScienceAFN | 0.50 = 0.00 0.51 +0.00 -

Table 3: Cross-domain AUC for the datum-wise classifier
trained on one domain and tested on others. This setting
combines both a domain shift and a cross-table shift. We
report the average performance over 500 bootstrapped tests
along with the 95% confidence intervals. “AFN” refers to
anonymized features, and noise (perturbed rows).

is equivalent to random decision). The results of this exper-
iment are reported at the top of Table 3. They suggest that
cross-table generalization is only possible among semanti-
cally similar tables. A limitation of this experiment, how-
ever, is that the domain-specific models were only trained
on subsets of the dataset we used for the main cross-table
shift experiment of Table 2. This reduced coverage likely
contributes to the poor out-of-domain generalization.

To investigate this problem, we analyzed the embeddings
by extracting the CLS-Target and visualizing them using T-
SNE plots (see Appendix 2). This revealed a strong reliance
on table characteristics when predicting the outcome (real or
synthetic). In response, we explored various strategies aimed
at mitigating this behavior and improving out-of-domain
generalization. We anonymized all table features by replac-
ing original column names with generic feature indices (e.g.,
feature_<i>:<value>) to prevent the model from re-
lying on specific column names. Additionally, we simulated
realistic noise in synthetic data and replaced 20% of the
rows in each synthetic table with noisy versions. Categor-
ical values in synthetic tables were replaced with either a
generic placeholder, a random scrambled string drawn from
the column’s character set, or a shuffled permutation of a
randomly chosen existing category (e.g., replacing “apple”
with a shuffled “orange”, like “aegnor’). Additional details
are in Appendix 1.2. Perturbations replace synthetic rows
only in the source domain, also maintaining a balance be-
tween real and synthetic data.

Each strategy was evaluated individually and in combi-
nation. The combination of anonymized features (AF) and
added noise (N) in the synthetic data yielded the best per-
formance for the detection task, both in-domain and out-
of-domain. The results (with suffix AFN) are reported at
the bottom of Table 3. We observe a slight out-of-domain
performance improvement when adapting to the Science do-
main; for instance, adapting from Finance to Science yields
an AUC increase from 0.50 to 0.55. Though modest, this
gain indicates that the strategy may enhance cross-domain
adaptation.

Detailed Analysis

We conduct a detailed analysis to evaluate the impact of in-
dividual components within the datum-wise detector.

Impact of Table Adaptation To evaluate the impact of ta-
ble adaptation, we extracted and visualized the CLS-Target
embeddings from the row transformer just before the classi-
fication and adaptation heads (Appendix 2).

We computed the average pairwise cosine distance be-
tween L2-normalized table centroids in our 192-dimensional
embedding space. After adaptation, embeddings became
more clustered, reducing inter-table distances from 3.30 x
107° t0 6.17 x 107% (a 81.3% relative decrease) indicating
a more unified representation. Although absolute distances
are small due to normalization, this relative reduction indi-
cates a positive effect of the table adaptation strategy. Addi-
tionally, an XGBoost classifier distinguishing synthetic and
real row embeddings dropped in accuracy from 0.99 before
adaptation to 0.89 after, further confirming reduced inter-
table separability.

Permutation Invariance A widely used method, espe-
cially in image processing, to enforce invariance of a pre-
dictive model to a group of transformations such as symme-
try or rotation, is to augment the training data by applying
these transformations randomly to the training instances. In
image processing this data augmentation procedure is con-
sidered essential to improve the generalization ability of the
models, but it requires a longer training phase and it does
not provide strong guarantees, especially if the transforma-
tion space is large. A better option is to use neural architec-
tures that are explicitly designed to be invariant or equivari-
ant to these transformations (Cohen and Welling 2016; Xu
et al. 2023). These architectures provide a better general-
ization, especially when facing distributional shift (Elesedy
and Zaidi 2021). Regarding tabular data, there is no spacial
ordering relationship between features, it is hence natural
to seek is the invariance by permutation of the columns. In
(Borisov et al. 2023) the authors propose to train their mod-
els on random permutations of the columns, but this strategy
is not guaranteed to cover all possible permutations.

Our goal here is to assess the gain of our datum-wise
model that was explicitly designed for column permutation
invariance (referred to as Datum-wise) against an equiva-
lent text transformer with global positional encoding (re-
ferred to as Flat Text). For the Flat Text model, we con-
sider two training strategies: one without permutation of the
columns (referred to as “Orig.”) and one with permutation of
the columns (referred to as “Dynamic Perm.”). We consider
two tasks: synthetic tabular data detection under cross-table
shift as in Table 2 and a single table setting (here, the Black
Friday table). We evaluate the obtained models on both per-
muted and non-permuted sets. These results, reported in Ta-
ble 4, confirm that our datum-wise model generalizes better
than a classical text transformer with global positional en-
coding.

