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Abstract 1 Introduction

Transformers have shown impressive results in
tabular data generation. However, they lack
domain-specific inductive biases which are crit-
ical for preserving the intrinsic characteristics
of tabular data. They also suffer from poor
scalability and efficiency due to quadratic com-
putational complexity. In this paper, we pro-
pose TabTreeFormer, a hybrid transformer archi-
tecture that integrates inductive biases of tree-
based models (e.g., non-smoothness and non-
rotational invariance) to effectively handle the
discrete and weakly correlated features in tabu-
lar datasets. To improve numerical fidelity and
capture multimodal distributions, we introduce
a novel tokenizer that learns token sequences
based on the complexity of tabular values. This
reduces vocabulary size and sequence length,
yielding more compact and efficient representa-
tions without sacrificing performance. We eval-
vate TabTreeFormer on nine diverse datasets,
benchmarking against eight generative models.
We show that TabTreeFormer consistently out-
performs baselines in utility, fidelity, and pri-
vacy metrics with competitive efficiency. No-
tably, in scenarios prioritizing data utility over
privacy and efficiency, the best variant of Tab-
TreeFormer delivers a 44% performance gain rel-
ative to its baseline variant. Our code is available
at: https://github.com/li-jiayu-ljy/tabtreeformer.
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Tabular data is a prevalent data modality in real-world ap-
plications (e.g., healthcare (Dash et al., 2019), financial
services (Assefa et al., 2021), etc.), yet are heavily under-
exploited due to privacy concerns (EU, 2016). Fortunately,
synthetic data offers an alternative to the utilization of tab-
ular data by modeling the characteristics of real data and
reducing the risk of data breach (PDPC, 2024), thus draw-
ing considerable attention in recent years.

State-of-the-art (SOTA) research shows that transformers
such as autoregressive transformers (Borisov et al., 2023),
masked transformers (Gulati and Roysdon, 2023), and dif-
fusion models with transformers (Zhang et al., 2024) have
achieved impressive performance in tabular data gener-
ation, allowing synthetic data to empower a variety of
fields (Hernandez et al., 2022; Assefa et al., 2021). How-
ever, unlike the application of transformers in other re-
search areas such as computer vision (Dosovitskiy et al.,
2021) and natural language processing (Vaswani et al.,
2017), existing transformer models for synthetic tabular
data often overlook domain-specific priors (i.e., inductive
biases). For example, CvT (Wu et al., 2021) introduces
convolutional embedding and projection to transformers to
boost vision performances, and Transformer-XL (Dai et al.,
2019) introduces segment-level recurrence to transformers
to capture longer-term dependencies. While vision and lan-
guage models have enjoyed the performance boost intro-
duced by domain-specific priors, less exploration has been
conducted to leverage them in tabular generative transform-
ers. Moreover, transformers suffer from poor scalability
due to quadratic computational complexity. This raises two
interesting questions:

1. What inductive biases are beneficial to the quality of
synthetically generated tabular data?

2. How can one exploit these inductive biases to improve
the generative transformer?

To answer the questions, we propose TabTreeFormer, a hy-
brid transformer incorporating a tree-based model and a
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Figure 1: Performance comparison of TabTreeFormer

(Ours) with SOTA tabular generative models in utility, fi-
delity, privacy, and efficiency metrics. TabTreeFormer-S
achieves the best balance as the only big near-regular oc-
tagon, and TabTreeFormer-NM achieves the best utility.

novel tokenizer to handle tabular-specific inductive biases.
We also leverage the limited per-dimension semantic mean-
ing (i.e., each dimension corresponds to at most one fea-
ture) of typical tabular data to enable a significant reduction
in model size with our tokenizer design.

Tree-based models excel at tabular classification and re-
gression tasks (Shwartz-Ziv and Armon, 2022; Gorish-
niy et al., 2021), which is attributed to their inductive
biases that can capture tabular characteristics such as
non-smoothness and potentially low-correlation (Grinsz-
tajn et al., 2022). Non-smoothness is due to the existence
of discrete features and non-smooth relations between dis-
crete and/or continuous features. Trees effectively model
these by learning piecewise constant functions, unlike neu-
ral networks that typically learn smoother, low-frequency
functions (Rahaman et al., 2019). Low-correlated features,
often uninformative, contribute minimally to downstream
tasks such as classification and regression. Due to the
non-rotationally invariant nature of tree-based models (Ng,
2004), trees are more robust against low-correlated fea-
tures, while neural networks are biased towards stronger
correlations everywhere. Inspired by the success of tree
models on tabular tasks, we propose to employ such priors
to facilitate the performance on tabular generative tasks.

However, tree models do not inherently capture multi-
modal distributions in continuous features (i.e., features
whose probability density functions have multiple modes
or peaks). This limitation poses a significant challenge for
tabular generative modeling. Inspired by (Xu et al., 2019)
that addresses this issue via multimodal decomposition,
we propose dual-quantization tokenization for transform-
ers. The first quantization uses K-Means clustering (Mac-
Queen, 1967) to model multimodal distributions, while the
second employs a separate quantile-based quantization to
achieve more precise representation of numerical values.
Unlike typical word tokens, quantized tokens possess or-

dinal relationships. To effectively capture these relation-
ships, we design and implement custom embeddings and
loss functions.

Our contributions are summarized as follows:

* To the best of our knowledge, we are the first to introduce
tabular-specific inductive biases to transformers with a
tree-based model for improving table generation.

* We propose a dual-quantization tokenizer with ordinal-
aware embeddings and loss functions, enabling trans-
formers to model multimodal continuous features and
generate high-quality synthetic data.

e Compared to 8 baselines across 9 datasets, Tab-
TreeFormer achieves an outstanding balance in qual-
ity, privacy, and efficiency, as shown in Fig. 1. It also
achieves up to 54% and 44% gain over the best deep and
general baselines respectively, when prioritizing utility
over other metrics.

2 Related Works

2.1 Tabular Data Generation

Early works on tabular data generation use MLPs and
CNNs as backbone architectures with GAN and VAE as
generation methods (Park et al., 2018; Xu et al., 2019;
Zhao et al., 2021, 2024). Recent works now use trans-
formers with auto-regression, masked modeling, and diffu-
sion as generative paradigms (Borisov et al., 2023; Zhang
et al.,, 2024; Gulati and Roysdon, 2023). For example,
TabMT (Gulati and Roysdon, 2023) employs a masked
transformer with ordered embedding and achieves good
utility and scalability in downstream tasks. TabSyn (Zhang
et al., 2024) encodes tabular data into a latent space and
generates tabular data using a diffusion model, demon-
strating impressive fidelity and utility. Despite their en-
hanced performance, they overlook inductive biases to cap-
ture non-smoothness and low-correlated features that are
crucial to preserving the intrinsic characteristics of tabu-
lar data. Moreover, Xu et al. (2019) highlight that cap-
turing multimodal distribution in continuous features is
a critical challenge for tabular generative models. CT-
GAN (Xu et al., 2019) uses variational Gaussian mixture
model (Bishop, 2006) to decompose multimodal values,
while TabDiff (Shi et al., 2025) introduces a multimodal
stochastic sampler. In this paper, we propose a tokenizer
that models the multimodal distribution and injects this
prior into an auto-regressive transformer for improved tab-
ular data generation.

2.2 Tree-based Models for Tabular Data

Tree-based models like XGBoost (Chen and Guestrin,
2016), LightGBM (Ke et al, 2017), and Cat-
Boost (Prokhorenkova et al., 2018) dominate tabular
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tasks due to their strong inductive biases, enabling high
predictive performance, efficiency, and scalability. While
transformer-based models (Huang et al., 2020; Arik and
Pfister, 2021; Hollmann et al., 2023) show promise, they
often underperform due to lack of such biases (Shwartz-
Ziv and Armon, 2022; Gorishniy et al., 2021). Tree-based
generative models (Watson et al., 2023; McCarter, 2024;
Jolicoeur-Martineau et al., 2024), though efficient, struggle
with synthetic data quality or suffer from privacy leakage
risks. In this paper, we bridge the gap by combining tree-
based priors with transformers to inject tabular-specific
inductive bias and enhance tabular generative performance.

2.3 Tabular Tokenizers

Transformers require a tokenizer to convert tabular data
into suitable input tokens. Some methods map data to a
continuous space by redesigning embedding layers (Arik
and Pfister, 2021; Gorishniy et al., 2022; Zhang et al.,
2024), while others tokenize into discrete sequences with
minimal embedding changes (Borisov et al., 2023; Sola-
torio and Dupriez, 2023; Gulati and Roysdon, 2023; Zhao
et al., 2023), which align better with NLP practices. In this
paper, we adopt the latter to optimize and simplify tabular
tokenization. This approach converts continuous values to
discrete tokens, which have ordinal relations, such that the
greatness of the token IDs can be compared. To capture
this relation, two aspects where a model can be modified
to cater for the ordinal token space are: i) embedding (in-
put, also output for causal language models) and ii) loss
(output).

Ordinal Embedding. One of the most well-known con-
tinuous embedding methods is the positional embedding
based on trigonometric functions (Vaswani et al., 2017)
that has been adopted for ordinal tokens (Narvekar and
Mehta, 2024). However, their periodic nature is better
suited for language positions than general ordinal data.
Other methods often rely on non-ordinal embeddings (Li
et al., 2021; Gulati and Roysdon, 2023) or require high-
precision raw values (Gorishniy et al., 2022; Gulati and
Roysdon, 2023). We propose a function-based ordinal em-
bedding that sidesteps both demands.

Ordinal Loss. Prior work on ordinal regression often
targets a small number of classes (Niu et al., 2016; Hou
et al., 2016; Cao et al., 2020; Shi et al., 2023), or modi-
fies cross-entropy loss to account for token distances (Diaz
and Marathe, 2019; Nachmani et al., 2025; Castagnos et al.,
2022; Zhang et al., 2023). Building on core ideas from
prior work, we propose a custom loss tailored to our set-
ting.

3 TabTreeFormer

Our goal is to improve generative modeling of tabular data
by introducing domain-specific inductive biases. Let X be
the training dataset with n rows, mg discrete, and m,. con-
tinuous features. To generate synthetic tabular data X’ sim-
ilar to X, we propose TabTreeFormer, a model composed
of three components: a tree-based model, a tokenizer, and
a transformer, as shown in Fig. 2. The tree model en-
codes tabular-specific inductive biases; the tokenizer cap-
tures multimodal distributions while reducing vocabulary
and sequence length; and the transformer learns priors from
both to generate high-quality synthetic data. More details
on training and generation are provided in Appendix.

3.1 Tree-based Model

To inject tabular-specific inductive biases, we incorpo-
rate a tree-based model into the transformer (“Tree-based
Model” in Fig. 2) by augmenting each row’s token se-
quence with leaf indices from a fitted tree model 7 with
T trees. Let [ € N be the number of leaves in k-th tree,
where k € {1,...,T}. In tree T, the leaf index matrix
J = [jir] € N**T captures the position of each row X;
in each tree. These indices encode non-smooth and non-
rotationally invariant structure, enabling the model to pos-
sess these inductive biases of tabular data. By prepending
leaf indices to input tokens, we transfer tree-based induc-
tive biases to the transformer. During inference, these in-
dices also act as prompts and guide towards more realistic
data generation.

