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ABSTRACT

Tabular synthesis models remain ineffective in capturing complex dependencies,
and the quality of synthetic data is still insufficient for comprehensive downstream
tasks, such as prediction under distribution shifts, automated decision-making, and
understanding cross-table relationships. A major challenge present in tabular data is
the lack of prior knowledge about high-order relationships, which is defined as mul-
tivariate structural causal dependencies beyond pairwise correlations. We argue that
a systematic evaluation on high-order structural information is a crucial first step in
addressing this issue in tabular data synthesis. In this paper, we present high-order
structural causal information as a natural form of prior knowledge and introduce
a benchmark framework to evaluate tabular synthesis models. This framework
allows us to generate benchmark datasets through a flexible range of data genera-
tion processes, allowing for the training of tabular synthesis models using these
datasets for further evaluation. We propose multiple benchmark tasks, high-order
metrics, and causal inference tasks as downstream tasks for evaluating the quality
of synthetic data generated by the trained models. Our experiments demonstrate
the effectiveness of the benchmark framework in evaluating the model’s ability to
capture high-order structural causal information. Furthermore, our benchmarking
results provide an initial assessment of state-of-the-art tabular synthesis models.
These results reveal significant gaps between ideal and actual performance and
highlight how baseline methods differ. We open source the benchmark framework,
including both code and data along with documentation, to support further research
and development in this area.

1 INTRODUCTION

Tabular data are widely used in both industry and natural sciences, yet tabular data remain under-
explored in machine learning research (van Breugel & van der Schaar| 2024). Among the various
tasks in the tabular domain, data synthesis is particularly important due to its many applications, such
as data augmentation to mitigate data scarcity (Choi et al.,[2017), pretraining for downstream tasks
(Hollmann et al.| [2023)), and privacy preservation (Hernandez et al., 2022). Recently, the quality of
synthetic tabular data has significantly improved with deep diffusion models (DFMs) (Ho et al.| [2020)
and large language models (LLMs) (Brown et al.,|2020).

Nevertheless, tabular data synthesis continues to face several challenges. These challenges fall
into three broad categories: (i) handling practical issues, such as mixed data types (Ma et al.|
2020) and missing data; (ii) capturing structural information inherent to the nature of tabular data,
particularly high-order instance and feature dependencies (Li et al., [2023)), where "high-order"
refers to multivariate structural causal information that captures dependencies beyond pairwise
relationships, typically represented through causal graphs or skeletons; (iii) synthesizing data in a
cross-table context, such as capturing dependencies across different tables (Scetbon et al.| [2024).
While many studies have focused on addressing practical issues (Kotelnikov et al.| 2023} Kim et al.,
2023 |Lee et al., 2023} Zhang et al.,|2024) that are necessary steps for training synthesis models, fewer
have addressed high-order information, which is crucial for complex real-world applications such as
in-context prediction (Zhu et al.,|2023b; [Hollmann et al.,|2023)) and generalization and analysis of
multiple tables (Wang & Sun, [2022; [Zhu et al., [2023a)).
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(a) Benchmark framework. (b) Benchmark results.

Figure 1: High-order structural causal benchmark framework and results. Benchmark datasets are
generated from sampled causal graphs and used to train tabular synthesis models. Causal information
is extracted from both benchmark and synthetic datasets using causal discovery and compared to the
ground truth using high-order structural causal metrics. The results highlight model performance
across multiple metrics, using benchmark-derived values as references.

One reason for the lack of studies may be the absence of a systematic evaluation of synthesis models
on high-order information. This absence not only creates a limited and misleading impression of
the performance of synthesis models, but also impedes the development and application of high-
order information-aware synthesis models. The evaluation of tabular synthesis models is an active
research area. Currently, evaluations primarily focus on the performance of using synthetic data for
downstream tasks, known as extrinsic evaluation (Bommasani et al., |2021). Extrinsic evaluation
offers a limited understanding of tabular synthesis models restricted by the downstream tasks. In
contrast, intrinsic evaluation directly evaluates the quality of synthetic data using metrics derived from
lower-order statistics such as pairwise correlation-based scores. Intrinsic evaluation with high-order
metrics is challenging, as it depends on informative prior knowledge that remains underexplored in
the tabular domain (van Breugel & van der Schaar |2024)).

To benchmark models on high-order structural information, we propose to leverage the study of
causal graphical models (Spirtes et al.| |2000; |Peters et al.l 2017). These models apply causal prior
knowledge for a wide range of machine learning applications (Pearl et al., 2016; |Scholkopf et al.,
2021)), yet they are still underexplored in the tabular domain. We view causal graphs as a natural and
compact representation of high-order structural information about causal dependencies in tabular data.
A few works (Chot et al., [2020; |Liu et al., 2023} Yan et al.,2023)) have attempted to use general graph
properties, such as adjacency matrices and directed acyclicity, for representation learning and tabular
data synthesis, but they have all overlooked high-order structural causal information. In contrast, our
aim is to establish a foundation that covers the essential aspects required for benchmarking tabular
synthesis models on high-order structural causal information. We also demonstrate how to utilize
benchmarking results to guide future improvements in tabular synthesis models. Specifically, we

1. introduce high-order structural causal information as prior knowledge for modeling dependencies
among the variables of interest in tabular data. We characterize the information into three levels
for benchmarking tabular synthesis models (Section 3).

2. propose a benchmark framework for evaluating tabular synthesis models on high-order structural
causal information, which is summarized in Figure[I] Specifically, we illustrate how to generate
benchmark datasets and how high-order structural causal tasks and downstream causal-inference
tasks can be used for evaluation (Section [).

3. demonstrate using our framework to evaluate state-of-the-art DFM and LLM-based tabular synthe-
sis models on benchmark and real-world datasets (Section[5|and Appendix [D). Our experimental
results show a clear gap between the ideal and actual performance of the baseline methods, and
strong performance on low-order metrics does not guarantee good performance on high-order
causal metrics. These results highlight their shortcomings from various perspectives.

2 RELATED WORK

To understand tabular data models from different perspectives and to make progress towards better real-
world performance, a suite of benchmarks with different purposes is needed. In prior benchmarking
efforts, Grinsztajn et al.[(2022)) uses diverse tabular datasets to investigate the performance of tree-
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based methods; Bommert et al.| (2020), Passemiers et al.| (2023)) and |Cherepanova et al.| (2023)
contribute benchmark datasets to the studies of feature selection; Malinin et al.| (2021)) and (Gardner
et al.| (2023)) focus on the robustness to distribution shifts. Moreover, to bridge the gap between
real-world applications and synthetic data, |Jesus et al.|(2022) provides a larger-scale tabular dataset in
finance, including practical challenges. In contrast, SynthCity (Qian et al., 2023) provides a number
of synthetic data generators for better model development by avoiding practical issues of real-world
data, such as selection bias and missing value issues. Furthermore, in the context of tabular data
synthesis, |[Hansen et al.| (2023) introduces data-centric Al techniques that can provide data profiles,
and then propose an evaluation framework to show the importance of integrating data profiles into
synthesis models. Unlike previous efforts, our work provides a new perspective for understanding
and improving tabular synthesis models by benchmarking on high-order structural causal information.
Related to this, recent work has also discussed the challenges of causal benchmarking and the risk of
overly simplistic simulated DAGs (Reisach et al.|[2021).

Tabular data synthesis was initially based on classical deep generative models (Jordon et al., 2018 |Xu
et al.,[2019} [Morales-Alvarez et al.| 2022), but has recently flourished with Transformer-based, LLM-
based, and DFM-based methods. For example, to generate synthetic tabular data, (Gulati & Roysdon,
2023) applies a masked Transformer (Vaswani et al.,[2017); GReaT (Borisov et al.|[2022) formulates
tabular data as sentences and finetunes Generative Pre-trained Transformer 2 (GPT-2) (Radford et al.,
2019); TabDDPM (Kotelnikov et al.,2023), and CoDi (Lee et al.,[2023) apply denoising diffusion
probabilistic models (Ho et al., 2020); STASY (Kim et al., 2023)) uses a score-based diffusion model
(Song & Ermon, |2019); TabSyn leverages a diffusion model within a transformer-based variational
autoencoder (Zhang et al., 2024)); TabPFN |Hollmann et al.[(2025)) is a transformer-based tabular
foundation model pretrained on synthetic datasets generated from a wide range of causal graphs;
Forest-VP and Forest-Flow (Jolicoeur-Martineau et al.| [2024) use tree-based (Chen et al.|[2015)) deep
diffusion and flow matching models (Lipman et al.|[2023)); CTGAN utilizes a conditional generative
adversarial network (Xu et al., 2019); TVAE utilizes a variational autoencoder (Xu et al., |2019); .
Additionally, GOGGLE (Liu et al.,|2023) uses an encoder-decoder model to generate tabular data,
where the decoder is a graph neural network to capture the dependencies between features. Recent
work on causal normalizing flows (Javaloy et al.l|2024) also advances the modeling of complex causal
relationships in generative settings. Given the increasing number of tabular synthesis models, we
mainly mentioned the representative ones for each category and benchmarked most of them in the
experiments. However, we highly recommend survey papers (Borisov et al., 2022 [Li et al., 2023}
Fang et al.| 2024)) for more details on tabular synthesis models.