In the sub-column “Train (Perm.)” we provide the re-
sults obtained when evaluating the models on a permuted
version of its training data. These results, compared to the
sub-column “Train (Orig.)”, confirm that permutation alone



Evaluation Data

Setup Model Training Data Train Train (Perm.) Test Test (Perm.)
Cross-table | Flat Text Orig._ 0.74 £0.02 | 0.67+£0.03 | 0.60+0.07 | 0.60=+0.08
Shift Dynamic Perm. | 0.67 £0.03 | 0.66 £0.04 | 0.60£0.08 | 0.61 £0.06
Datum-wise | Orig. 0.72+0.02 | 0.72£0.02 | 0.69+0.04 | 0.69 = 0.04
. Orig. 0.65+0.00 | 0.514+0.00 | 0.64+0.01 | 0.52+0.01
f;ﬁ%fgﬂfi Flat Text Dynamic Perm. | 0.51 £0.00 | 0.55£0.00 | 0.51 £0.00 | 0.54£0.01
Y) "Datum-wise | Orig. 0.66 £ 0.00 | 0.66 £ 0.00 | 0.66 £ 0.01 | 0.66 £ 0.01

Table 4: AUC and standard deviation results for a text transformer with global positional encoding (Flat Text) and our column-
permutation invariant model (Datum-wise). At the top we use the cross-table shift setting as in Table 2, at the bottom we perform
the same experiment on a single-table: Black Friday. We compare the evaluation on unchanged datasets and column-permuted
datasets (“Perm.”). “Dynamic Perm.” applies a random column shuffling during training. We use 500 bootstrapped tests and

95% confidence intervals.

(without changing the cell values in the tables) strongly de-
grades the Flat Text model performance but does not impact
the Datum-wise model. The dynamic column permutation
strategy (“Dynamic Perm.”) seems not to improve signifi-
cantly the test performance of the Flat Text model which
remains behind the Datum-wise model. A larger scale ex-
periment could reveal a slight improvement of the Flat Text
model with dynamic column permutation, but the differ-
ences we obtain between “Test” and “Test (Perm.)” are not
significant for the cross-table shift setting. This could be ex-
plained by the fact that the test columns names in our test
tables do not appear in the training sets or are too different
from the ones encountered in the training tables.

We also performed the same experiment on a single ta-
ble (the Black Friday table) to see if the dynamic column
permutation strategy would improve the generalization abil-
ity of the Flat Text model when facing the same features
names, but it seems on contrary to overfit strongly the po-
sition of the columns and their permutations. As expected,
the Datum-wise model remains insensitive to these pertur-
bations.

Limitations

While our tables are diverse, they may not capture the full
spectrum of real-world data, especially from specialized
or proprietary domains. Evaluating on more application-
specific tables and synthetic generators would better test
the generality and robustness of our findings. Moreover, the
cross-domain generalization remains a key challenge and
points to the need for more data and more advanced adap-
tation techniques. Additionally, our model is designed to be
invariant to column permutations, but we do not systemat-
ically study other perturbation types, such as missing val-
ues, adversarial modifications, all of which may impact de-
tector reliability in practice. Moreover, we only considered
row-by-row detection, but we acknowledge that some statis-
tical properties, especially for time-series or sequential data,
may become apparent only when considering multiple rows
together. Finally, although the datum-wise Transformer is
more lightweight than standard BERT-based encoders, we
do not provide a detailed evaluation of computational ef-
ficiency or scalability for large-scale or real-time deploy-

ments. Intermediate pooling strategies, such as extracting
additional tokens beyond CLS-Datums, may also enhance
representation capacity, but remain unexplored in this work.

Conclusion

In this study, we address the underexplored challenge of
detecting synthetic tabular data in real-world scenarios,
where models must generalize to unseen table structures.
We introduced a novel datum-wise Transformer architec-
ture that operates on character-level embeddings and em-
ploys local positional encoding at the column level. Our
method significantly outperforms the sole existing base-
line for this task and other purposefully designed competi-
tors. Through a thorough evaluation under both cross-table
and cross-domain protocols, we demonstrated that gener-
alizing across table structures presents a greater challenge
than domain shift alone. Further, we showed that incorpo-
rating a lightweight table adaptation strategy can signifi-
cantly enhance performance. Our results provide the first
compelling evidence that robust detection of synthetic tab-
ular data in real-world conditions is not only possible but
can be effectively achieved with tailored architectures and
targeted adaptations. This architecture opens up several
promising avenues for future research, such as supporting
pretraining-finetuning pipelines for tabular prediction tasks,
using objectives like Masked Language Modeling (MLM)
from TaBERT, or employing few-shot learning strategies
like STUNT.
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