Many early tabular generation frameworks use conditional
generation (Xu et al., 2019; Zhao et al., 2021), which im-
proves the generation quality noticeably. These conditions
are based on the values of a specific column in the dataset.
In TabTreeFormer, we extend the condition of generation
to clusters of the data and allow multiple concurrent con-
ditions in place. Conceptually, each tree of a well-trained
tree-based model provides an informative clustering of the
training set, and the leaf index matrix provides a number of
such clusterings. Therefore, providing the leaf indices as
prompts, serving as conditions for generation, where mul-
tiple concurrent conditions (clusters) are provided and each
condition features the clustering on one tree, is expected to
be an effective generation performance booster.

3.2 Tokenizer

To model multimodal distributions and reduce both vo-
cabulary size and sequence length, we design a tailored
dual-quantization tokenizer for tabular data (“Tokenizer” in
Fig. 2). For each continuous feature, we quantize the values
so that it is of a more natural data format for transformers to
learn. However, unlike TabMT (Gulati and Roysdon, 2023)
that uses a single quantizer, we use a dual-quantizer (i.e.,
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Figure 2: Overview of TabTreeFormer (data flow: left — right, bottom — top). It consists of 3 components: i) a tree-based
model that introduces tabular-specific inductive biases; ii) a tokenizer that efficiently and compactly represents data while
capturing multimodal distributions; iii) a transformer model that learns the priors extracted from the tree and tokenizer to

generate synthetic data.

Table 1: Illustration of tokens in TabTreeFormer. “Size” indicates the number of tokens of this type. Recall Fig. 2 for
the their colors and usage. “N” in “Format” can be any index in the range; e.g., leaf 3 (3 < n;) is represented as [leaf3],
corresponding to the light green tokens in Fig. 2 with value 3.

Type (Alias) Size

Description

Leaf N = MaXje(1,2,..
Categorical (cat) n. = max;e(1,2,..

Cluster (bin) np = MaX;e(1,2,..

Quantile (quant) ng = max;e(1,2,...

Format Source
oyl Tree-based model 7
.} Ci Data tokenizer D (categorical columns)
n} bi Data tokenizer D (numeric columns)
n} i [quantN] Data tokenizer D (numeric columns)

[ Bos] |[ [EOS] |[ [mask] | Classical special tokens for LMs

Leaf index in a tree

Category ID

Bin ID in K-Means quantizer
Quant. ID in quant. quantizer
BOS, EOS, and mask tokens

Special 3

double quantizers) to capture multimodal continuous distri-
bution and describe the precise values respectively. Trans-
formers do not expect near-Gaussian-distributed input to-
kens, so we capture the multimodal distribution simply by
a K-Means quantizer (MacQueen, 1967) with a small num-
ber of clusters (e.g., K = 10). Following that, the original

concatenating the outcome from the tree model and tok-
enizer. It requires 5 types of tokens and a vocabulary size
of V' = nj+n.+mny +ny+3. The number of tokens in a se-
quence corresponding to one row is L = 24+T4+mg4+2m,,
including BOS and EOS tokens. Both the vocabulary size
and sequence length are much smaller than the need for nat-

value is then quantized into a large number of quantiles

ural language models. A shared set of leaf tokens across all

(e.g., @ = 1000), based on which original values are re-
covered, and thus the values are highly precise. Employing
the dual-quantization tokenization scheme, each numeric
value is encoded into two discrete values: a bin ID in the K-
Means quantizer and a quantile ID in the quantile quantizer,
allowing two tokens to represent a numeric value with valu-
able and sufficient information. Categorical features are
simply tokenized by label encoding, requiring 1 token. For-
mally, a reversible data tokenizer D can be fitted on X. Let
¢ € NJb; €{0,...,K},q; € {0,...,Q} denote the num-
ber of categories, K-Means bins, and quantiles in ¢-th col-
umn respectively, where ¢; = 0 in continuous features and
b; = q; = 0 in categorical features. Then, the domain for a
categorical value is {1,...,¢;} C N*, and the domain for
a continuous value is {1,...,b0;} x {1,...,¢;} C (NT)2
A summary is seen in Table 1.

3.3 Transformer

TabTreeFormer is simply trained as an auto-regressive
transformer. The input token sequence is constructed by

trees and similarly shared sets of category, bin, and quan-
tile tokens across all features are used. Distinctions be-
tween different trees and features are effectively encoded
through positional information, leveraging the positional
embeddings inherent in most transformers.

A key observation on the construction of token sequence
is that the valid range of tokens at each position is fixed
for a given table. Consequently, tokens can be sampled
exclusively from this precomputed set of valid options dur-
ing generation. This ensures that every generated token se-
quence corresponds to a valid row, eliminating the need for
rejecting invalid sequences (Borisov et al., 2023; Solato-
rio and Dupriez, 2023; Zhao et al., 2023), thus significantly
accelerating the sampling process.

Additionally, transformers are prone to memorization, par-
ticularly when trained on tabular data, where datasets are
much smaller compared to typical natural language cor-
pora (Borisov et al., 2023). To avoid memorization, we
heavily mask the input and maintain the target output un-
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masked. Moreover, we evenly split the training set into
2 subsets, one neural network (i.e., transformer in Tab-
TreeFormer) is trained on one subset and validated on the
other. Consequently, the validation loss can be a criterion
for early stopping to avoid overfitting, too. When generat-
ing samples, we sample from the two networks with equal
probability.

Theorem 1. Given a real dataset X, train M generative
models (G1,Ga,...,Gn) on an M-partition of it (X =
(X, xR XM, If the generators are well-trained
(distribution p of the corresponding partition is learned),
then to sample X', sample data from G; for a probability of
‘X[i]| /|1X| where | - | means the number of rows, we will
have the resulting p(X') = p(X).

Theorem 1 validates a generalized case of the method with
two evenly split subsets described above, and can be triv-
ially proven by the chain rule, so the proof is omitted. The
rest of the training and generation settings are similar to the
training and generation of classical causal language mod-
els, except for a modified embedding and loss function to
account for the ordinal relations between quantile tokens,
with details introduced in next Section.

3.4 Embedding and Loss Function for Ordinal
Tokens

Quantile Embeddings (QE) with Ordinal Relations.
The known ordinal relation between quantile tokens re-
sembles the known relative sequential relation between po-
sitions. Therefore, analogous to function-generated posi-
tional embeddings (Vaswani et al., 2017), we use function-
generated embeddings for quantile tokens. Unlike posi-
tional tokens, which emphasize relative values, quantile
tokens focus on absolute values, so we replace periodic
trigonometric functions with non-linear monotonic scaled
sigmoid functions for embedding generation. The embed-
ding value generators are provided in Equation 3, where
i € {0,...,Q — 1} stands for the quantile ID, and d €
{0,..., D—1} stands for the embedding dimensions. More
detailed intuition and description of the function are pro-
vided in Appendix.

€ NT  (scale factor) (1)

g {1+\/1+4dJ
d=|———F%
2

O, — —483 + (4d + 2) S,
4= 25, — 1

€ [-254,254] (offset) (2)

) 1
QE;4 = sigmoid <4sd (é - 2) T od) 3)
Theorem 2. Following the quantile embedding values in
Equation 3, and let the embedded vector of quantile i be
q; = (QEZ-O QEi(D_l)) € (0,1)P. Foranyp > 1,

given quantile IDs i,j,k € {0,...,Q — 1}, and j, k are on
the same side of i (i.e., (i — j)(i — k) > 0), then |i — j| <
i — k| if and only if |t — il < [l — atells where |- |,
stands for the p-norm of a vector.

Theorem 2 shows that the trend of the distance between
the embedded vectors is consistent with the difference be-
tween quantile IDs. The mathematical proof is provided
in Appendix. At different embedding dimensions, we ap-
ply different slopes (by scale factor) and intercepts (by off-
set) on the input to sigmoid. Note that while the meaning
of positions in a transformer is fixed, the interpretation of
quantiles can vary across datasets. As a result, instead of
fixing the embedding values as in Equation 3, we initialize
the values by the equations, and they are updated during
training. Non-quantile tokens will use a typical word token
embedding layer of transformers.

Ordinal Cross-Entropy Loss. Cross-entropy loss (CEL)
is typically used as the optimization objective of transform-
ers. However, the quantized quantile tokens retain an inher-
ent ordinal property, where closer IDs correspond to closer
values. This relationship is not captured by standard CEL,
where all classes as equally distinct. To address this, we
replace the vanilla CEL with a specialized ordinal CEL for
quantile tokens. Formally, let the predicted logits for a to-
kenbe z € RV, the probability after softmax be p € [0, 1]V
(Ilp]l1 = 1), and the target label be ¢t € {1,...,V}. We de-
fine ordinal cross-entropy loss (OCEL) as a weighted ver-
sion of CEL. These weights are applied to unnormalized
probabilities in both the numerator and denominator, de-
pending on the current- and target-class pairs. It contrasts
with the classical weighted CEL, which weights the loss
per class based solely on the target class and applies to the
numerator only. Formally, we write it as Equation 5 (recall
the classical CEL in Equation 4), where w;; denotes the
weight for z;, where ¢ is the target class.

et
Lee(z,t) = —log =V . —log py €]
i=1 €
Zt
;Utte ‘ (5)
Zi:l Wy; €7
Lemma 1. Given w > 0 independent of z, OCEL is opti-
mized when z; — oo and z; — —o0, Vi # t.
Theorem 3. Let f(|t — i|) be a variant of the distance
between current class i and target class t when f is non-
negative and monotonically increasing. Let the weighted
sum of this variant of dlgtances to target incurred by some
logit z be D(z) = >, _ piw;. If wy = f(|t — i) for
some f, then for z,z* with L. (z,t) = L.(z*,t) and
D(z) < D(z*), we must have Lyce(2,1) < Loce(2*,1).

Loce(z,t) = —log

Both Lemma 1 and Theorem 3 are intuitive, and we provide
rigorous proofs in Appendix. Theorem 3 implies that the
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Table 2: Averaged MLE performance of different models on all 9 datasets. RE stands for relative error (w.r.t. score on real
data). Avg. stands for the average raw MLE score. The best scores and the second best scores are highlighted in bold with
and without underscore, respectively.

ML Real FD CTAB+ TTVAE TabSyn GReaT RTF TabMT TabuLa* TTE-S TTE-L TTF-NM

all 0.02040.033 0.25310.287 0.203 £0.335 0.024.£0.030 0. 1170178 0.02710.042 0.06240.103 0.04110.051 0.03110.040 0.02140.035 0.011 ooy
RE' (1) LN 0.014(.027 0.23140.260 0.249+0.476 0.025+0.036 0.09540.131 0.023 19,033 0.056+0.098 0.037+0.065 0.025+0.035 0.01940.032 0.007 . o5

RF 0.02040.027 0.25640.293 0.18440.275 0.01940.024 0.127 10,202 0.025+0.037 0.064 +0.107 0.045+£0.049 0.031£0.037 0.018 10,045 0.013 o7

XGB 0.02640.044 0.27240.337 0.17540.242 0.028 19,031 0.130+0.210 0.03440.056 0.067+0.116 0.041+0.046 0.03640.050 0.0261+0 032 0.014 . 15

all  0.899+£0.104 0.88410.122 0.68510.285 0.74710.312 0.880+0.119 0.80710.215 0.878+0.129 0.853+0.168 0.840-+0.129 0.875+0.126 0.88110.113 0.889. 106

Avg. (1)

LN 0.89110.125 0.881.0.140 0.695+0.272 0.719+0.405 0.872+£0.145 0.81810.200 0.874+0.143 0.851£0.182 0.835+0.163 0.87210.141 0.87510.135 0.885 . 106
RF  0.901.+0.104 0.885.0.119 0.68610.289 0.75710.286 0.88410.109 0.80110.233 0.88140.127 0.852.+0.171 0.839+0.124 0.875+0.125 0.88310.105 0.888. 109

XGB 0.906+0.094 0.886.10.122 0.673+0.326 0.76510.262 0.883-£0.113 0.80310.236 0.880+0.131 0.854+0.171 0.84810.116 0.87810.127 0.88510.112 0.895_, 101

Table 3: Averaged fidelity performance of different models on all 9 datasets. The best scores and the second best scores
are highlighted in bold with and without underscore, respectively.