3 HIGH-ORDER STRUCTURAL CAUSAL INFORMATION

A fundamental problem in modeling tabular data is the lack of prior knowledge about their structures
and high-order information (Borisov et al., [2022; [Fang et al.| |2024). Natural and common prior
knowledge in tabular domain can be causal dependencies in forms of causal graphs (Peters et al.,
2017;|Glymour & Zhang| [2019). Real-world data are generated by certain underlying mechanisms,
which can be qualitatively described using causal graphs. As for tabular data whose columns are
variables of interests, causal graphs are directed graphs where the nodes are variables and the directed
edges represent causal relationships between the columns. Different from mere pair-wise information
(e.g., correlations), such causal relationships represent high-order structural information. Capturing
this type of high-order information requires methods that go beyond pair-wise reasoning. In our
framework, we assume the causal graphs are directed acyclic graphs (DAGs) without unknown
confounders. These are common assumptions in causal machine learning (Peters et al., 2017}
Scholkopf et al., 2021 under which the studies are significantly supported by well-studied properties
and theories as well as reliable methods and considerable applications. Given a causal DAG, the causal
information is the high-order statistical information which under proper assumptions has asymmetric
properties implying direct causes and effects in the data generation process. We categorize causal
information into three hierarchical levels: causal skeleton, Markov equivalence class, and causal
DAG, each capturing progressively richer structural details. While lower levels are easier to obtain,
they convey less causal information than the higher ones. These levels correspond to different forms
of causal graphs, as illustrated in Figure[2]

Level 1: Causal skeleton. Causal skeletons are the undirected graphs of causal DAGs (Spirtes
et al.| 2000), and describe the connectivity of the nodes. At this level, causal information represents



Under review as a conference paper at ICLR 2026

QOO GOD COP

(a) Causal skeleton level: Undi- (b) Markov equivalent class level: (c) Causal DAG (directed acyclic
rected causal graphs show the con- Completed partially oriented di- graph) level: It provides all d-
nectivity entailing whether pairs rected acyclic graphs provide all separation and causal-direction in-
of nodes are d-separated or not. d-separation information. formation.

Figure 2: Three levels of high-order structural causal information.

d-separation relationships as a type of high-order information. Given a causal DAG, two nodes X
and Y are d-separated by a set Z if and only if for each path between X and Y, there is a chain
-— Z — -orafork - < Z — - such that Z is in Z; or it contains a collider - — W < - such that
W and its descendants are not in Z (Peters et al.,[2017)). Therefore, given a causal skeleton, we know
the nodes that are d-separated; and further under the causal sufficiency assumption, i.e., there are no
unmeasured confounders (the same common parent of children nodes), the connectivity of two nodes
in causal skeletons infers whether a pair of variables are causally dependent or not.

Level 2: Markov equivalent class. At this level, we not only know the d-separation relationships
of node pairs, but we also know by which nodes set they are d-separated. Two DAGs are (Markov)
equivalent if and only if they have the same d-separation relationships. The Markov equivalent
class can be uniquely represented by a completed partially directed acyclic graph (CPDAG) under
proper assumptions (Meekl |[1995; |/Andersson et al.,[1997)), which can provide complete d-separation
information alongside certain causal directions, enriching the information of the causal skeleton.

Level 3: Causal DAG. At this level, all information about connectivity and causal directions is
summarized in causal DAGs. This causal information goes beyond knowing all the d-separation
relationships. Given the nodes in a causal DAG, we know all of their asymmetric causal relationships,
i.e., their direct causes and direct effects.

4 HIGH-ORDER STRUCTURAL CAUSAL BENCHMARK FRAMEWORK

To support the development of reliable tabular synthesis models, especially those based on deep
generative frameworks, a rigorous evaluation is essential. In particular, intrinsic evaluation, assessing
the quality of synthetic data independently of specific downstream tasks, plays a critical role (van
Breugel & van der Schaar} 2023). As discussed in Section E], high-order structural causal information
provides a principled basis for intrinsic evaluation by directly measuring a model’s ability to capture
complex causal dependencies (Scholkopf et al., 2021)).

To enable such evaluation, our benchmark framework (Figure [Ta) generates synthetic benchmark
datasets using predefined causal graphs and diverse data generation processes (Section[4.1)). These
causal graphs provide the ground-truth structural labels required for metric computation. We then
apply causal discovery methods to extract different levels of causal informatiorﬂ from both benchmark
and synthetic datasets, and we compare each of them to the ground truth labels, allowing us to define
high-order evaluation metrics at multiple levels (Section4.2). We also include causal inference tasks
as complementary downstream evaluations. For clarity, we use the term benchmark datasets to refer
to synthetic data generated from causal graphs for training synthesis models, and synthetic datasets
to refer to the outputs of these trained models.

4.1 GENERATION OF BENCHMARK DATASETS

The validity of benchmark datasets requires that (i) data are generated according to causal directed
acyclic graphs and (ii) causal information (causal skeletons or directions) is identifiable from the data
by causal discovery methods under proper assumptions. Condition (i) requires that each benchmark
dataset has a corresponding causal DAG and a causal DAG can be used to generate a dataset for

! Causal skeletons and Markov equivalence classes can be identified by constraint-based methods (Spirtes
et al., [2000), while causal directions in DAGs require functional causal model-based methods (Glymour &
Zhang, |2019). See Appendix@for an overview of causal discovery and identifiability assumptions.
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evaluation. Regarding Condition (i), the data generation process according to a causal DAG is
szfz(szrtaEXJv (1)

where X;; is a variable in the tabular dataset and a node in a causal DAG, X7 't is the parents of X; in
the graph, f; is the causal functional relationship between parent and child variables, and E’x, is noise
that is independent of XP*“. Condition (ii) requires that causal discovery methods validly recover
causal information from a benchmark dataset. We limit data generation processes, i.e., the functional
relationships and noise distributions in Equation equation [I] to the identifiable ones for causal
discovery methods under proper assumptions (Glymour & Zhang|, 2019). Therefore, we categorize the
data generation processes by their functional relationships and noise distributions. More specifically,
our data generation processes use three types of functional relationships — linear (L), sigmoid (S), and
neural network-based (N) — denoted by f;, combined with two types of noise distributions for Ex,:
Gaussian (G) and Uniform (U). For example, we denote the benchmark dataset generated with a linear
functional relationship and Gaussian variables by “LG”. We modify CausalDiscoveryToolbox
to randomly generating benchmark datasets with continuous values according to a given causal DAG.
Details of data generation processes are in Appendix [C]

4.2 BENCHMARK METRICS

Benchmark datasets are generated from predefined DAGs and used to train tabular synthesis models,
and their corresponding causal DAGs are used to derive ground-truth labels of causal information
for evaluation. We define high-order structural causal metrics by applying different causal discovery
methods to infer causal information (typically unavailable) at different levels from synthetic data.
Roughly speaking, our metrics compare how well causal information can be recovered by measuring
the deviation of discovered DAGs - from both benchmark and synthetic data - from the ground-truth
causal labels; cf. Figure@ Besides causal information at different levels, metrics also indicate model
capabilities to capture joint or individual information, depending on the task. For example, individual
causal information can be d-separations and causal directions. Joint causal information is based on
the aggregation and integration of individual causal information.

Metrics on causal skeletons. Causal skeletons can be determined by constraint-based causal
discovery methods. In our experiments, we apply PC algorithm (Spirtes et al.,2000) to benchmark
datasets and synthetic datasets and then get the adjacency matrices of causal skeletons. Furthermore,
given the resulting adjacency matrices and the adjacency matrices derived from ground-truth causal
DAGs, structural Hamming distance (SHD), recall, precision, and F1 score can be used to measure the
differences between the resulted and the ground-truth adjacency matrices. Such metrics also indicate
model capability of capturing joint causal information, because causal skeletons are constructed by
summarizing multiple d-separations.

Metrics on conditional independence relationships. Under causal sufficiency, faithfulness, and
causal Markov assumptions, conditional independence in data implies d-separation in a causal graph
(Spirtes et al.,|2000). We use conditional independence relationships for benchmarking on the Markov
equivalent level. The task based on individual causal information without requiring integrating d-
separations. We first select a d-separation and d-connection set with the same set sizes denoted
by D = {(X;,Y:,S;) }i=1.n, where X; and Y; are either d-connected or d-separated conditioning
on the set S;. We then apply conditional independence tests to the selected subsets of benchmark
and synthetic datasets and get results C*** = {¢[*f : O or 1},ep and C*V" = {¢¥" : 0 or 1};ep,
where 0 and 1 represent conditional dependence and independence respectively; and derive the
ground-truth conditional independence relationships from ground-truth causal DAGs denoted by
C? = {cI" : 0or 1};ep. Considering the evaluation on this level as the evaluation of a binary
classification problem, Area Under the Curve (AUC) scores of Receiver Operating Characteristic
(ROC) curves are used as a metric. Specifically, we are comparing the discovered conditional
dependence and independence labels C*¢f and CSY" against the ground truth labels C9°.