FD CTAB+ TTVAE TabSyn GReaT

RTF TabMT

TabuLa TTE-S TTF-L TTE-NM

Shape 0.931 . 547 0.890+0.067 0-736+0.150 0.92510.052 0.881£0.062 0.92410.067 0.919£0.052 0.91610.076 0.910+0.037 0-915+0.042 0.894+0.081
Trend 0.922 ) 64 0.81340.122 0.67819.219 0.9114¢.084 0.86240.088 0.899+0.091 0.9120.065 0.894+0.085 0.9014+0.069 0.913+0.076 0.908+0.098

OCEL penalizes (value being smaller) classes closer to the
target class less than farther ones. Any definition of w;; =
f(Jt — i|) satisfying the monotonicity constraint works for
OCEL technically. In this paper, we define the weight wy;
for z; to be obtained by Equation 6.

=2
wy=1+m—e (Vo)? (6)

where 0 = 0.005 is a scaling factor of the distance, and
m = 0.5 is the minimum weight (used on ¢ = t). Detailed
explanation and analysis of it can be found in Appendix.

Note that not all tokens are part of the ordinal relation, so
the OCEL is applied only to valid quantile tokens at the
corresponding positions. To enable the model to learn to
generate valid quantile tokens, we introduce an additional
modified CEL to distinguish valid tokens from invalid ones,
which complements OCEL. See Appendix for the exact
overall loss formula.

4 Experiments

4.1 Experimental Setup

Basic Setup. For all datasets, we split train and test sets
in 4 : 1, and repeat each experiment 3 times and report the
results. We conduct all experiments on a machine equipped
with 1 NVIDIA RTX 4090 and 20 CPU cores. Detailed
environment setting can be found in Appendix.

TabTreeFormer Configuration. We use LightGBM (Ke
et al.,, 2017) whose hyperparameters are tuned by Op-
tuna (Akiba et al., 2019) as the tree-based model. We ex-
ploit Distill-GPT2 (Sanh et al., 2019) as the transformer
backbone, following the practice in prior works (Borisov
et al., 2023; Solatorio and Dupriez, 2023). TabTreeFormer
(TTF) is experimented with two major configurations: S

(small) and L (large), with the number of trainable param-
eters of approximately 5SM and 40M, respectively. When
privacy is not crucial concerns, we remove the masks of
TTF-L, which we call TTF-NM (no mask). In ablation
study, we use TabTreeFormer-S. More implementation de-
tails can be found in Appendix.

Datasets. Experiments are conducted on 9 datasets with
diverse sizes and characteristics from OpenML (Van-
schoren et al., 2013): adult, bank, boston, breast, credit,
diabetes, iris, gsar, and wdbc. Only credit and diabetes are
used for ablation study. Details of datasets are summarized
in Appendix.

Baseline Models. We compare the performance of Tab-
TreeFormer against § SOTA methods in tabular data gen-
eration, including non-neural networks, GANs, VAEs, dif-
fusion models, and auto-regressive transformers (ART) or
masked transformers: Forest Diffusion (FD) (Jolicoeur-
Martineau et al., 2024), CTAB-GAN+ (CTAB+) (Zhao
et al.,, 2024), TTVAE (Wang and Nguyen, 2025), Tab-
Syn (Zhang et al., 2024), GReaT (Borisov et al., 2023),
REaLTabFormer (RTF) (Solatorio and Dupriez, 2023),
TabMT (Gulati and Roysdon, 2023), and TabulLa (Zhao
et al., 2023). Justification of the baseline choices and im-
plementation details are described in Appendix.

Metrics. We evaluate TabTreeFormer using utility, fi-
delity, privacy, and efficiency, which are standard metrics in
tabular data generation (Xu et al., 2019; Zhao et al., 2024;
Borisov et al., 2023; Zhang et al., 2024; Shi et al., 2025).
Detailed implementation of metrics can be found in Ap-
pendix.

o Utility exhibits the quality of synthetic data by test-
ing its performance on downstream tasks. We evalu-
ate based on the established Train-on-Synthetic, Test-on-
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Table 4: Design component ablation. Av-
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Figure 7: Utility of different tree-based Figure 8:
model in TTFE. The z-axis shows the down-

stream model type. model in TTF.

Real (TSTR) machine learning efficacy (MLE) evalua-
tion framework (Xu et al., 2019), namely, synthetic data
generated based on real training data is tested on a hold-
out real test set. Three models are used: logistic re-
gression (e.g., linear-LN), random forest (RF), and XG-
Boost (XGB). Classification performance is evaluated by
weighted AUC and regression is evaluated by R?. For
both metrics, higher scores indicate better performance.
MLE is the most widely used synthetic tabular data gen-
eration evaluation metric, which is reported in all base-
lines, so we treat this as the core synthetic data quality

Utility of different
number of trees in the tree-based

score.
Fidelity shows the cosmetic discrepancy between the
real and synthetic data. It is evaluated via “Shape” and
“Trend” metrics (sdm, 2023; Shi et al., 2025). “Shape”

gen. w/o tree 0.792 0.808 0.780 0.789
w/o OCEL  0.809 0.825 0.802 0.800
w/o QE 0.801 0.820 0.783 0.799

measures the similarity of marginal distribution density
for each column, and “Trend” measures the fidelity in
correlation between column pairs. Higher “Shape” and
“Trend” values indicate better data fidelity.

e Privacy is a crucial criterion when the synthetic data

serves the use case of privacy-preserving data sharing.
We use the distance to the closest record (DCR) (Zhao
et al., 2021) to evaluate the privacy of synthetic data. We
compare the DCRs from synthetic data and from hold-out
real (test) data to the real training data. Mann-Whitney U
Test (Mann and Whitney, 1947) is applied on these two
sets of DCRs and the null hypothesis assumes the former
DCRs are no smaller than the latter. Privacy is at risk of
disclosure when p-values are smaller than 0.05.

« Efficiency showcases the model sizes and computation
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Table 5: Privacy performances. The first two rows are the
average and minimum p-values, and the last row shows the
number of violations (i.e., p < 0.05). The closer the p-
value to 0, the higher the risk of privacy leakage. Non-zero
violations are highlighted in red, indicating privacy risks.

FD CTAB+ TTVAE TabSyn GReaT RTF TabMT TabuLa TTF-S TTF-L TTF-NM

Avg. p0.380 1.000 0.904 0.559 0.843 0.394 0.865 0.251 0.933 0.745 0.417
Min. p0.000 1.000 0.382 0.029 0.082 0.000 0.259 0.000 0.662 0.214 0.000
#vio. 5 0 0 1 0 3 0 5 0 0 3

time for training and generation of different models. Un-
der comparable performance, smaller models and faster
computation are favored.

4.2 Result Analysis

Utility: Table 2 shows TabTreeFormer-NM consistently
outperforms all baselines on MLE, demonstrating its su-
perior synthetic-data generation. The margin grows with
stronger downstream models (XGB > RF > LN), under-
scoring TabTreeFormer ’s ability to capture complex re-
lations via tree-based modeling. Results on individual
datasets are detailed in Table 10 in Appendix.

Fidelity Table 3 shows the fidelity results.  Tab-
TreeFormer achieves comparable performance to baseline
models in “Shape” metric, especially to ART-based base-
line models. Meanwhile, Fig. 3 shows that TabTreeFormer
captures better (i.e., closer to real) multimodal distribution
compared to other ARTs, which validates the effectiveness
of our dual-quantization tokenizer design. TabTreeFormer-
L outperforms all neural network baselines in “Trend”, im-
plying the superior capability of TabTreeFormer in learning
inter-feature relations. We visualize the pair-wise correla-
tion of some datasets in Fig. 4. While TabTreeFormer-NM
is able to capture the correlations on certain datasets per-
fectly, its performance variance across datasets is large. In
addition, TabTreeFormer tends to show a more significant
improvement from ART baselines with more features, as
referred in Fig. 5. This demonstrates the advantage of in-
troducing the inductive bias to address low-correlations so
that models learn better by filtering out less correlated fea-
tures, which is common for dataset with more features.

Privacy: As summarized in Table 5, TabTreeFormer-S
and L are privacy-resilient in all 9 datasets. In compari-
son, FD has privacy issues in 5 out of 9 datasets, which is
consistent with our analysis in Related Works on its po-
tential privacy issues. As for ART baseline methods, all
but GReaT demonstrates privacy risk, particularly TabuLa,
which bears severe privacy leakage concerns in 5 out of

“For TabuLa, 2/9 datasets fail to generate reasonable data un-
der the default setting.

"The reported utility improvement in abstract and introduction
is computed from this row.

Table 6: Average computation time (s) of TabTreeFormer
and ART baselines. The best values are highlighted in bold
with underline, the second best is in bold without under-
line.

GReaT RTF TabuLa TTF-S TTF-L

Train 2470.344 359.950 718.260 316.743 773.362
Generate 45.998 24.932 74702 7.846 19.718

7 successfully run datasets. This result also verifies that
the masking and early stopping of TabTreeFormer’s design
successfully protects privacy. Raw p-values per experiment
are presented in Table 12 in Appendix.

Efficiency: The efficiency of TabTreeFormer is mainly
demonstrated by its ability to achieve comparable per-
formance with a significantly smaller model size. Al-
though TabTreeFormer-L is better than TabTreeFormer-
S in general, demonstrating the usefulness of a larger
model, TabTreeFormer-S achieves comparable utility
with the best-performing ART baseline (REaLTabFormer,
which has only marginally better MLE results than
TabTreeFormer-S), while the baseline models have more
than 80M parameters.

Efficiency: TabTreeFormer’s computation time com-
pared to all ART baselines is shown in Table 6. Tab-
TreeFormer consistently achieves faster generation. Raw
training and generation time can be found in Table 14 in
Appendix.

4.3 Ablation Study

A core design of TabTreeFormer is its integration of a
tree-based model (TBM). As shown in Fig. 7, having a
tree-based model integrated is helpful. However, the ex-
act tree-based model used does not seem to make a sig-
nificant difference, though a subtle trend that multiple-tree
models (XGBoost and LightGBM) are better than single-
tree model (decision tree (DT)) can be observed. Nev-
ertheless, observing the effect of the number of trees on
multiple-tree models, as shown in Fig. 8, no obvious trend
can be observed either, though there is still a general but
very subtle trend that more trees result in better perfor-
mance. we also evaluate the ablations of (1) tree-leaf to-
kens as prompt (2) OCEL and (3) quantile embedding (QE)
to TabTreeFormer-S. The result is shown in Table 4. All the
three components have a significant impact on improving
the performance. The mask ratio and temperature influence
on TabTreeFormer-NM is also evaluated. The result shows
that the larger ratio is masked or the larger temperature, the
better privacy and worse utility, this result is discussed at
Appendix due to page limit.
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4.4 TabTreeFormer-NM Settings.

Two core settings of NM different from L version is the
mask ratio and temperature, so we also look at how the two
parameters affect the performance, as shown in Fig. 9-11.
The utility and DCR changes with mask ratio and temper-
ature demonstrate clearly the dilemma between synthetic
data quality and privacy, and as expected, the larger ratio
is masked or the larger temperature, the better privacy and
worse utility. Nevertheless, Fig. 11 shows a slight different
trend on performance of utility and fidelity on temperature.
As we maximize the synthetic data quality mainly by util-
ity, it is likely that the temperatures is not maximized with
the fidelity, which explains the reason for TabTreeFormer’s
score in fidelity (recall Table 3) not being the best.

5 Conclusion

In this paper, we propose TabTreeFormer, a hybrid tree-
transformer based model for high-quality tabular data gen-
eration. It combines tree-based inductive biases with a
dual-quantization tokenizer to model multimodal numeric
distributions. Specialized loss and embeddings applied on
quantized ordinal tokens. When evaluated on 9 datasets
against 8 baselines, TabTreeFormer achieves stronger bal-
ance on quality, privacy, and efficiency, and particularly
excels in data utility when privacy and efficiency are not
prioritized.
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A Supplementary TabTreeFormer Model
Description and Details

Section End-to-end TabTreeFormer Pipeline provides
the full end-to-end training and generation process, and
Section Tree-based Model and Transformer provide de-
tailed model setup of core components.

A.1 End-to-end TabTreeFormer Pipeline

As a supplementary of Fig. 2 on the overall process of
TabTreeFormer, and the textual description in Section Tab-
TreeFormer, we provide the full end-to-end pseudocode in
this section. Algorithm 1 and Algorithm 2 describe the end-
to-end training and generation process of TabTreeFormer
respectively.

Algorithm 1 Training of TabTreeFormer

1: Input: Tabular dataset X (n rows, mq discrete features, m.
continuous features), so shared initial steps, s total training
steps

2: Output: Fitted tree-based model 7~ and the leaf index matri-
ces J1,J2, data tokenizer D, and transformers G1, G2

3: T < TUNEANDFITTREEBASEDMODEL(X)

T = T .N_TREES, n; = 7 .MAX_N_LEAVES

4: J < T.GETLEAFINDEX(X) » Obtain leaf index ma-
trix J € N7

5: D + FITENCODER(X) » n. = D.MAX_N_CAT, n, =
D.MAX_N_BIN, ngy = D.MAX_N_QUANT

6: X <+ D.ENCODE(X) » Get cat/bin/quant IDs X €
N7L><(md+2mc)

7: Z < TOTOKENIDS([J; X])
token IDs, add BOS, EOS

8: G <« INITIALIZELM(n.pos = 2 + T + mg +
2me,n_vocab = 3 + ny + ne + np + ng)

» Also initialize embedding layer on quantile tokens
with ordinal relations

9: fori=1,...,s0do

10: B < SAMPLEBATCH(Z)

11: B+ Mask(B)

12: G + UPDATEGRADIENT(input = B, target = B)

13: end for » Prepare some non-overfitted trained weights
14: [J1,J2],[Z1,Z2] +EVENLYSPLIT(J, Z)

15: Gi1,G2 <+ MAKECOPIES(G, 2)

16: for j =1,2do

17: fori=s9+1,...,sdo

» Let

» Convert these IDs to

18: B < SAMPLEBATCH(Z;)

19: B < MASK(B)

20: G; < UPDATEGRADIENT (input = B, target = B)

21: if VALIDATEATSTEP(?) then

22: L — COMPUTELOSS (input =
MASK(Z,_;),target = Z1_;) » Compute
validation loss

23: if METEARLYSTOPCRITERION(Y) then

24: 148 » Early stop

25: end if

26: end if

27: end for

28: end for

Algorithm 2 Tabular data generation using TabTreeFormer

1: Input: Leaf index matrices Ji,J2, data tokenizer D,
transformer-based language models G, and number of rows
generate n’
ni,na  [n'/2), [ /2]
each network
Output: Synthetic tabular dataset X’
for j =1,2do
J’ < SAMPLE(J;, n;)
Z7; < MASK(TOTOKENIDS(J%))
as prompts
X! < G.GENERATE(partial_input = Z)
X! + D.DECODE(X})
end for
: X’ + COMBINE(X], X5)

»

» Assign number of rows for

A

» Prepare tokens

~

AN

A.2 Tree-based Model
A.2.1 Hyperparameter Tuning

For the tree-based classifier or regressor, we use Op-
tuna (Akiba et al., 2019) to tune the hyperparameters of
LightGBM (Ke et al., 2017) using the training data. If the
dataset has a designated target column, which is the case
for all our experimented datasets, the model is trained to
predict that column. Otherwise, a random column can be
the target. Then, fit the model with the selected hyperpa-
rameters for TabTreeFormer.

The hyperparameter space explored is

* Learning Rate: Logarithmic scale float in [0.01, 0.3];
* Number of Estimators: Integers in [50, 250] step 50;
* Maximum Depth: Integers in [3, 10];

» Number of Leaves: Integers in [20, 100] step 5;

* Minimum Size per Leaf: Integers in [10, 50] step 5;
* Feature Fraction: Float in [0.6,1.0];

* Bagging Fraction: Float in [0.6, 1.0];

* L1 Regularization: Float in [0.0, 10.0];

* L2 Regularization: Float in [0.0, 10.0].

Optimization was performed over 50 trials using 3-fold
cross-validation, performance evaluated based on weighted
F1 for classification and (negative) mean squared error for
regression.

A.2.2 Leaf Index Matrix

In the subsequent steps of TabTreeFormer, leaf index ma-
trix J of the real data X is computed. The indexing order
of trees and their leaves used in the subsequent steps are
directly taken from the fitted tree-based model. The leaf
index matrix is essentially the result of .apply function
for most tree-based models in sklearn.
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Table 7: Hyperparameter configuration of TabTreeFormer
of different sizes.

TabTreeFormer ‘ S L
Approx. #Params (in M) |5 40
hidden state dimensions 256 768
inner feed-forwared layer dimensions | 1024 3072
number of attention heads per layer 8 12

A.3 Tokenization

For K-Means and quantile quantization, we use
sklearn.preprocessing.KBinsDiscretizer
with  strategy  “kmeans” and  “quantile”  re-
spectively. For categorical values, we use
sklearn.preprocessing.OrdinalEncoder.

In cases where the number of distinct values expected to
be kept is way larger than typical natural language models’
vocabulary size, two or more consecutive quantile quantiz-
ers may be used, where subsequent quantizers are used to
quantize the values in the same quantile as suggested by
previous quantizers. Thus, with ¢ quantizers, a total of Q¢
values can be represented, which is sufficient to cover most
practical cases. In this paper, we present () = 1000 as
sufficient precision for simplicity.

A4 Transformer
A.4.1 Model Configuration

For the language model, we use Distill-GPT2 (Sanh et al.,
2019), based on the GPT2 architecture (Radford et al.,
2019), with several modifications. The vocabulary size
and maximum sequence length are adjusted based on the
dataset, and the values are likely much lower than the re-
quirement for natural language models. For example, if
n; = 200,n, = 20,np, = K = 10,n, = @ = 1000, then
V = 1233, and if T = 200, mgq = 10, m. = 10, then
L = 222, while natural language models typically have
V' > 30000, L > 1000.

In this paper, we present 3 versions of TabTreeFormer of
different sizes. Table 7 shows their details. The model sizes
are obtained for diabetes (Smith et al., 1988) dataset. Ac-
tual values may vary based on the fitted tree-based model
and dataset.

A.4.2 Token Sequence Construction

The tokens in Table 1 are conceptual tokens. When con-
verting the leaf, category, K-Means bin, and quantile IDs
into token IDs in actual implementation, we do not explic-
itly make the textual tokens, but instead, directly add cor-
responding token type’s offset.

A.4.3 Masking

Instead of using a fixed mask ratio, we apply varying mask
ratios to enhance the diversity of training data. Tree-related
tokens (yellow section in Fig. 2) are masked with a ratio
sampled uniformly from [0.5,0.75], while actual value to-
kens (blue section in Fig. 2) are masked with a ratio sam-
pled uniformly from [0.25, 0.5]. In the no-mask (NM) ver-
sion, we set both mask ratios to be constant 0.

To ensure that the quantile token is always masked if its
corresponding K-Means bin token is masked within the
same numeric column, we first generate a random mask.
If a violation is detected (i.e., the K-Means bin token is un-
masked while the quantile token is masked), we swap the
mask values of these two positions. This approach ensures
that masks are generated both efficiently and accurately.

A.4.4 Training Configuration

The reduced model size allows for a significantly larger
batch size compared to typical natural language models.
We use a batch size of 128 per device, reduce by half in
case of CUDA OOM?, and train for up to 5,000 steps (s =
5,000 in Algorithm 1) with a learning rate of 5 x 10~% in
FP16 precision, utilizing the Hugging Face Trainer. Early
stopping may be triggered by validation loss with a pa-
tience of 3 every 100 steps. Patience is set to 100 in the
NM version. The initial training on both splits (Line 9-13
in Algorithm 1) is trained with the number of steps (sg) set
to the smaller of the number of steps required for 20 epochs
and 1/10 of s.

A.4.5 Model Inference

Tree-leaf tokens from real data after masking are used as
prompts for generation. Values of categorical columns are
more likely to be memorized than numeric values by our
ordinal learning method. Therefore, we apply a higher tem-
perature to the tokens for categorical values and a lower one
to the tokens for numeric values. In particular, we set the
temperature for categorical tokens to be 2.0 and numeric
tokens, including bin and qunatile tokens, to be 1.0. In the
NM version, we set the temperatures to be 0.2 and 0.1 re-
spectively.

Recall that a set of valid tokens can be pre-determined at
each position. Formally, let p; be the corresponding fea-
ture index for the i-th token from data tokenizer, and R;
indicates the type of this token. For example, in Fig. 2,
p1 = 1,ps = 1,p3 = 2, Ry = bin, Ry, = quant, R3 = cat.
Then, let V; be the set of tokens allowed at position i &

*Among all 10 x 3 = 30 experiments, TabTreeFormer-L hits
CUDA OOM in one experiment, and no other TabTreeFormer ex-
periments had memory issues with this batch size.
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{1,2,..., L}, we have Equation 7.

{[BOS]}, i=1,
{[leaf1], ..., [leafl;_]}, 2<i<T+1,

V= {[binl], ..., [binby, ,_,]}, T+2<i<L-1, Ri_r_; = bin,
{lquant1],..., [quantg,, . ,]}, T+2<i<L—1, Ri_p_; = quant,
{[catl], ..., [catby, . ]} T+2<i<L-1, Ri_p_, = cat,

{[EOS]}, i=L

)
Valid tokens for a specific position is enforced by setting
the logits of invalid tokens at the position to negative infin-
ity before sampling.

B Supplementary Quantile Embeddings
Explanation and Analysis

B.1 Preliminaries: Function-Generated Positional
Embeddings

While positional embeddings can also be a learned em-
bedding like word tokens, Vaswani et al. (2017) found
that its performance is not necessarily significantly better
than function-generated positional embeddings. Moreover,
function-generated embeddings allow the model to extrap-
olate positional information in sentences longer than those
in the training corpora.

The typical functions to generate positional embeddings
written in a similar format as Equation 3 (expressed in %
and d) are shown in Equation 8 (Vaswani et al., 2017).

ﬁn( d) if2 )i
PEid — IOOOQﬁ (8)
cos | —g=) if2¢1
10000 D

The functions are essentially sine and cosine functions,
where the frequency is controled by the dimension indices.
Using these periodic functions is particularly suitable for
positional embeddings, which focus more on relative dif-
ferences than absolute differences.