Metrics on causal directions. As for methods identifying causal directions, bivariate causal discovery
methods (Hoyer et al.,[2008; Janzing et al.,2012) are commonly available. Different from the other
metrics, the metric using bivariate causal discovery methods is based on the bivariate setting. We
first select a set of edges from the ground-truth causal DAGs denoted by E = {(X;,Y;) }i=i.n, of
which X; and Y; are d-separated after removing the edges between them. In this way, we can apply
bivariate causal discovery methods to the data of X; and Y; without the impact of the other paths
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between them on the causal direction of the edge between them. We apply bivariate causal discovery
methods on the selected subsets of benchmark and synthetic datasets and get the results denoted by
E*°f = {e;*f: 0 or 1},cg and EsY" = {e": 0 or 1};cE; and derive the ground-truth conditional
independence relationships from ground-truth causal DAGs denoted by E9¢ = {e7": 0 or 1},c,
where 0 and 1 represent different causal directions. The metric on this level is the accuracy of the
predicted results, E*¢* and ESY", compared to the ground-truth labels E9F. As a result, the evaluation
with bivariate causal discovery methods is based on individual causal information. In addition to
bivariate methods, LINGAM (Linear Non-Gaussian Acyclic Model)-based approaches (Shimizu
et al.,|2006; 2011) can identify causal directions in the multivariate linear non-Gaussian setting. In
this case, SHD, precision, recall, and F1 score are calculated by comparing the resulting fully oriented
causal graphs to the ground truth DAGs, similar to the metrics used at the causal skeleton level. This
evaluation reflects joint causal information.

Metrics on downstream tasks. Evaluating tabular synthesis models on downstream tasks helps
assess how well the generated data supports causal reasoning and decision-making. In our framework,
this involves training Structural Causal Models (SCMs) on synthetic data and evaluating their
performance on downstream causal inference tasks using held-out benchmark data (Zhang et al.|
2024; |[Fang et al., 2024)). We focus on interventional and counterfactual inference tasks, as their
performance directly reflects a model’s ability to capture essential causal information, which is crucial
for our benchmarking objective. Our evaluation and metrics are inspired by|Chen et al.|(2023)). Firstly,
benchmark and synthetic data are used for training SCMs given corresponding causal graphs. In the
interventional inference task, we perform a series of interventions on each variable in the causal graph,
one at a time, and utilize the trained SCM to compute the resulting interventional distributions over
the remaining variables. Furthermore, we compute the average differences between the expectation
of interventional distributions generated by SCM models trained on synthetic data and benchmark
data. For the counterfactual inference task, we generate new observations with the ground-truth SCM
for each causal graph. We then compute their counterfactual values with trained SCMs by imposing
interventions on each variable individually. The metric is based on the average differences of average
counterfactual values between SCM models trained on synthetic data and benchmark data. These
metrics are detailed in Section 5.1

5 EXPERIMENTS

We begin by outlining the evaluation procedures and experimental settings. Section presents
benchmarking results of state-of-the-art tabular synthesis models on high-order structural causal tasks
using synthetic datasets generated from known causal DAGs. We further evaluate these methods on
downstream causal inference tasks and examine their performance on a widely adopted real-world
dataset, highlighting the capabilities and limitations of each baseline method. Additional experimental
details, benchmark configurations, implementation specifics, and supplementary results (including
metrics such as a-precision, 3-recall, single-variable density estimation, and pairwise correlation
scores (Alaa et all, [2022; [Zhang et al.l[2024)) are provided in Appendix [D] alongside further insights
into the high-order metrics introduced in Section 4]

5.1 EXPERIMENTAL SETTINGS

Our baseline methods cover LLM-based and DFM-based methods, which are TabSyn (Zhang et al.,
2024), STASY (Kim et al.,2023)), TabDDPM (Kotelnikov et al.l[2023)), CoDi (Lee et al.,[2023), GReaT
(Borisov et al.| |2022), CTGAN (Xu et al.}[2019), and TVAE (Xu et al.| 2019). Firstly, to benchmark
baseline methods on high-order structural causal information, IV, causal DAGs G9* = {th}gzl: N,
are randomly generated and each causal DAG is used for generating benchmark datasets Dgt =
{Dg,, tmew with different causal mechanisms w = {LG, LU, SG, NG}. We then train baseline

methods on benchmark datasets Dgfm and generate synthetic datasets D;Y“ ={ D;Yﬁl mew for each

th. Secondly, with the causal DAGs, benchmark datasets, and synthetic datasets, causal information
is identified by causal discovery methods. And causal information, such as adjacency matrices,

conditional independence relationships, and predicted edge directions, is denoted by ;eri =

CD(DFS,); Qg% = CD(DgY7), where CD are causal discovery methods, and ground-truth causal

information is derived from causal DAGs, denoted by Qgt. ‘We include the results on benchmark
datasets as a reference ceiling to contextualize performance on synthetic data. In all cases or causal
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levels, causal information discovered from both benchmark and synthetic data is evaluated against
ground-truth DAGs, we do not compare one discovered DAG to another. Formally, for each metric

M; € M = {F1, SHD, others in Section.2]}, we compute R}, = M;(Q;5,, Q" ); Ry =
M;(Q3%n, Q3°), to evaluate all baseline methods. For different evaluation purposes, we can aggregate

the metric values along different indices and make conclusions. In our experiments, we compute
average metric values over all causal DAGs for each causal mechanism:

R* = AVE,(RESS) and  R3Y" = AVE,(RSY).

Benchmark on the level of causal skeleton. For each causal mechanism, we generate 10 benchmark
datasets (according to 10 causal DAGs) with N variables, a flexible parameter in our framework,
and around 17,000 samples. For computing metric values, we get 10 bootstrapping datasets with
sample size 15,000 for each benchmark and synthetic dataset and apply PC algorithm to obtain
causal information quantities, denoted by ref . and Q% g.m,p Where the bootstrapping index is

b = {1,...,10}. The metric value on each causal DAG is the average SHD, recall, precision and
F1 scores over 10 bootstrapping datasets, RS, = AVE}—1. 10(Rgem p)i B = AVEp=1.10(R, 7, 4)-
The average and standard deviation of metric values reported in Table[T]are computed based on 10
benchmark datasets with 10 continuous variables for each causal mechanism. Additional experiment

results with more continuous variables are in the appendix [D]

Benchmark on the level of Markov equivalent class. To evaluate causal information on the Markov
equivalent class level, we find all d-separations with minimal conditional sets between each pair
of nodes in a causal graph and then apply conditional independence tests to the corresponding sets
on synthetic datasets. We use the same procedures as the experiments on causal skeleton level to
train baseline methods and generate synthetic datasets. Since the experimental results show minimal
variation across different bootstrapped datasets, we omit bootstrapping at this level and use 15,000
samples for the tests.

Benchmark on the level of causal direction. To evaluate causal directions using only the data
from a pair of variables, we select edges between nodes that become d-separated once the edge
connecting them is removed. This ensures that other paths in the graph do not confound the pairwise
causal relationship. We then apply bivariate causal discovery methods to these pairs to infer causal
directionality. Each evaluation is conducted using 15,000 samples. In addition to bivariate methods,
we also apply multivariate causal discovery algorithms to recover the full causal DAG structure and
assess directionality at a more global level.

Benchmark on downstream tasks. Our evaluation is largely inspired by |Chen et al.| (2023). As
mentioned in Section same SCM models are trained on benchmark data and synthetic data
together given the underlying causal DAGs. In the interventional inference task, for each causal graph,
we take 10 interventions on each variable and approximate the estimated interventional distributions
with 1,000 samples. In the counterfactual inference task, for each causal graph, we impose 10
interventions on each variable and generate 1,000 benchmark data as the new observations for
computing counterfactual values. Next, we compare the results on interventional and counterfactual
tasks subject to the same interventions. Considering the results of the models trained on benchmark
data as the ground-truth, the metric is the average mean absolute errors (AMAE) over all variables,

N-1 N-1
AMAE-syn = 33, cy MAE-syn(v); MAE-5yn(v) = 1735w 2oievi\o 2odes, |2osmo Lodi — 2os—0 Lo »

where xredf is the reference ground-truth result and xsydni is the result of the models trained on

synthetic data; s denotes different samples; v denotes that the interventions are imposed on variable v
chosen from the variable set V' with V variables; d denotes the intervention value that is taken from
a set S, with sample size K; and 7 denotes the variable of which the interventional distribution or
counterfactual value is computed for evaluation. We compute the mean and standard deviation of the
average differences with 10 random seeds.