B.2 Choice of the Core Generator Function for
Quantile Embeddings

Periodic functions are proper generator functions for posi-
tional embeddings because of the relative nature of posi-
tions. Similarly, due to the absolute and monotonic nature
of quantile values, monotonic functions are more suitable
for the generator functions for quantile embeddings.

The simplest of monotonic functions are linear functions,
but they suffer from the following problems:

* To obtain different linear functions at different embed-
ding dimensions, the slopes and intercepts need to be
changed. However, in order for the embedded values
to fall in a reasonable range (no extremely large or

1.04

> 0.5 A

0.0 -

N —————\

Figure 12: Sigmoid function y = sigmoid(x). The red
vertical dashed lines highlight the range = € [—2, 2] where
the changes of values are considered non-trivial.

small values), the choice of proper slopes and inter-
cepts becomes very limited, which hurts the diversity
between different embedding dimensions. This signif-
icantly downgrades the effect of having different em-
bedding dimensions.

* Having linear functions in all dimensions means that
different dimensions are in strict linear relations to one
another. Note that transformers are heavily dependent
on linear projections. In particular, the input embed-
dings are linearly projected to ), K, V' vectors of the
first attention layer. Therefore, universal linear rela-
tions among all embedded dimensions would degen-
erate the power of the first few layers of the network,
which is an undesired outcome.

Therefore, besides being monotonic, we also require the
generator function to be non-linear and have a controled
range (so ideally bounded). In this paper, we choose sig-
moid, a simple function that satisfies the non-linear mono-
tonic and bounded requirements. Nevertheless, we also
note that other functions satisfying the requirements may
also be used, such as tanh, softsign, and piece-wise linear
functions.

B.3 Construction of Quantile Embeddings

For the standard sigmoid function sigmoid(xz) = 1-&-%
we consider the range [—2, 2] as the core range of x that
has non-trivial changes of values (see Fig. 12). To project
the total ) quantile tokens on this core range, we need to

scale and shift the quantile ID 7 to 4 (é — %) (recall Equa-
tion 3).

The scale factor Sy (recall Equation 1) controls how the
core range is distributed over the total () quantile tokens.
For a given scale factor value s € NT, we assign 2s
embedded dimensions with different offsets. More dimen-
sions are assigned to larger scale factors because of the
smaller number of tokens having transformed input values
falling in the core range of the sigmoid function. Thus,
the vector of S; ford = 0,1,..., D — 1 is constructed by
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repeat (arange (n) +1,
of a large enough n.

2% (arange (n)+1)) [:D]

closed
above

Proposition 1.  Equation 1 is a
form of the scale factor construction
(repeat (arange (n) +1,

Proof. The construction means that for scale factor value
s € NT starting from 1, the same value repeats 2s times.
Let S/ be the value by the construction, and 7 (s) = {d |
S, = s}, then J(s) must be a set of consecutive integers,
and

s—1

minj(s)22252(14*871)(571):5275 ©)
i=1
max J(s) =min J(s) +25s —1=s>+5—1 (10)

Let S, = 1tvltdd V;“‘d, then Sy = LSdJ. Then, by s > 1,

Smin J(s) — Ssz—s

1+ /1+4(s%2—5)
2
1++/(2s—1)2
2

14251
N 2

(3a)

:5,

Smaxj(s) = 3524.5_1
1+/1+4(s2+s-1)
2
1++/(25+1)?
2
1425 +1|
N 2
=s+ 1.

(3b)

Note that Sy is monotonically increasing with respect to d,
then we must have

S’de[&s—&—l),Vdej(s) 11

This concludes to
Sa= 54 =s (12)
Given s € NT, then S; € N*. O

For embedding dimensions corresponding to the same
scale factor S;, we apply evenly distributed offsets in
[—2S54,2854], where the constant factors —2,2 also come
from the core range © € [—2,2]. Thus, the vector of

2% (arange (n)+1)) [:D]).

offsets Oy for d = 0,1,...,D — 1 is constructed by
concat(linspace(—2xx, 2xx, 2xx) for z in (arange(n)+
D)[: DJ|.

Proposition 2. Equation 2 is a closed form of the offset
construction above (concat(linspace(—2 % x,2 % x,2 x x)
for x in (arange(n) + 1))[: D]|).

Proof. The x in the construction is s in the previous proof.
Let the i-th offset value with S; = s be og; by the construc-
tion. Then we have 7 € [0, 2s) and

2s — (—2s)
2s —1
- —452% 4 25 + 4si
N 25 —1
25 (—2s + (2i 4 1))
- 25 — 1

0si = —25+1-

13)

Let O& be the d-th value in the constructed offset value,
regardless of scale factor, then substitute with Equation 13,
9 and 2,

254(=2S4 + (2(d — S2 + Sq) + 1))

Oy = 05,(d—min J(S2)) =

25, —1
(14)
—453 + (4d + 2)Sy
= == Od
25;—1
(15)
Furthermore, os; € [—2s,2s], 50 Og € [—-254,254]. O

Applying the sigmoid function on the quantile IDs with the
scale factors and offsets, we obtain the quantile embedding
value generators in Equation 3.

B.4 Comparison between Quantile Embeddings and
Positional Embeddings

Table 8 shows a summary of the comparison between the
proposed quantile embeddings and the typical function-
generated positional embeddings. The two function-
generated embeddings are also visualized in Fig. 13.

B.5 Proof of Theorem 2

Proof. For simplicity of symbols, let ¢;g = QFE;q. By
Equation 3, ¢;q = sigmoid(kgqi + by) for some kg €
R*,b; € R. Note that sigmoid is strictly monotonically
increasing, and the linear function k4¢ + by with kg > 0 is
also strictly monotonically increasing concerning ¢. Thus,
@54 1s strictly monotonically increasing with respect to i.

If |Z - j‘ < |Z — ]41|, then |qid — qjd| < |qid - qkd|,Vd S
{0,1,..., D — 1}, by the monotonicity of g;4 with respect
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Table 8: Comparison between the proposed function-
generated quantile and typical function-generated posi-
tional embeddings for transformers (Vaswani et al., 2017).

Quantile Embeddings Positional Embeddings

Core func-
tion
Core relation

Sigmoid Trigonometric

Absolute ordinal value Relative distance

Function Non-linear and mono- Periodic, range-
property tonic, range-controled controled

Dimensions Scale factor and offset Frequency and function
differ in (sin vs. cos)

7
) {!

)
|

TR =

T ) 7

N

i

Figure 13: Visualized comparison of function-generated
quantile and positional embeddings. The x-axis represents
i€{0,1,...,Q — 1} (where Q = 1000) and y-axis repre-
sents the corresponding embedded values. Different colors
of lines represent different embedded dimensions. Left:
quantile embeddings (Equation 3), Right: positional em-
beddings (Equation 8), Top: D = 8, Bottom: D = 128.

to ¢ and triangle inequality. Then, by the strictly increasing
monotonicity of f(z) = 2P and f(z) = z+ for p>1
on z € RT U {0} and by the monotonicity of the sum of
monotonic functions, we must have

D—1 1
lai = ailly = (3 lasa = asal”)”
d=0
D—1 1
< ( |qz‘d—de|p)p
d=0
= |lai — akllp (16)

and by the monotonicity of the maximum of monotonic
functions, we must have

lai — qjllc = Og}jangqid — jdl

< Orgr}iagDIqid — k|

lai — o )

Therefore, if [i—j| < |i—k|, then ||q; —q;ll, < ||d:—dx]lp-

In the inverse direction, we prove the contrapositive. If
li —j| > |i — k|, then |gia — qjal > |qia — qral,Vd €
{0,1,...,D — 1}. Next, by similar monotonic arguments

above, we must have

D—1
lai = aillp = (D" lasa — aal”)
d=0

p-1
> (Z |gia — de|p)
=0

= [la; — axllp (18)

=

\Y
Sl

and

lai — qjlle = Ogbag(Dk]id — gjdl

v

OgﬁXDMid — k|

ldi — aklloo (19)

The above shows that if |i — j| > |i — k[, then ||q; —q;||, >

lla; — allp- Therefore, if ||q; — q;|, < ||9; — Qkl|p, then
i~ gl < li — k]

Summarizing the above, we have |i — j| < |i — k| if and
only if ||q; — q;|p < ||9i — d||p. and the conclusion holds
for any p. O

Remark 1. According to the proof, any strictly monoton-
ically increasing core function, not restricted to sigmoid,
makes Theorem 2 hold.

Remark 2. Any monotonically increasing core function,
including non-strictly monotonic ones, makes the “if” di-
rection of Theorem 2 hold, with no guarantee of the “only
if“ direction (the two p-norm distances can be equal).

C Supplementary Loss Function
Explanation and Analysis

C.1 Proof of Lemma 1

Proof. Firstly, note that % = 0,Vi,j € {1,...,V},
by independence between the two. Also mind that wy; >
0,vie{l,...,V}.

1% .
OLoce(2z:1) Do wue™
6Zt Wy €=t
. Wyt Z:le Wy €5 — Wy€7t - Wyp®t
\% 2
(Zi:l wtiezl)
V Z3 z
L W ett — wye™t
_ 72171 Jz ‘tt 20)
21:1 Wy; €%
<0, (2D
ZV -e%i Zi Zt
O0Loce(2,t) j=1Wtj€ — W e - wy e
= . y
0z; wyg et (Z;/:l wyje*s)
wt.ezi
=—>0. (22)

S wije
j=1%tg
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Figure 14: The relation of weights w;; (normalized so that
|lw]| = 1 for visualization purpose to token index i, with
vocabulary size V' = 1000, and target token ¢ = 350.

Thus, Loce(2z,t) is optimized (minimized) when z; —
00, z; — —oo(t # 1). O

C.2 Proof of Theorem 3

Proof. Express Loc and L using p, we have

Lce(zv t) = - Ingt, (23)

Wyt
Loce(2,t) = —log —57 "

Zi=1 Wy; €%
et

% .
Dz €7

Wit

I
I
—
9]
0

|

I
—
o

(24)

By Lee(2z,t) = Lee(2z*, 1), we have p, = p;. Given D(z) <
D(z*), we must have Loee(2,t) < Loce(2*,1).

O

C.3 Detailed Explanations and Analysis of the
Weight Function (Equation 6)

Recall the function of weight given the target token and cur-
rent token in Equation 6. This section will provide detailed
explanations and analysis of it.

The exponential term comes from the intuition that the dif-
ference between closer quantiles is much more significant
than the difference between farther quantiles. Some scaling
and shifting is applied on the exponential term.

Fig. 14 illustrates the relationship between w;; and ¢ under
varying values of o and m. The parameter ¢ primarily gov-
erns the width around the target token where the weights
are significantly altered; larger o values result in a broader

width. In contrast, m dictates the intensity of the weight
modification, with smaller m values leading to more pro-
nounced changes in weight.

C.4 Overall Loss Computation

Concerning the combination of valid quantile tokens and
other non-quantile tokens, let valid quantile tokens have
IDs in the range [Qs, Q.). The valid token group loss (for
quantile tokens at this position) is defined by Equation 25

when t € [Qs, Qe)-

. e~
ACvg(zv t) = - IOg Zie[(‘g/s’Qecz), (25)
=1

In sum, Equation 26 expresses the loss function on one to-
ken.

E(Z t) _ ﬁce(zat) ift ¢ [Qsa Qe)
’ »Coce(ZQS:Q(3 7t - Qs) + »Cvg (Za t) ift e [Qsa Qe)
(26)

Although the ordinal property also holds for K-Means bin
IDs, we do not calculate the loss on them this way because
the number of different bins is small, and we expect the
model to predict the bins accurately.