5.2 BENCHMARK RESULTS AND DISCUSSION

We first evaluate the baseline methods on synthetic data, where ground-truth DAGs provide labels
for high-order causal structure. We then assess performance on real-world data. Detailed ablation
and additional results (including different sample sizes, more variables, discretized variables, and
extended graphs) are presented in the Appendix [D]
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Table 1: Benchmark results under linear Gaussian (LG) and linear uniform (LU) causal mechanisms.
The LU case is also visualized in Figure |T_5l Complete results are detailed in Appendix El

‘ Model ‘ Low-order Skeleton ‘ MEC Causal direction level Intervention | Counterfact
Col. ER (|) Pair. ER(])| F1(1) |AUC (1) SHD (}) ACC(1) F1(D) AMAE (|) | AMAE ({)

g | ref. [ 0.00£0.00 0.00=£0.00[0.9040.06| 0.972 | 15.42+7.01 0.500 0.38+0.06| 3.1640.2 | 0.04+0.0
§ TabSyn 2.11+1.08 0.61+£0.21]0.71+0.12] 0.927 | 27.74+5.14 0.500 0.26+0.07| 4.73+1.8 | 0.56 +0.4
S| STASY 1242 +£3.27 1.31+0.81]0.68 £0.17| 0.930 | 31.92+4.55 0.696 0.21+0.07| 26.66 7.1 | 0.65+0.4
~ | TabDDPM | 0.69 +0.12 0.62 +0.54|0.70 £0.12| 0.814 |26.64 £10.34 0.536 0.24+0.09| 4.13+1.2 | 1.12+1.3
§ CoDi 4.42+0.83 0.80+0.43]0.72+0.10| 0.917 | 29.66 +£5.12 0.589 0.24+0.08| 525+ 1.6 | 0.67 +0.8
= | GReaT 8.41+0.73 0.76 £0.26|0.75+0.04| 0.921 | 18.18 £8.97 0.554 0.36 +0.06| 9.77+£0.7 | 0.93 £ 0.5
| CTGAN | 4.704+0.78 3.76 £0.63|0.46 +0.06 | 0.566 | 36.00£6.40 0.554 0.20+0.06| 15.02+8.9 | 8.58 £7.7
— | TVAE 451 +1.64 1.93+0.64|0.58+0.06| 0.703 | 29.60 +£8.47 0.536 0.20+0.05| 9.52+5.2 | 5.22+3.9
TabPFN 1.63+£0.17 0.30+0.09|0.88+0.07| 0970 | 14.66+6.16 0375 0.38+0.07| 3.35+0.3 | 0.21+0.1

g \ ref. \ 0.00 £ 0.00 0.00 = 0.00 \ 0.89 £+ 0.07 \ 0.967 \ 1.04 £0.85 1.000 0.94 +£0.04 \ 3.07+0.2 \ 0.03£0.0
i'é TabSyn 1.88+0.87 0.45+0.28(0.71+0.08| 0.871 | 21.66 +5.75 0.946 0.41+0.06| 421+1.1 | 045+0.7
5 |STASY 11.90 £ 5.72 1.18 £0.59 |0.67 £ 0.10| 0.936 | 20.66 +4.99 0.946 0.45+0.10|23.86+11.1| 0.44 +0.3
5| TabDDPM | 0.98 £0.63 1.07 +2.27|0.77 £0.07| 0.815 | 15.86+8.74 1.000 0.51+0.14| 3.48+£0.6 | 0.46 £ 0.7
'QE) CoDi 8.01+1.55 1.75+1.52|0.74+0.09| 0.902 18.564£5.08 0911 0.45+0.10| 3.82+0.6 | 0.58 £0.4
.| GReaT 9.56 £0.73 0.56 +0.22]0.70 £ 0.05| 0.860 | 13.62+9.24 0.929 0.57+0.11| 11.20+1.2 | 0.58 £ 0.4
3 CTGAN | 4.71+0.50 3.52+0.50|0.51 £0.08| 0.588 | 33.64+5.02 0.821 0.26 £0.07| 10.89 +3.2 | 4.96 + 3.3
TVAE 6.33+£1.69 2.524+1.17]0.55+0.07| 0.669 | 26.62+8.15 0.839 0.29+0.08| 12.22+3.4 | 5.40 £+ 3.6
TabPFN 2.04+0.40 0.30+0.10|0.88+0.06 0.928 | 244+2.62 0.964 0.88+0.11| 3.87+0.5 | 0.18+0.1

Notes: Low-order metrics (Zhang et al.|[2024): column/pairwise error rates of density or correlation estimation. Skeleton: causal skeleton level. MEC: Markov
equivalence class. Causal direction level: SHD (structural Hamming distance), bivariate accuracy (ACC), and multivariate F1 with LINGAM. Shaded cells : causal
discovery methods are theoretically inapplicable for LG case. Interventional task: AMAE = 100 X average mean absolute error.

Table 2: Benchmark results under LG and LU causal mechanisms, avoiding variable ordering bias.

Model Low-order Skeleton MEC Causal direction level Intervention | Counterfact
Col. ER (|) Pair. ER ({) FI (1) AUC (1) SHD ({) ACC(t) F1 (D AMAE (|) | AMAE (})
| ref. | 0.00£0.00 0.00£0.00]|0.8940.05| 0.966 | 15.804+7.15 0.571 0.36+0.05| 3.19+0.2 | 0.05+0.0
TabSyn 1.68£0.55 1.40+2.86|0.67+0.17| 0.840 | 23.40+7.53 0.446 0.31+0.08| 5.02+2.8 | 1.49+2.6
STASY 10.61 £5.95 1.85+£2.99(0.64+0.17| 0.844 | 29.95+4.87 0.464 0.24+0.08|24.66+12.3|2.31+3.4
8 TabDDPM | 0.82 £ 0.15 0.524+0.38[0.72£0.11| 0.864 | 23.54+£7.92 0464 028+0.08| 3.87+1.2 |096+14
CoDi 5.26 £2.41 1.77+2.89(0.66+0.17| 0.819 | 30.23 +5.38 0482 0.20=£0.06| 9.14 +£10.8 | 2.57+4.4
GReaT 8.744+0.27 0.99+0.39[0.69+0.09| 0.844 | 19.31£7.95 0.518 0.314+0.08| 11.50+2.3 | 1.49+ 1.7
CTGAN 5.67£0.57 4.17+0.91(0.48 £0.07| 0.528 | 34.71 £6.34 0.643 0.20£0.08| 16.57 5.2 | 9.54 £ 5.6
TVAE 4.26 +1.70 2.37+1.23]0.58 +0.06| 0.658 | 27.87 =831 0.661 0.23+0.09| 9.10+5.6 | 4.48+3.0
TabPFN 1.59+0.17 0.43+0.34/0.82+0.10| 0.897 | 18.02+9.96 0.482 0.32+0.12| 3.81+1.7 | 1.01 +2.4
| ref. | 0.00+0.00 0.00+0.00|0.8840.04] 0.972 | 1.54+1.58 0.982 0.91+0.09| 2.96+0.1 | 0.02+0.0
TabSyn 1.73+£0.92 0.45+0.27]0.65+0.09| 0.749 | 27.58+6.32 0.875 0.34+0.09| 4.19+1.4 | 0.52+0.8
STASY 8.82+3.25 1.17+0.55[0.62+0.15| 0.857 | 23.81+3.74 0964 040+0.11| 17.43+6.6 | 0.42+0.6
3 TabDDPM | 0.87+0.14 0.37+0.36|0.69 +0.06 | 0.759 | 21.45+8.84 0911 0.39+£0.13| 3.96+1.4 | 0.96+ 1.6
CoDi 9.19+2.52 1.65+1.42]0.73+0.10| 0.839 | 21.57+4.93 0964 0.37+0.11| 3.80+0.6 | 0.59+0.5
GReaT 9.41+0.83 0.44+0.11]0.69+0.05| 0.808 | 14.76 £9.20 0.839 0.54+0.13| 11.09 £0.8 | 0.36 +0.2
CTGAN 5.754+0.97 4.54+2.29/0.50£0.09| 0.536 | 32.23+6.08 0.768 0.27+0.07| 15.19+7.9 | 7.92+5.4
TVAE 4.98 +1.52 2.35+0.75]0.54 £0.08| 0.547 |26.62+10.30 0.714 0.34+0.11] 10.70£3.8 | 5.14 +£3.2
TabPFN 1.914+0.16 0.48+0.14|0.81+£0.09| 0917 | 820+6.35 0911 0.68+£0.20| 4.13+2.0 | 0.39+0.6
1.0 1.0]

Results on synthetic data. Table [I]
shows a representative subset of re-
sults under the two data-generation
regimes (LG and LU). Across low-order
metrics (e.g., single-column density
and pairwise correlations), Transformer-
based (TabSyn and TabPFN), LLM-
based (GReaT) and DFM-based (Tab-
DDPM and CoDi) models often signifi-
cantly outperform older approaches like
TVAE and CTGAN. However, none of
the experimented models fully match
reference-level high-order structures as
measured by SHD, d-separation tests,
or causal directionality. ROC curves in

real (AUC = 0.97)

— real (AUC = 0.97)
—— tabsyn (AUC = 0.93)
—— stasy (AUC = 0.93)

—— codi (AUC = 0.92)

—— great (AUC = 0.92)
ctgan (AUC = 0.57)

—— tvae (AUC = 0.70)

True Positive Rate (positive label: 1)

—— tabddpm (AUC = 0.81)

tabsyn (AUC = 0.87)
stasy (AUC = 0.94)
tabddpm (AUC = 0.81)
codi (AUC = 0.90)
great (AUC = 0.86)
ctgan (AUC = 0.59)
tvae (AUC = 0.67)

True Positive Rate (positive label: 1)

0.0" False Positive Rate (positive label: 1) 1.0 0.0" False Positive Rate (positive label: 1) 1.0

(a) ROC curve (LG) (b) ROC curve (LU)
Figure 3: Benchmark on d-separations: ROC curves of the
conditional independence test results for Markov equiva-
lent class level evaluation.