D Experiment Setup Details

D.1 Experiment Environment

Experiments were conducted on a system running Ubuntu
22.04.1 LTS with kernel version 6.8.0. The machine fea-
tured a 13th Gen Intel Core 19-13900K CPU with 24 cores
and 32 threads, capable of a maximum clock speed of 5.8
GHz. GPU computations were performed using a sin-
gle NVIDIA GeForce RTX 4090 with 24 GB VRAM.
The environment was set up with NVIDIA driver version
565.57.01 and CUDA 12.7.

D.2 Details on Datasets

Table 9 shows the details of the datasets
we  used. Datasets are downloaded by
sklearn.datasets.fetch_openml, with the
dataset name as input. Random splits of 8 : 2 of training
and test sets are applied.

D.3 Baseline Choices and Implementation

For i) non-neural-network method (tree-based sampling),
ii) GAN (Goodfellow et al., 2014), iii) VAE (Kingma and
Welling, 2014), and iv) Diffusion (Ho et al., 2020), we
choose one recent, representative, and well-performing (es-
pecially on MLE) model each: Forest Diffusion (Jolicoeur-
Martineau et al., 2024), CTAB-GAN+ (Zhao et al., 2024),
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Table 9: Datasets used in experiments. #R, #F, #N, and #C represents the number of rows, features (including target
column), numeric features, and categorical features respectively. The task can be classification, denoted “clf” followed by
the number of classes in the bracket, and regression, denoted “reg”. Aliases in bracket in “Name” column show the names

used in this paper.

Name #R #F #N #C Task
adult Kohavi (1996) 48842 15 2 13 clf(2)
bank-marketing (bank) Moro et al. (2011) 45211 17 7 10 clf(2)
boston Harrison and Rubinfeld (1978) 506 14 12 2 reg
breast-w (breast) Wolberg and Mangasarian (1990) 699 10 9 1 clf(2)
credit-g (credit) Hofmann (1994) 1000 21 7 14 clf(2)
diabetes Smith et al. (1988) 768 9 8 1 clf(2)
iris Fisher (1936) 150 5 4 1 clf(3)
gsar-biodeg (gsar) Mansouri et al. (2013) 1055 42 41 1 clf(2)
wdbc Street et al. (1993) 569 31 30 1 clf(2)

TTVAE (Wang and Nguyen, 2025), and TabSyn (Zhang
et al., 2024). For auto-regressive and masked transformers,
which are more aligned with our work, we include more
works: GReaT (Borisov et al., 2023), REaL.TabFormer (So-
latorio and Dupriez, 2023), TabMT (Gulati and Roysdon,
2023), TabuLa (Zhao et al., 2023). All of them will use a
DistilGPT2 (Sanh et al., 2019) as the transformer backbone
except for TabMT (Gulati and Roysdon, 2023), which has
specific settings described in its paper.

Other large language model (LLM)-based methods, such as
HARMONIC (Wang et al., 2024), are excluded from our
comparison for fairer comparison because

* They usually require a good-quality dataset descrip-
tion, but we want to focus on the case without addi-
tional information besides the data per se.

* Their performance is dependent on a very large and
good LLM. The improvement of the LLM model
may be more important than the improvement of the
tabular-specific design, but we want to showcase the
effectiveness of tabular-specific designs instead of an
LLM.

We use the Synthcity (Qian et al., 2023) implementation
for GReaT (Borisov et al., 2023). Our benchmark code
is adapted from Synthcity (Qian et al., 2023) too. We
also include CTAB-GAN+ (Zhao et al., 2024), REaLTab-
Former (Solatorio and Dupriez, 2023), TabSyn (Zhang
et al., 2024), Forest Diffusion (Jolicoeur-Martineau et al.,
2024), TabuLa (Zhao et al., 2023), and TTVAE (Wang and
Nguyen, 2025) using their official code on GitHub or pub-
lic SDK in the benchmark. TabMT (Gulati and Roysdon,
2023) has no publicly available code, so we do experiments
based on a reproduction of the model based on the paper’s
description, so the model could be slightly different from
that paper.

D.4 Machine Learning Efficacy (MLE) Metrics
Implementation

Instead of running all models with fixed, typically default,
parameters across all datasets, we perform hyperparameter
tuning before reporting their performance. The tuning pro-
cess follows the same methodology used to optimize the
core tree-based model in TabTreeFormer, but with 30 trials
per round of optimization.

For linear models, no hyperparameter tuning is performed,
as they follow the classical definition without additional
tunable parameters.

The hyperparameter space explored for random forest is

* Number of Estimators: Integers in [100,300] step
50;

* Maximum Depth: Integers in [5, 20] step 5;
* Minimum Samples Split: Integers in [2, 10] step 2;
* Minimum Size per Leaf: Integers [1, 5];

* Maximum Features: Value in “sqrt”’, “log2”, and
NULL;

* Bootstramp: Enabled or disabled.
The hyperparameter space explored for XGBoost is:

* Learning Rate: Logarithmic scale float in [0.01,0.3];

* Number of Estimators: Integers in [100,300] step
50;

* Maximum Depth: Integers in [3, 10];

* Minimum Child Weight: Logarithmic scale float in
[1.0,10.0];

* Minimum Split Loss Gamma: Float in [0.0,0.5];
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Table 10: Performance comparison between different models in terms of MLE. Classification tasks are evaluated by
weighted AUC ROC scores, and regression tasks are evaluated by R? scores. The last row shows the average relative
error versus real. The best scores and the second best scores are highlighted in bold with and without underscore, respec-
tively. Equal values in the first 3 digits may be compared by the 4-th or 5-th digits.

Dataset ML Real

CTAB+ TTVAE TabSyn FD GReaT

RTF TabMT TabuLa TTE-S TTF-L TTF-NP

adult

LN 0.914 0.90410.001 0.87540.010 0.910+0.002 0.911 10 000 0.91140.000
RF  0.9100.90240.002 0.86940.011 0.90540.003 0.9080.000 0.905+0.000
XGB 0.914 0.90510.001 0.87040.012 0.91040.003 0.91240.001 0.911+0.000

0.91140.000 0.91110.000 0:913 599 0.90610.001
0.912 51 0.91140.001 0.89910.005 0.906+0.001

0.91110.001 0.91010.000
0.90540.000 0.90310.002
0.91140.001 0.909+0.001

bank

LN 0.907 0.901 0,003 0.885.£0.004 0.900:£0.005 0.903=0.001 0.907 .11 000
RF  0.930 0.902.0.002 0-884-£0.009 0.90740.006 0.9170.001 0.9070.001
XGB 0.936 0.906.1.000 0-8770.011 0.91340.007 0.920£0.001 0.910-0.001

0.90440.000 0.86240.005 0.906+0.001 0.906+0.000
0.91340.001 0.88610.011 0:923, 594 0.91310.002
0.918.40.002 0.89210.007 0.925+0.003 0.91910.002

0.906-.000 0.9019.003
0.91840.001 0.921+¢.003
0.925_( 003 0-926i0-002

boston

LN 0.5900.264 9,034 0.000+0.079 0.53310.036 0.54210.016 0.397+0.000
RF  0.6620.12910.015 0.12410.06s 0.65810.025 0.60810.008 0.281+0.001
XGB 0.701 0.097 10,075 0.211 10 191 0.64720.017 0.60450 091 0.277 10 014

0.52940.028 0.40910.015 0.484.+0.069 0.52510.035
0.58440.006 0.439+0.096 0.589+0.050 0.59710.038
0.57840.056 0.44610.115 0.61510.069 0-594+0.061

0.57510.011 0.591 o9
0.694, 41 0.68310.016
0.665.10.026 0.691 . ) 23

bre

LN 0.9850.91310.091 0.96310.006 0.987+0.001 0.986.0.002 0.985+0.000
RF  0.9850.968.0.012 0.97910.004 0.981£0.002 0.9750.005 0.979+0.004
XGB 0.984 0.958.0.025 0.970-£0.009 0987 , ¢ 001 0-984-10.002 0.982-40.002

ast

0.987 1 00z 0.98310.000 0.98550.001 0.98140.005
0.980+0.000 0.978+0.002 0.976£0.005 0.97810.001
0.98240.002 0.982+0.002 0.979+0.002 0.982+0.002

0.987i0,002 0-984i0.004
0.983..0.002 0.984 , , 502
0.98340.003 0.98219.003

credit

LN 0.8360.53810.093 0.50040.000 0.780+0.017 0.827+0.010 0.665.+0.000
RF  0.837 0.50540.097 0.500+0.000 0.7914+0.007 0.81940.009 0.72240.014
XGB 0.844 0.509.10.055 0.50010.000 0.7950.014 0.836.0 010 0.73920.006

0.80140.006 0.77310.038 0.814+0.016 0.81610.020
0.820. 19 0.763+0.019 0.805+0.019 0.78140.026 0.741+0.027 0.813+0.026
0.79710.039 0.76110.030 0.817+0.020 0.796+0.011 0.76410.014 0.82610.026

0.75540.011 0.834 1 901

LN  0.8840.81710.028 0.880+0.003 0.88310.006 0.885+0.001 0.858.0.000

diabetes RF  0.869 (].802i0_014().849i0_gg4 0.844i0_012 ().856i0_012 0.824i0,012

XGB 0.867 0.811.+0.005 0.851+0.001 0.84740.009 0.846+0.012 0.831+0.003

0.87840.003 0.855+0.014 0.87610.007 0-8901( 19 0-886.+0.001 0.843£0.058
0.84110.010 0.84510.000 0.863 o953 0-85510.014 0.859+0.010 0.81440.073
0.849+0.010 0.840+0.009 0.857 4 o99 0.85240.015 0.848+0.017 0.8114¢.085

iris

LN 1.000 0272:&0.068 [).99610_005 0.999;&0_002 0.99710_005 0.985:&0_000
RF  1.000 0.396.40.099 0-992.£0.012 1.000 ¢ 000 1:000 o 000 1-000 1 000
XGB 1.000 0.211 40,042 0-999.£0.002 1.000 , § 000 1-000 ¢ 000 1-000_ 1 000

0.98340.015 1.00010_000 0.97140.018 0.99710.005 1'000:&0.000
0.99310.005 0.99310.005 - 0.99940.002 0.98810.017 0.967.0.047
0.998+0.003 1.000_,4 000 1000, 90 1:000 4 000 0-99910.001

qgsar

LN 0.9060.7160.085 0.669+0.120 0.86710.012 0.881+0.005 0.673+0.000
RF  0.936 0.6481¢.036 0.66610.117 0.88210.006 0.89710.011 0.61640.009
XGB 0.921 0.731.£0.020 0.6581+0.114 0.860+0.016 0.885+0.010 0.602+0.020

0.880+0.003 0.887+0.005 0.868+0.034 0.874+0.013 0.87640.006 0.907 1 o0
0.90710.007 0.880+0.008 0.825+0.028 0.873+0.006 0.88440.004 0.925_ oo6
0.89740.010 0.873£0.009 0.84210.023 0.86210.005 0.884+0.004 0.-917 1 o05

wdbc

LN 0.9930.929-0.053 0.976.10.010 0.992:0.001 0.9930.002 0.979-0.000
RF  0.9760.919-0 024 0.9520 041 0.984 ) 504 0.9820.004 0.976+0.003
XGB 0.990 0.930:&0_021 [).949;&0_035 0.986:&0_002 0.989_0.001 0.97310_003

0.98810.003 0.98440.006 0.980+0.007 0-979+0.007 0:993 1 000
0.98040.012 0.97810.003 - 0.98140.001 0.97510.002 0.981.+0.001
0.98840.002 0.98210.004 0.98710.003 0.98510.006 0.98910_001

* Subsample Ratio: Float in [0.5, 1.0];

* Subsample Ratio of Columns by Tree: Float in
[0.5,1.0];

* L1 Regularization: Float in [0.0, 10.0].