Figure [3] visualize the performance differences of these methods on the d-separation conditional
independence tests under LG and LU settings. Notably, TabSyn achieves the second lowest pair-
wise correlation error (LU setting) but does not perform as well w.r.t. the causal-structure scores,
confirming that low-order metrics do not reliably capture multi-variate structural fidelity.
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Table 3: Imputation results for the P38 feature in the Sachs dataset (Sachs et al., 2005}, evaluated
using low-order metrics from [Zhang et al.|(2024), mean absolute error (MAE) and mean squared
error (MSE), across XGBoost (Chen & Guestrin, [2016), MLP, and TabPFN (Hollmann et al.| 2025]).

Low-order XGBoost TabPFN (i)
Col. ER (}) Pair. ER (}) MAE (1) MSE(]) ‘ MAE () MSE(]) ‘ MAE (1) MSE(})
TabSyn 2.54+0.51 2.30£0.71 | 181.46+43.16 2.38¢+05+1.24e+05| 31.844+4.93 2.00e+0442.09¢+03 | 223.84433.52 4.39¢+05+1.51e+05
STASY 12.54+4.72 3.084+1.43 | 106.84+18.03 7.89e+04+3.96e+04 | 28.12+£2.96 1.78e+04+1.02e+03 | 160.28+34.25 2.18e+05+1.15e+05
TabDDPM | 2.66+0.28 1.4240.44 | 108.56+11.35 7.51e+04+1.82e+04 | 28.04+1.32 1.70e+04+1.01e+03 | 151.84414.24 1.88e+05+4.08e+04
CoDi 37.474£3.57 10.03+2.04|315.56+£184.39 4.96e+05+4.26e+05 | 46.894+16.63 2.36e+04+1.18¢+04 | 131.71+£82.44 9.34e+04+8.30e+04
GReaT 16.074+0.23 3.27£0.49 | 275.58+43.68 4.67e+05+1.35e+05| 43.54+7.21 3.75e+0445.86e+4-03 | 217.614+22.92 3.39e+05+8.66e+04
CTGAN 14.57+£1.45 8.5440.64 | 335.084+32.11 7.35e+0548.74e+04 | 45.83+7.13 4.41e+04+7.97e+03 | 363.49+29.36 8.71e+05+8.33e+04
TVAE 13.39+3.00 5.69+1.31 | 283.05+43.09 6.42e+05+1.46e+05| 28.11+£1.80 2.93e+04+9.70e+03 | 228.73+39.58 4.55e+05+1.03e+05

TabPFN (g) | 4.52+0.21 8.17£0.73 | 261.23+£79.17 8.88e405+7.00e+05| 72.514+9.86 6.23e+0442.19e404 | 181.81433.51 3.94e+05+1.79e+-05

Among the DFM-based methods, TabDDPM stands out for strong single-column density estimation
and moderate high-order performance. GReaT sometimes recovers more joint structure (e.g., smaller
SHD), but it can struggle on some conditional independence tasks. CoDi also consistently improves
over classical generators but exhibits variability on certain causal direction metrics. Taken together,
these results highlight that the best model for low-order statistics is not always the best for capturing
high-order causal dependencies. TabPFN consistently performs well w.r.t. the high order metrics,
which possibly could be attributed to the synthetic data it being pretrained on|Hollmann et al.| (2025))
having similarities in terms of causal structures or generation mechanisms, with the benchmarking
data.

To ensure the reported causal metrics are not driven by simple variable ordering biases in the data,
we randomly permute the benchmark dataset columns before training and then restore their original
order for evaluation. Table 2] presents these reordered results under LG and LU settings. The
overall rankings of methods remain largely consistent, implying that state-of-the-art LLM-based or
DFM-based approaches provide better, but still imperfect, recovery of high-order structures relative
to older baselines. Nonetheless, a clear performance gap persists between the reference data and any
synthetic generator on tasks involving multivariate causal metrics.

Results on real-world data. To examine how well the benchmarked models generalize beyond
synthetic settings, we evaluate them on the well-known Sachs proteomic dataset (Sachs et al., 2005),
a widely used benchmark in causal inference with an established ground-truth DAG. Following
common practices in evaluating counterfactual inference and data imputation (Almond et al., 2005}
Hilll |2011} |Geffner et al,[2022), we design a missing-at-random scenario by withholding values of
variable P38, which is known to be causally influenced by PKC. The baseline models are trained on
the observed training partition and then used to generate synthetic datasets for imputing P38.

We evaluate the imputation quality using three regression models: XGBoost (Chen & Guestrin, [2016)),
a shallow MLP, and the tabular foundation model TabPFN (Hollmann et al., [2025) both for generation
(g) and for imputation (i); they are trained solely on the synthetic data and tested on held-out real
observations. As shown in Table[3] performance varies considerably. TabDDPM consistently ranks
among the top performers, achieving the lowest MSE on both XGBoost and MLP regressors. STASY
yields the best MAE with XGBoost, and CoDi provides the strongest TabPFN results. TabPEN (g)
performs poorly in comparison to it’s strong performance in the fully synthetic setting[T} indicating
that high-order metrics alone are not sufficient to address generalisability to real-world settings, but
rather the high- and low-order metrics should be used in conjunction when evaluating tabular synthesis
models, especially when real-world data is concerned. Notably, these results correlate with models’
downstream counterfactual inference scores under synthetic benchmarks (Appendix [D} Table[12),
indicating that high-order causal fidelity does translate into real-world utility for decision-support
tasks.

Despite these observations, no model dominates across all metrics and learners, suggesting that
current methods remain limited in consistently modeling the full structural complexity of tabular
data. This highlights the importance of high-order benchmarking as a tool to guide improvements in
causal-aware synthetic data generation.

6 CONCLUSION

We present a benchmark framework designed to systematically evaluate tabular synthesis models
with respect to their capability of capturing high-order structural causal information. By introducing
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causal graphs as explicit and meaningful prior knowledge, we categorize causal dependencies into
three hierarchical levels, facilitating precise benchmark tasks and metrics. To overcome challenges
associated with ground-truth availability, we develop synthetic benchmark datasets complemented
by causal discovery techniques, enabling robust evaluation across multiple causal dimensions. Our
framework effectively distinguishes the strengths and limitations of contemporary synthesis models,
providing insights for model improvement. Notably, our evaluations reveal that current state-of-the-art
methods, although excelling in capturing lower-order statistical properties, still exhibit significant
gaps in modeling high-order causal structures. These results highlight the necessity for developing
synthesis methods that inherently incorporate structural priors or enforce causal constraints during
training. Ultimately, our benchmark advances methodological rigor in tabular data synthesis and
highlights its relevance to high-stakes domains where causal fidelity is essential. Future work and
limitations are discussed in Appendix [B]

ETHICS STATEMENT

The proposed benchmark framework focuses exclusively on synthetic and publicly available datasets
and does not involve human subjects, personal data, or sensitive information. All benchmark datasets
used in this study were either generated via predefined causal graphs under controlled simulation
processes or drawn from established open datasets that are licensed for research purposes (e.g., UCI
Machine Learning Repository, DELVE repository). No private or proprietary data were used.

Potential negative societal impacts include the possibility of misinterpretation of benchmark results if
applied without consideration of the assumptions underlying causal discovery methods. As discussed
in our limitations (Appendix [B)), violations of these assumptions may affect transferability to real-
world scenarios, and fairness-related concerns are beyond the current scope of this framework. We
emphasize that our benchmark is intended as a research tool to advance the methodological rigor
of tabular data synthesis, rather than as a direct application pipeline. We provide full access to all
experimental code, data, and documentation (shared anonymously as supplemental material during the
review phase and publicly released afterward) to foster transparency, accountability, and responsible
research practices.

REPRODUCIBILITY STATEMENT

We have taken extensive measures to ensure the reproducibility of our results. The benchmark frame-
work (including code, data generation procedures, and documentation) will be made publicly available
after the double-blind review period. For now, we provide the code together with an anonymized
link to the dataset in the supplementary materials. Detailed descriptions of benchmark dataset
generation, causal mechanisms, and noise models are presented in Section [.1] and Appendix [C]
Evaluation metrics for high-order structural causal information, conditional independence, and causal
direction are formally defined in Section with additional details in Appendix

Our experimental settings, including baseline implementations, training configurations, and evaluation
procedures, are described in Section [5.1] and Appendix [D} Results are reported with mean and
standard deviation across multiple random seeds and bootstrapped datasets, reducing variance due to
randomness. To mitigate variable-ordering bias, we conducted experiments with randomized column
orders (Appendix [D.3). We also include experiments on real-world datasets to assess external validity
(Appendix [D.4). Together, these measures ensure that independent researchers can reproduce and
verify our findings with the provided resources.
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Appendix of Causality for Tabular Data Synthesis:
A High-Order Structure Causal Benchmark Framework
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A BRIEF INTRODUCTION OF CAUSAL DISCOVERY

Causal discovery aims to determine causal relationships purely based on observational data by
leveraging their statistical properties under proper assumptions (Spirtes et al., [2000; Peters et al.}
2017). The methodology of causal discovery can be characterized into constraint-based, score-based,
and Functional Causal Model (FCM)-based methods (Glymour & Zhang|,2019). Constraint-based
methods, such as PC and FCI algorithms, apply conditional independence tests to each pair of
variables and infer causal skeletons and causal directions based on certain rules (Spirtes et al.,
2000). Score-based methods|Chickering (2002); [Huang et al.|(2018)) formulate causal discovery as
an optimization problem and optimize score functions by searching in the space of DAGs. Many
deep learning-based methods (Zheng et al.| 2018} Ng et al.| [2022) can be considered as score-based
ones. Under Markov and causal faithfulness assumptions, constraint-based and score-based methods
identify causal graphs up to certain equivalence classes. For example, suppose that there are no
unknown confounders, PC algorithm identifies the Markov equivalence classes of causal DAGs as
CPDAG:ES, and the results of score-based method GES (Chickering} 2002} also converge to Markov
equivalence classes. To further identify causal relationships in the same equivalence class, FCM-
based methods impose additional assumptions of functional classes and distributions on the data
generation processes. The most flexible and identifiable FCM is proposed by |[Hoyer et al.| (2008).
Common FCM-based methods (Shimizu et al., 2006; Hoyer et al.| 2008)) are based on the bivariate
case determining the cause and the effect between two variables. For example, one can fit two FCMs
in different directions and select the one with large likelihood on the observational data. There are
also multivariate FCM-based methods, such as LINGAM (Shimizu et al., |2006) that assumes that the
FCM is a linear non-Gaussian model.

Assumptions of causal discovery methods. Throughout the paper, we frequently mention proper
assumptions without explicitly stating them. This is because assumptions for different causal
discovery methods are different and some of them involve specific and technical details such that
consistently stating them would make the paper unnecessarily complicated and more difficult to
follow. For the sake of brevity and clarity, we use "under proper assumptions" in general. The
involved assumptions on the causal skeleton level:

* The identifiability conditions of PC algorithm (Spirtes et al., 2000; |Peters et al.,[2017).
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The involved assumptions on the causal direction level:

* The identifiability conditions of additive noise models (Hoyer et al., 2008));
* The identifiability conditions of post-nonlinear models (Zhang & Hyvirinen, [2009);
* The identifiability conditions of LINGAM (Shimizu et al.,[2006).

Potential negative societal impacts. Since real-world scenarios are always violating the proper
assumptions in different ways, the benchmarking results need to be carefully interpreted together
with the causal discovery assumptions. Considering the potential violation of the assumptions for
specific applications is necessary for a proper usage of the benchmark framework. Although we
conduct experiments on real-world data, as shown in Tables [3]and [20] that show an indication of the
transferability of the framework to real-world settings to some extent, we advice against concluding
that this transferability always holds, as our experiments on this are not exhaustive and merely a first
attempt at bridging this gap. While the proposed framework accounts for certain biases (e.g., variable
ordering bias) in evaluating baseline models, broader concerns such as fairness are beyond the current
scope and represent valuable directions for future work. We suggest using separate evaluation and
mitigation techniques to compliment the proposed framework in order to address this, prior to any
application of the baseline models.

Best Practices in using causal discovery methods for benchmarking on high-order causal
structural information. Benchmark datasets with linear relationships and simple distributions
(e.g., Gaussian and uniform distributions) are good enough for distinguishing models in terms of
capturing causal information. Moreover, the conditional independence tests in constraint-based
causal discovery methods can be efficiently applied to datasets with linear relationships; whereas,
the kernel-based tests for the datasets with nonlinear relationships are only feasible when the sample
size is around 1000. As for the application of bivariate causal discovery methods, we find that the
methods without requiring training models are more efficient for the purpose of evaluation and can
provide a reasonable evaluation results. And in general, their results do not vary a lot, and do not
require bootstrapping for an error bar.

B LIMITATIONS AND FUTURE WORKS

This work aims at establishing the foundation of benchmarking tabular synthesis models on causal
information and future works can consider to further address some limitations. We conducted initial
experimentation with respect to discrete data in Table [5] but we suggest to expand the benchmark
framework with more generation and discretisation processes in addition to mixed data types while
satisfying Conditions (i) and (ii) while including more baseline methods. Current benchmark datasets
are based mainly on causal mechanisms LG, LU, SG, and NG, and our experimental setup uses
N = 100720 variables which could be easily expanded as IV is a configurable parameter in our
benchmark framework. Although for the purpose of this paper, it is sufficient with our current setting,
it may not be suitable for specific applications or other use cases. Additionally, since this work is
based on a general consideration of causal relationships without a specific downstream application,
we only choose general benchmark tasks and metrics based on causal discovery algorithms. It
is worthwhile to design more task-specific benchmark tasks and metrics when there are specific
downstream applications of synthetic tabular data. Moreover, the current experiment setting is too
ideal compared with real-world scenarios. More factors can be considered so that benchmark datasets
are close to real-world cases. For example, we currently assume that all the variables of a causal graph
are known; however, it is not always the case in real-world scenario. And future works can consider
to include unknown confounders. Last but not least, our evaluation is limited by the assumptions of
causal discovery algorithms, because causal information used for evaluation is not the direct outputs
of tabular synthesis models but is extracted by causal discovery methods. For example, we use
causal DAGs instead of causal graphs because common causal discovery methods rely on the DAG
assumption and the purpose of the work is to evaluate synthesis models, for which the validity is more
important than the flexibility of structural causal models. And the mixed data type of continuous
and discrete data is not included in the benchmark because there is still lack of studies in causal
discovery on such data. This also motivates the research studies in causal discovery domain, which
have potentials for modelling tabular data and evaluating synthesis models.
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Furthermore, as demonstrated in (Reisach et al.| 2021), existing graph simulation methodologies,
including those applied in this study, exhibit notable limitations. In particular, the widely used Erdds-
Rényi model for generating random DAGs does not produce a uniform distribution over the space of
possible graph structures. This highlights the importance of further examining the transferability of
the framework to real-world scenarios and supports the investigation of alternative graph simulation
strategies that address the limitations identified in (Reisach et al., 2021).

C DATA GENERATION PROCESSES OF BENCHMARK DATA

The causal mechanisms for linear, sigmoid, and neural network-based functional relationships are

X, = Wi XP'" 4 Ex;; @
X, = Wi-o(Wy - (XP™ @ Ex,)); @)

where & is concatenation, and W;, W7y,, and Wo; are weight matrices.

To generate a discrete value with K categories of X{*5¢-, we first generate a continuous value, then
compute the probability of each category as Equation equation[5} and sample from the categorical
distribution as Equation equation [6]

prob;, = softmax(c(W;x-X:)); ©)
Xidisc. ~ C(probl,...,prObK)a ©

where X; is a continuous-valued variable, Xfisc' is a discrete-valued variable, o is the sigmoid
function, W; i is a random weight for each category of X{*°¢-, C denotes a categorical distribution
with parameters proby for £k = 1,..., K. The results of applying this procedure for the linear
gaussian setting are available in Table 3]

D MORE EXPERIMENTS

D.1 HARDWARE, DATASETS, SOFTWARE, AND IMPLEMENTATION

Hardware. We used one NVIDIA RTX 2080 Ti for the benchmarking results for the non-reordered
benchmarking using 10 variables. A Google Cloud g2-standard-32 virtual machine with an NVIDIA-
L4 accelerator was used for the discretized, additional variables and Sachs benchmarking.

Implementation of the benchmark framework. Our benchmark framework is available at URL
https://github.com/TURuibo/CauTabBench.

Baseline methods. Baseline methods are implemented based on the repository https://
github.com/amazon-science/tabsyn of (Zhang et al.,|2024). As shown in Table 4} we
evaluate the synthetic datasets with the metrics in (Zhang et al.,|2024) as the reproduced results for a
sanity check and a reference for other works. We used the training configurations provided for the
"Magic" dataset (Bockl 2007) to train baseline methods.

Benchmark dataset generation. We modify CausalDiscoveryToolbox for generating
benchmark datasets with randomly generated causal DAGs. For demonstration, we used the config-
uration, variable types, number of variables, and sample size of a real-world dataset (Bock| [2007]),
which is also used for our evaluation of real-world datasets. 10 causal DAGs are randomly generated
and each has 10 nodes representing continuous variables and 1 node representing a binary variable.
The binary variable in (Bock, [2007) is the classification target variable. For each causal DAG, we
generate benchmark datasets of which the sample size is 17,117. We find that there is a lack of
implementation for causal discovery methods in the presence of mixed data types; hence, we generate
the binary variable independent of all other variables. In this way, we train the baseline methods on
11 variables and evaluate on 10 continuous variables by dropping the binary one, reducing the binary
variable’s influence on the evaluation. We used random seeds from 100 to 109 to generate the 10
causal graphs and their corresponding benchmark datasets.
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Table 4: Benchmark on low-order statistics. Values are mean and standard deviation of metric values
(error rate (%) of single column density, error rate (%) of pair-wise correlation score, a—precision,
[—recall) over 10 random causal DAGs.