For all models, numeric values are standardized using stan-
dard scaling. Categorical values are one-hot encoded for
linear models and label-encoded for random forest and XG-
Boost. To simplify the experiments, rows with missing val-
ues are excluded, as handling missing data is not the focus
of this paper.

The reported performance for machine learning utility is
measured using the weighted AUC-ROC for classification
tasks and the R? score for regression tasks, so for all these
scores, a larger value indicates a better performance. Each
generator is trained and used to generate synthetic data of
the same size as the training dataset three times for each
dataset, and the summarized results of these runs are re-
ported.

D.5 Fidelity Metrics Implementation

Fidelity metrics are calculated using SDMetrics (sdm,
2023)’s public SDK.

D.6 Distance to Closest Record (DCR) Metrics
Implementation

The way the DCR values are reported differ from paper to
paper. Also, existing papers often report a value and claim
some specific value to be an ideal value, overlooking the
fact that better privacy usually sacrifices quality. Thus, in
this paper, we instead apply a statistical test on DCR val-
ues to validate privacy-preserving capability of the models,
instead of evaluating it, which is likely also more useful in
practical privacy-preserving data sharing cases.

We compare the DCR to the real training dataset X of a
hold-out real dataset X with a synthetic dataset of the same
size X', and privacy-perserving means that DCRs calcu-
lated on the latter is not smaller than DCRs calculated on
the former. We test this using Mann-Whitney U Test (Mann
and Whitney, 1947), with the null hypothesis Hy being that
the distance between X and X is greater than or equal to
X’ and X, Aand if the p-value is less than 0.05, X’ is closer
to X than X, implying a risk of privacy leakage.

The data is preprocessed by quantile transformation (at
1000 quantiles, which is the same number of bins for the
quantile quantizer in TabTreeFormer) for numeric values
and one-hot encoding for categorical values for distance
calculation. Cosine distance (calculated using sklearn)
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Table 11: Performance comparison between different models in terms of fidelity. The closer the values are to 1, the better
the fidelity is. The best scores and the second best scores are highlighted in bold with and without underscore, respectively.
Equal values in the first 3 digits may be compared by the 4-th or 5-th digits.

Dataset Metric CTAB+  TTVAE TabSyn FD GReaT

RTF TabMT TabuLa TTF-S TTF-L TTF-NP

Shape 0.96410.005 0.-852£0.024 0-977+0.011 0.986 . 509 0-929+0.000 0.9621+0.001 0.97410.003 0.975+0.000 0-951+0.002 0.957+0.003 0.92110.003

adult Trend 0.91540.004 0.73310.032 0.95510.018 0.972 1 500 0-88210.000 0.933+0.003 0.95710.004 0.95610.001 0.887+0.003 0.895+0.005 0.838+0.027
bank Shape 0.96510.002 0.875+0.009 0.983+0.005 0.970+0.001 0.915+0.000 0.967+0.001 0.969+0.000 0.983 . 500 0.92740.003 0.935+0.003 0.932+0.001
Trend 0.884.0.003 0.78810.017 0.967+0.008 0.965+0.010 0.903+0.000 0.955+0.001 0.94440.034 0.971 1 o9 0.94410.006 0.956-+0.003 0.935+0.027

boston Shape 0.850+0.003 0.663+0.023 0.893+£0.003 0.89540.002 0.916+0.000 0.9421 504 0.835+0.000 0.861+0.030 0.84340.006 0-855+0.003 0.863+0.000
Trend 0.82810.011 0.747+0.021 0.93410.003 0.94210.001 0.90810.000 0.94710.002 0.93510.014 0.88640.004 0.95140.020 0.97310.006 0-992_ 00

breast Shape 0.77510.024 0.49840.052 0.8131+0.005 0.83510.006 0.728+0.000 0.75310.014 0.841+0.04s 0.81410.003 0.866 135 0.84810.010 0.75810.116
) Trend 0.616-+0.063 0-333+0.065 0.70940.006 0.766-+0.004 0.636+0.000 0.668+0.010 0.747+0.035 0.767 1 03 0-73540.025 0.72840.020 0.680+0.165
credit Shape 0.937i0,013 0'555i0.001 0'932i0.007 0.960i0,001 0-932i0.000 0-944i0.003 0-955i0.004 0'97Oi0.002 0-941i0.008 0.946i0.010 0'99210,008

Trend 0.862-+0.030 0.306-£0.005 0.862+0.008 0.91240.009 0.86110.000 0.896+0.006 0.91140.004 0.91710.001 0.880+0.012 0.883+0.018 0-958_( 19

diabetes Shape 0.923.19.006 0.887+0.017 0-95510.007 0.94340.003 0.88140.000 0.943+0.004 0.946-£0.004 0-975,  op2 0.928£0.002 0.919+0.014 0.806+0.212
Trend 0.89840.004 0.88840.012 0.964.10.002 0.957+0.006 0.92110.000 0.952+0.005 0.952+0.003 0-971 1 912 0.954410.004 0.957+0.000 0.924+0.001

iris

Shape 0.822410.022 0.885+0.008 0.893+0.003 0.90110.004 0.870+0.000 0.906 . ¢17 0.89510.007
Trend 0.590+0.019 0.878+0.004 0.91710.007 0.920+0.006 0-899+0.000 0-896+0.016 0.901+0.011

0.88640.011 0.88310.019 0.839+0.020
0.902+0.005 0.922, 515 0.895+0.055

Shape 0.91710.003 0.652+£0.031 0.930+0.005 0.947+0.004 0-887+0.000 0:959 1 93 0.92010.006 0-833+0.034 0.914+0.004 0.936+0.003 0.954+0.001

gsar

Trend 0.863+0.007 0.610+0.059 0.91410.009 0.-89810.011 0.8551+0.000 0.890+0.007 0.9231+0.004 0.79210.008 0.896+0.010 0.93510.008 0956 0,

wdbc

Shape 0.86110.005 0-7544+0.047 0.946+0.004 0.94610.004 0.873+0.000 0.94510.006 0.937+0.00s
Trend 0.866+0.007 0.817+0.049 0.976-10.002 0.962+0.001 0.896+0.000 0.954+0.001 0.943+0.001

0.93840.007 0.957£0.003 0.980 1 504
0.960+0.002 0.966+0.006 0.994 4 g0

Table 12: Performance comparison between different models in terms of DCR. p-values less than 0.05 is highlighted in

red, indicating a high risk of privacy leakage.

Dataset ‘ CTAB+ TTVAE TabSyn FD GReaT

RTF TabMT

TabuLa TTF-S TTF-L TTF-NP

adult  |1.0000.000 1.000+0.000 1.000+0.000 1-000-0.000 0-857+0.000 0-000-0.000 0.998-+0.002 0-000+0.000 1.000£0.000 1-000+0.000 1.000+0.000
bank  [1.000+0.000 1.000+0.000 1.000+0.000 0.394-+0.082 1.000+0.000 1.000+0.000 1.000+0.000 0-000-0.000 1.000+0.000 1.000-£0.000 1-000+0.000
boston |1.000+0.000 1.000-£0.000 0-941+0.040 0.99610.005 1.000+0.000 0-50810.295 1.000-£0.000 0-754+0.121 1.000-+0.000 1.000+0.000 1-000+0.000
breast {1.000-£0.000 1.000+0.000 0-23110.105 0.003£0.001 0.08240.000 0-00210.001 0.259+0.064 0.000+0.000 0-99010.012 0.996+£0.005 0-332+0.470
credit  {1.000+0.000 1.000+0.000 0-18610.141 0.005+£0.003 0.883+0.000 0-000+0.000 0.824+0.183 0.000-+0.000 0-90810.107 0.676£0.455 0.0000.000
diabetes|1.000+£0.000 0-753+0.288 0.02910.024 0.000£0.000 0-998+0.000 0-077+0.076 0.876+£0.149 0.000-+0.000 0-867+0.158 0.603£0.310 0-333+0.471
iris 1.0000.000 0-382+0.229 0.552£0.099 0.049+0.032 0.764+0.000 0-638+£0.226 0.824+0.191 - 0.662+0.421 0.214+0. 022 0.086+0.096
gsar  [1.000+0.000 1.000+0.000 1.000+0.000 0-977+0.019 1.000+0.000 0-326+0.088 1.000+0.000 1-000-0.000 1.000+0.000 0-956-+0.063 0-000-0.000
wdbc  [1.000-+0.000 1.000+0.000 0-092+0.111 0.000£0.000 1.000+0.000 0-998+0.001 1.000-+£0.000 - 0.967+0.021 0.261+0.179 0.000+0.000

is used to evaluate the distance between records. As a refer-
ence, we calculate the cosine distances between the real test
set and the real train set, obtaining the minimum distance
per record for the test set. Similarly, we compute the cosine
distances between synthetic data (with the same number of
rows as the real test set) and the real train set, and also
obtain the minimum distances. These distances are com-
pared with the reference values to assess the similarity and
privacy-preserving characteristics of the synthetic data.

E Raw Experimental Results

E.1 Raw Synthetic Data Quality Results

The raw experiment results for MLE is shown in Table 10.
Out of the 27 MLE scores, TabTreeFormer-NM is the best
in 11, while the best baseline achieves the best in at most
4).

The raw experiment results for fidelity is shown in Ta-

ble 11.

E.2 Raw Privacy Results

The raw experiment results for DCR is shown in Table 12.

Notes on the No Mask (NM) Setting and Quality-
privacy Dilemma. Summarizing the settings of the non-
private version mentioned in Appendix A, TTF-NM in the
paper means TTF-L model size with 0 masking rate and
technically no early stopping. Such a setting makes the
model prone to memorizing exact values in the training
data, which is verified by our experiment results on DCR.
Nevertheless, in a non-private setting, we regard this as per-
missible because privacy is not a concern.

In fact, for any model, synthetic data quality and its pri-
vacy are usually a dilemma, which is also consistent with
our experiment results on different baselines. For exam-
ple, the baseline model with the best MLE result overall is
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Table 13: Raw MLE performances as shown in Table 10, but experiments with privacy risks as indicated in Table 12
highlighted and excluded from ranking. TTF-NM is not shown because it is not intended for a balanced objective. Baselines

with more than half of the datasets having privacy concerns are removed.