(a) Linear Gaussian (b) Linear uniform

Col. Pair. a-precision B-recall Col. Pair. a-precision [-recall
TabSyn 2.11+1.08 0.61£0.21 9841+1.39 49.34+9.09 TabSyn 1.88 £0.87 0.454+0.28 98.40+1.01 49.81+0.95
STASY 12.42+£3.27 1.31+£0.81 93.93+£3.92 43.67+£5.49 STASY 11.90 £5.72 1.18+£0.59 93.71+£5.70 47.37 +2.62
TabDDPM | 0.69 +£0.12  0.62+0.54 99.34+0.14 50.00 + 0.40 TabDDPM | 0.98 +£0.63  1.07+2.27 99.24+0.35 41.06+18.73
CoDi 4424083 080+0.43 84.60+3.13 58.50£2.02 CoDi 8.01+£1.55 1.75+£1.52 66.48£2.37 59.84 £ 2.56
GReaT 841+0.73 0.76+0.26 81.55+6.78 51.49+1.18 GReaT 9.56£0.73  0.56+£0.22 96.22+0.84 46.17 £1.09
CTGAN 4.70 £ 0.78 3.76 £0.63 88.29+4.09 13.23+9.09 CTGAN 4.71 £ 0.50 3.52+0.50 92.35+2.37 8.06+8.69

TVAE 4.51+1.64 1.93+0.64 87.17+£9.68 30.77+£10.16 TVAE 6.33 & 1.69 2.524+1.17 92.78 +3.83 14.99 £ 10.87
TabPFN 1.63 £0.17 0.30£0.09 93.94+1.55 51.97+0.24 TabPFN 2.04 £0.40 0.30+£0.10 98.254+0.74 50.10 & 0.43
(c) Sigmoid Gaussian (d) Neural network Gaussian
Col. Pair. a-precision [-recall Col. Pair. a-precision [-recall

TabSyn 1.834+0.84 049+0.20 98.64+1.05 49.37+0.64 TabSyn 1914£0.62 057+£023 9841+£1.19 48.93+£0.75
STASY 1248 +£5.13 1.52+0.43 92.77+6.81 44.83+3.78 STASY 10.25+£2.80 1.74+£0.87 9257 £6.11 47.55+2.99
TabDDPM | 0.85+£0.14  0.40+0.30 99.18 +0.40 49.83 +0.69 TabDDPM | 0.75 £ 0.11 0.30£0.11  99.16 £0.32  50.27 +0.87

CoDi 5.96 +2.53 1.14+£0.29 92.86 £4.46 61.66+2.28 CoDi 6.72+£2.73 1.16 £0.59 86.91+£6.90 58.71+ 3.76
GReaT 8.51 £2.03 1.45+£0.72 86.12+5.82  50.65 4+ 2.58 GReaT 7.36+1.35 1.34£0.44 8740+£5.86 48.15+4.07
CTGAN 4.75 £ 0.51 3.16 £0.35 89.44+4.16 23.01+6.96 CTGAN 4.79+£059  3.92+1.86 89.49+3.95 11.13+10.92
TVAE 4.86 +0.93 1.46 £0.50 89.70+5.98 41.38+6.49 TVAE 5.27 +1.61 1.78+0.70 90.38+6.74 22.04 £ 15.71

TabPFN 1.614+0.12  037+0.10 94.16+1.05 52.14 +0.64 TabPFN 1.60£0.11  046+0.15 9497+1.40 51.814+0.57

Causal discovery and inference methods for evaluation. causal-learn(Zheng et al.l2024)
is used to evaluate the causal skeleton level and Markov equivalent class level. The conditional
independence test is Fisher’s-Z tests for datasets with linear relationships and is kernel conditional
independence tests for datasets with nonlinear relationships. CausalDiscoveryToolbox]is
used for the causal direction level. And DoWhy (Sharma & Kiciman, |[2020; Blobaum et al., [2022) is
used for the evaluation on the causal inference downstream tasks with additive noise models.

20 node and discrete and discrete experiments To investigate how the size of the DAG impacts
the framework, we extend the experiments to 20 nodes (see Table @ Furthermore, to investigate
whether the framework generalizes and can be employed for discrete data, we apply the proposed
discretization procedure (see Appendix [C) to generated datasets prior to training the baseline models
and evaluating them using the framework (Table [5).

Real-world datasets used for the evaluation. We used 4 real-world datasets for the evaluation,
which are suitable for our evaluation on the high-order structural causal information. Because they
are based on linear relationships and continuous variables with a causal semantic context. They are
Beijing (Chen, [2017), Magic (Bock,2007), House (Torgo, |2014])), and Parkinsons (Tsanas & Littlel
2009). These datasets are licensed under a Creative Commons Attribution 4.0 International (CC BY
4.0) license.

D.2 MORE DETAILS AND BENCHMARKING RESULTS

The results in Table @] show that CoDi stands out for its robust S-recall. However, this model tends
to lag in a-precision when compared to state-of-the-art results. On the other hand, TabDDPM and
Tabsyn achieve the lowest single column density estimation and pair-wise correlation errors. This
suggests their ability to handle also the joint probability distributions between columns. Furthermore,
STASY shows limitations in terms of single column density estimation task, having the highest error
rates across all datasets and causal mechanisms.

As for benchmarking on the causal skeleton and Markov equivalent class level, we use Fisher’s
Z-test and the kernel independence test for datasets with linear and nonlinear functional relationships,
respectively. Because it is not feasible to apply kernel independence tests to datasets with large
sample sizes. Our experiments only include the results with small sample sizes, e.g., 1500. Since
such conditional independence tests are more reliable with larger sample sizes, the performance of
baseline methods on the nonlinear datasets is less distinguishable and not as informative as the results
on the linear datasets as shown in Table[§|and Table[9] As for the causal direction level, we apply 3
bivariate causal discovery methods: RECI (Blobaum et al.2018), IGCI (Janzing et al., [2012), and
CDS (Fonollosa, [2019) and use the best result of them as the final metric value in Table
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Table 5: Discretized data (see Appendix |C) Results. |5a Values are mean and standard deviation of
metric values (error rate (%) of single column density, error rate (%) of pair-wise correlation score,
a—precision, S—recall) over 10 random causal DAGs. [5b|Benchmark on causal skeletons. Values are
mean and standard deviation of metric values (SHD, F1 score, recall, and precision) over 10 random
causal DAGs. Each metric value on a causal graph is the average value over 5 bootstrapping datasets.
Causal direction level and Interventional downstream tasks.

(b) Skel
(a) Low-Order
§ _ _ Adj F1 Precision Recall
Col. Pair. a-precision _J-recall ref. 26.30£599 0.23£005 0.15%006 0.21E0.00
TabSyn [ 2I4L£0.66  494£078 — 99.00£057 7060£0.65 TapSyn | 27.46 £4.82 0.22£0.06 0.17£0.06 0.20=0.10

STASY 24.294+5.34  3483+7.33 88.49+5.35 55.99+4.80 STASY 35304+ 4.08 0.23+0.04 0.30+0.05 0.19+0.06

TabDDPM | 1.05 £ 0.09 4.62 £0.05 99.33+0.27  68.8240.45 . .
CoDi 23144147 3760+ 1.57 54.33£8.70 47.66 £1.35 TabDDPM | 2646 +3.41  0.21+0.03  0.14:4£0.06  0.19+0.11

CoDi 3096 +£5.15 0.26+0.10 0.30+0.11 0.234+0.12
GReaT L17+£0.10 4644008  98.47+046 69.22+0.44
CTGAN | 2206+083 3501080 9201£397 5085135 OReaT | 25964476 0214002 016005 021008
TVAE 83.96+16.89 95.38+10.63 18.02+7.09 1.61+4.68 CTGAN | 53.8246.68 0.30£0.06 0.67+0.16 0.20+0.05
TabPFN 18.11 + 0.61 925.76 +0.90  90.22 4522  60.30 & 1.05 TVAE 69.04£9.87 0.33£0.09 0.96+0.13 0.20+£0.06

TabPFN | 28.944+4.29 0.22+0.07 0.21+£0.08 0.20 £ 0.10
(c) High-Order

MECAUC RECI IGCI CDS Intv
ref. 0.500 0.518 0.482 0464 9.50+0.3
TabSyn 0.500 0.607 0.393 0.589 10.37£0.6
STASY 0.500 0.643 0.357 0.679 55.01+15.3
TabDDPM | 0.501 0.500 0.500 0.429 9.77+£0.3
CoDi 0.505 0.482 0.429 0.429 58.12+174
GReaT 0.499 0.482 0.536 0.589 9.80£0.3
CTGAN 0.503 0.589 0.393 0.482 47.72+£9.7
TVAE N/A* 0.036  0.089 0.071 204.75+61.8
TabPFN 0.499 0.446 0.536 0.554 38.44+4.1

*Note: TVAE suffers from severe mode-collapse for the discrete data, collapsing to a single repeated row across all samples, causing MEC AUC to be incalculable using
the framework and largely explains the poor performance for the other metrics.