Dataset ML

real CTAB+ TTVAE

TabSyn GReaT

RTF TabMT TTE-S TTF-L

adult

LN 0.914 0.904+0.001 0.87540.010
RF 0.9100.902+9.002 0.869+0.011
XGB 0.914 0.905+9.001 0.87040.012

0.905+0.003 0.905+0.000
0.91040.003 0.91110.000

0.90840.000 0.907 1 992 0.901+0.001
0.91240.001 0.91140.001 0.906+0.001

0.911 4,901
0.9050.000
0.911. 001

bank

LN 0.907 0.901+9.003 0.88540.004
RF 0.9300.902+0.002 0.884+0.009
XGB 0.936 0.906+0.000 0.877+0.011

0-900:|:0.005 wi()_()oo
0.907+0.006 0.907+0.001
0.91310.007 0.910+0.001

0.904+0.000 0.86210.005 0.906-£0.000 0.90610.000
0.913.0.001 0.88640.011 0.91340.002 0.918_ g1
0.918+0.002 0.892+40.007 0.91940.002 0.925 ( 503

boston

LN 0.5900.264+9.034 0.00040.079
RF  0.6620.12940.015 0.12410.068
XGB 0.701 0.097+9.078 0.2114¢.121

0.5330.036 0.397+0.000
0.658.10.025 0.281+0.001
0.64710.017 0.277+0.014

0.529+0.028 0.409+40.015 0.925+0.035 0.575_( 11
0.58440.006 0.43940.096 0.597+0.038 0.694_ 4 o4q
0.57840.056 0.446+0.115 0.594+0.061 0.665_ g o6

breast

LN 0.9850.9134+0.091 0.963+0.006
RF 0.9850.9684+0.012 0.97940.004
XGB 0.984 0.95840.025 0.970-0.009

0.987_ 501 0-98510.000
0.98140.002 0.979+0.004
0.987 . 00y 0.982.10.002

0.98740.002 0.983+0.004 0.9814+0.005 0.98710.002
0.98040.000 0.978+0.002 0.978+0.001 0.983_ o2
0.98240.002 0.98210.002 0.98240.002 0-98310.003

credit

LN 0.836 0.538+0.093 0.50040.000
RF  0.837 0.505+0.097 0.50040.000
XGB 0.844 0.509-+0.088 0.50040.000

0.78010.017 0.665+0.000
wio_o(ﬁ 0-722104014
0.795.40.014 0.73940.006

0.801+0.006 0.77310.038 0.816_ ( 529 0.755+0.011
0.82040.010 0.763+0.019 0-78110.026 0.74140.027
0.79740.039 0.761+0.030 0.796  o11 0.76410.014

LN 0.884 0.817+9.028 0.880+0.003

diabetes RF  0.869 0.802+¢.014 0.8494+¢.004

XGB 0.867 0.811+0.005 0.851 19 001

0.883+0.006 0.858-+0.000
0.847+0.000 0.831+0.003

0.878+0.003 0.85540.014 0.890. 919 0.886-0.001
0.84149.010 0.845+0.009 0.85540.014 0.859_ ¢ 19
0.84940.010 0.840+0.009 0.852, 15 0.84840.017

iris

LN 1.0000.272+9.068 0.99640.006
RF  1.000 0.396+0.099 0.9921¢.012
XGB 1.000 0.211+9.042 0.99940.002

0.999.9.002 0.98540.000
1.000.; ggo 1.000. 99
1.000. g0 1.000,.4 9o

0.98340.015 1.000 gg9 0.971+0.018 0.997+0.005
0.99310.005 0.993+0.005 0-999+0.002 0-988+0.017
0.998.0.003 1.000 4 og9 1.000, 4 509 1.000 1 o9

qgsar

LN 0.906 0.716+9.085 0.66940.120
RF  0.936 0.648+0.036 0.666+0.117
XGB 0.921 0.731+9.020 0.65840.114

0.867+0.012 0.673+0.000
0.88249.006 0.616+0.009
0.860+0.016 0.602+0.020

0.880.0.003 0.887_ 595 0.87440.013 0.876+0.006
0'907i0.007 0.8804+0.008 0.873+0.006 0.884 10004
0.897 . 110 0.87310.000 0.86210.005 0.884.10 004

wdbc

LN 0.9930.92940.053 0.97640.019
RF 0.976 0.9194¢.024 0.9520 041
XGB 0.990 0.9304+0.021 0.94940.035

0.992 . 501 0-979+0.000
0.984 . 594 0.976+0.003
0.986i0_002 0.973i04003

0.988..0.003 0.98440.006 0.980+0.007 0.979+0.007
0.98040.012 0.978+0.003 0.9814¢.001 0.975+0.002
0.988_ ) 502 0.98240.004 0.98710.003 0.985+0.006

TabuLa (Zhao et al., 2023), but it has a privacy issue in all
datasets. In particular, we found that TabuLa has a DCR
of 0 on more than 50% of the rows in many datasets, and
a DCR of smaller than 1 x 1075 on more than 80% of the
rows. This indicates a severe memorization issue. In com-
parison, the worst-performing baseline model we tested,
CTAB-GAN+ (Zhao et al., 2024), does not have any issue
with privacy according to the DCR scores.

Balance of Quality and Utility. Given the dilemma be-
tween quality and utility, the general objective of a tabular
data generator should be a good balance between quality
and privacy, instead of optimizing both simultaneously. Ta-
ble 13 shows the MLE scores with privacy warnings. Tab-
TreeFormer demonstrates a good balance.

E.3 Computation Time

The raw computation time of training and generation is
shown in Table 14. TabTreeFormer trains two separate

models for cross-validation, and training stops mainly by
the validation loss, and occasionally by a maximum num-
ber of steps, so the relative training time compared to other
auto-regressive transformer baselines is higher, but when
trained on large datasets, TabTreeFormer shows its effi-
ciency advantage more obviously.

F Limitations and Future Work

Limited capability by transformer backbones. Al-
though this paper demonstrates a strong capability of Tab-
TreeFormer and a potential of comparable performance
with a much smaller version, it still inherits the problems of
the backbone transformer. In particular, TabTreeFormer’s
tabular data representation effectively reduces the number
of tokens to one to two times the number of columns,
significantly smaller than the 5-10 times of some base-
line auto-regressive transformers, but is still linear to the
number of columns. If the chosen transformer backbone
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Table 14: Comparison between different models in terms of time taken for training and generation. The values are in unit

of seconds.

Dataset Metric CTAB+ TTVAE TabSyn FD

GReaT

RTF TabMT TabuLa TTF-S TTF-L

Train ~ 787.37913334 194.718.10.085 1199.8231146.744 3857.698£10.002 10397.040L9 203 1875.904134 663 6029.51513 139 2859.160+6 858 1096.467 1143 847 2503.830+564.922

AUt Gonerate 042910001 854610000 240940010 48730113758 138.02310205 8946614501 41620651012 249.31950455 4148215007  107.193400 50
pank | TEAN 73731410 135 192.617.41 050 1865473 415,065 4172.922.4 220 10295.76911720 835.16721 610 T032.875.04.017 3079.64113 37 1115.78T 108,005 2551349 724,774
Generate 1.12640.006 7-34140.015 3.00910.063 31.60910.373 149.87210.104  106.03640.080 333.8824118.034 234.80640.04a  24.97213 040 58.530416.181
boston  Lrain 8.39610.04s 4.66410120 862.625445241  47.04041544 12161910000  49.69313175  225.62440310 4781140079  67.370143.192  229.997198 326
Generate 0.08340.001  0.17240.020  0.15640.003 0.44719.007 2.42240.003 3.05940.003 252440001 3.01240.013 0.53310.028 1.566.£0.401
breast Train 847910026 6.35510502 1037.1261081.166 32.364r0.506  153.35210134 2553711410  214.93540.461 33.10010.050  122.13716.839  344.247 159 644
Generate 0.05640.008 0.144+0.032 0.249-0.003 0.771+0.005 3.434+0.016 0.759+0.003 1.653+0.013 6.6520.011 0.620-£0.033 1.46310.208
credit  Lrain 8.40040.035 12.28812509 726.006467.662 185.86815293 277.55510388  63.64810758 703.23841.755 78.53810335 179.304456.926 458.389159.990
Generate 0.04340.000 0.21140115  0.16740.003 1.12710.010 5.84510.008 240710171 543410013  4.868+0.014 0.60440.123 1.558.£0.227
diabetes Train 8.5241 0407 6.67310480 758.140441.333 30.32440.067  130.79310.077 3737213118 220.14740667  40.22910050  70.158126.658 242176145014
“Generate 0.04740.001  0.064+0.001  0.13940.000 0.38310.003 1.49610.008 1.504£0.007 0.78610.000  3.99410.007 0.34310.062 1.169+0.364
s Train 7.267+0.021 2.489+0.005 620.864+35603  5.05511.403 24.97540.018 1536941242 32.84610.011 R 86.143141.970  126.315129 440
i Generate 0.03310.006 0.025+0.005 0.098-0.002 0.09540.002 0.360+0.015 0.225+0.001 0.122.9.031 0.209-+0.065 0.483+0.078
sar Train 18.389+0.217 13.14441 576 694.890476.459 664.57813.603 566.658+103451 152.95040.810 1723.82412 506 188.47510374 81433114458 334.639+74.700
b Generate 0.20610.006 0.432+0.006 0.336-+0.005 2.608.+0.007 46.712.43 062 10.997 £0.072 23.72310.025 20.26115.972 1.27040.004 4.118.10.606
wdbe Train 10.79510.080 816810171  631.54646s.070 306.12043189  265.34042.411  183.90841.0a7 643.12041.028 R 3188414836  169.320154.606
Generate 0.159+0.001  0.254+0.001 0.27610.005 1.26740.023 65.821.41.106 9.936+0.017 13.89310.068 0.58510.010 1.38140.278
has limited performance or impractical memory require- Masked vs. Auto-regressive transformers. TabMT has

ment for the sequence length induced by a dataset with
a tremendous number of columns, the performance of
TabTreeFormer is subject to the capability of the trans-
former backbone. Fortunately, most transformers are be-
lieved to function where with a few thousand of tokens
in a sequence, endorsing the encoding of tabular datasets
of the number of columns up to thousands, which covers
most practical use cases. Moreover, the design of Tab-
TreeFormer makes the transformer backbone flexibly con-
figurable, and any modern or future more powerful versions
of transformers can be substituted in.

Optimizing tree-based model. TabTreeFormer uses
LightGBM fitted on the target column to introduce tabu-
lar inductive biases from tree-based models, While this is
effective and easy to implement, modified tree-based mod-
els catered for guiding the generation may further improve
the performance, such as using trees from a generative tree-
based model (e.g. ARF), and selecting a better target col-
umn using some heuristics.

Smoothing quantized values. The dual-quantization to-
kenization may be further optimized with some sampling
around the quantile values if use case requires smoother
values in continuous values. Adapted ordinal embeddings
with continuous raw values as additional input can also be
applied. In this paper, we want to focus on showing the
effectiveness of quantization and methods to handle quan-
tized values. We leave the integration of raw continuous
values on top of these methods for future works, as perfor-
mance without raw continuous values is readily outstand-
ing. Moreover, using quantized values only makes it much
easier to change the backbone transformer.

demonstrated the effectiveness of a masked transformer
with iterative decoding for tabular data generation, but
TabMT does not provide ablation study result on masked
vs. auto-regressive transformers. Thus, this approach may
be used in place of a causal language model to further im-
prove synthetic data quality. Further exploration could be
interesting. In this paper, we want to focus on the most intu-
itive and simple usage of generative transformers, namely,
auto-regressive generation, as the performance of this sim-
ple case is readily outstanding. Moreover, using the stan-
dard auto-regressive setting makes it much easier to inte-
grate with other training optimizations available on open-
source seq2seq trainers (e.g., Hugging Face).

G Broader Impact

Extension to general tabular tasks. The idea of intro-
ducing tree-based models to transformers on tabular data
may not be limited to generation tasks, but also applies
to tasks like classification and regression. We envision
tabular models designed for other tasks inspired by Tab-
TreeFormer’s design of the integration of a tree-based
model to transformer would improve its performance by
taking the advantage of both.

General ordinal token space learning. The proposed
methods to learn the ordinal token space, including the
embedding and loss, can be applied to any other task in-
volving ordinal tokens, especially when the ordinal tokens’
relation is absolute and monotonic instead of relative and
non-periodic.
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