Table 6: 20 nodes/variables Results @Mean and standard deviation of metric values (error rate (%)
of single column density, error rate (%) of pair-wise correlation score, a—precision, J—recall) over
10 random causal DAGs. [6bl Benchmark on causal skeletons. Values are mean and standard deviation
of metric values (SHD, F1 score, recall, and precision) over 10 random causal DAGs. Each metric
value on a causal graph is the average value over 5 bootstrapping datasets. [6c|Causal direction level
and Interventional downstream tasks.

(a) Low-Order (b) Skel

Adj F1 Precision Recall

ref. 13.18 &+ 3.90 0.834+0.04 0.86+0.09 0.82+0.07
TabSyn 28.14 £6.67 0.68£0.06 0.81+0.10 0.60£0.09
STASY 43.72 £ 8.64 0.58 +0.07 0.80+0.10 0.46 £ 0.09
TabDDPM | 56.144+15.46  0.51£0.09 0.78+£0.15 0.39+0.07

Col. Pair. a-precision [-recall

TabSyn 2.10£1.08 0.58+0.28 98.45+1.09 49.54+0.54
STASY 8.77+£224 1.14+£0.19 9589+213 51.64+3.51
TabDDPM | 0.99+0.21 1.77+1.13 98.13+0.53 49.8440.88

CoDi 5784073 1.06+0.25 72.12+4.48 70.37+1.83 )
' CoDi 4824+ 14.64  0.55+0.10 0.77+0.09 0.44+0.12
GReaT 8.60+0.47 1.294+0.99 7580+5.88 58.70+2.17 e N ) . - X
[ ” ppe ! GReaT 31.64+745  0.64+0.06 0.77+0.09 0.56+0.06
CTGAN | 5424084 3.55+0.52 81.14+4.65 10.49 + 6.56 - N ) ;
TVAE 120 L0179 5931077 88654428 24651108y CTGAN | 10264+13.57 0.37+0.05 0.83+011 0.240.03
. : . - 6544, bo £ 0. TVAE 7426 +15.61  0.464+0.06 0.85+0.11 0.32+0.04

TabPEN 167+£014 043+010 91784157 53154073 TabPFN 14.474+4.89 0.814£0.05 0.8740.07 0.77£0.07

(c) High-Order

MEC AUC RECI IGCI CDS Intv
ref. 0.980 0.454 0.378 0.487 3.30 £0.0
TabSyn 0.915 0.597 0.487 0.496 4.66 £1.7
STASY 0.843 0.521 0.546 0.496 19.51+£5.5
TabDDPM | 0.720 0.513 0.597 0.496 5.33 £2.6
CoDi 0.823 0.563 0.479 0.538 7.01£2.2
GReaT 0.812 0.395 0.597 0.588 11.48£0.9
CTGAN 0.550 0.630 0.471 0.462 13.46+18
TVAE 0.599 0.605 0.487 0.546 9.04+£2.8
TabPFN 0.963 0.455 0.505 0.525 3.46£0.1

D.3 MORE DETAILS AND BENCHMARKING RESULTS AVOIDING VARIABLES ORDERING BIAS

Tables [I3] [T4] [16] T3] [I7} and [I§] present a more detailed view of benchmarking results avoiding
ordering bias. To ensure unbiased modeling of causal information evaluation and avoid information
leakage from data ordering as per the DAG, we randomly shuffle the variables of the benchmark data
and train the synthetic tabular data model. This is done per seed such that the order of the benchmark
dataset’s columns is randomized, this ensures all synthesis models have consistent training data
with a different order for every seed evaluted. This prevents the synthesis models from exploiting
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Table 7: Imputation of the P38 feature for the Sachs dataset Sachs et al.|(2005). Metrics are Low-
order metrics from Zhang et al.| (2024), r? coefficient of determination, mean absolute error (MAE)
and mean squared error (MSE), the models evaluated are XGBoost/Chen & Guestrin| (2016), a simple
MLP and TabPFN Hollmann et al.| (2025)).

(a) Low-Order (b) XGBoost
Col. Pair. «-precision B-recall r MAE MSE
TabSyn 254051 230£0.71 98.17+£096 4854+1.06 TabSyn 002 £ 181 BT EI6 233 T 051000705
STASY 12544472 3.08+1.43 91.78 +297 4825+7.58  STASY 0.87 +0.08 106.84 £ 18.03  7.89¢ + 04 = 3.96¢ + 04
TabDDPM | 2.66 £0.28  1.42+£0.44 93.26+£0.92 77.48+1.90  TabDDPM | 0.88 +0.03 108.56 £ 11.35  7.51e + 04 + 1.82¢ + 04
CoDi 37.47+3.57 10.03+£2.04 57.39+£4.89 3221+4.69  CoDi 0.57 +0.31 315.56 + 184.39  4.96¢ + 05 + 4.26¢ + 05
GReaT 16.07+£0.23 327+049 77.10+046 43.66+0.59  GReaT 0.23 +0.24 275.58 £43.68  4.67¢ + 05 £ 1.35¢ + 05
CTGAN 1457+ 145 854+0.64 91.554+4.08 23.33+180  CTGAN | —2257+27.91 335.08+32.11  7.35¢ + 05 + 8.74e + 04
TVAE 13.39+£3.00 5.69+1.31 85.22+3.22 3646+1.93  TVAE ~10.98 +£12.03 283.05+£43.09  6.42¢ + 05 % 1.46¢ + 05
TabPEN 4524021  817+0.73  94.66+0.89 50.46+0.48  TabPEN ~5.05+529  261.23+79.17  8.88¢ + 05 % 7.00e + 05
(c) MLP (d) TabPEN
r __MaE __ MSE ] T MAE MSE
TabSyn 0.14+0.56 31.84+£4.93  2.00e +04£2.09 + 03 ~TpSyn | —4.73£7.33 22381 £ 3352 4.39¢ 1 05 £ 1.51¢ + 05
STASY 0.47£0.08 28124296  1.78¢ +04+£1.02¢ +03  gTASY —0.07 + 1.71 160.28 4 34.25  2.18¢ + 05 + 1.15¢ + 05
TabDDPM | 0.47 4 0.06 28.04£1.32  1.70¢ + 04+ 1.0le+03  TabDDPM | 0.57 £ 0.18 151.84+14.24  1.88¢ + 05 + 4.08¢ + 04
CoDi 0.45 4 0.08 46.89 +16.63 2.36e +04+1.18¢+04  CoDi 0.89+0.10 13171+ 8244 9.34e + 04 + 8.30¢ + 04
GReaT —1.134£0.70 43.54+721  3.75e +04+£5.86e+ 03  GReaT ~1.07 +0.96 217.61 422,92 3.39¢ + 05 = 8.66¢ + 04
CTGAN —15.53 4+ 8.47 45.83+7.13 4.41e + 04 + 7.97¢ + 03 CTGAN —3885.74 £ 6312.95 363.49 £29.36 8.71le 4 05 &+ 8.33¢ + 04
TVAE 49294827 928.11+1.80 2.93¢+04+9.70e+03  TVAE —4.24+4.71 228.73 4+ 39.58  4.55¢ + 05 + 1.03¢ + 05
TabPEN 9384119 T251+986 6.923¢+04+219¢ 4+ 04 _TbPEN | —2.92+4.00 181.81 4 33.51  3.94¢ + 05 + 1.79 + 05

Table 8: Benchmark on causal skeletons. The values represent mean and standard deviation of metric
values (SHD, F1 score, Recall, and Precision) over 10 random causal DAGs. Each metric value on a
causal graph is averaged over 5 bootstrapping datasets.

(a) Linear Gaussian (b) Linear uniform
Adj F1 Precision Recall Adj Fl Precision Recall
ref. 348E1.69 090£006 092L007 089E0I1 ref. 1041250 089£007 091£009 0.88%0.10
TabSyn 1296 £4.92 071 £0.12 088+009 061L0.16  TabSyn 316£539 0.71£0.08 0.89£0.10 0.60 £ 0.10
STASY 16444919 0.68+0.17 0944007 0.56+0.19  STASY 14.80+£4.02  0.67+0.10 0.89+0.11 0.56+0.12
TabDDPM | 14.16 £8.28 0.70+0.12 0.86+0.11 0.61+0.14  TabDDPMm | 10.52+5.37 0.77+0.07 0.91+0.09 0.67+0.10
CoDi 12324329 0.72+£0.10 0924009 0.60+£0.13  CoDi 11124422 0.74+0.09 0.93+0.09 0.64+0.11
GReaT 10.96 £3.53 0.754+0.04 0.93+0.08 0.64+0.05  GReaT 13484570 0.70+0.05 0.87+0.09 0.60 +0.06
CTGAN | 35.04+581 0.46+0.06 0884013 0324006 CTGAN 29.60+£6.69 0.51+0.08 0.89+0.13 0.37+0.07
TVAE 23.32+£7.00 058+0.06 0.89+0.08 0.43+0.07 TVAE 25.28 £6.56 0.55+0.07 0.89+0.12 0.41+0.06
TabPFN 4284212  0.88+0.07 0.9240.09 0.85=+0.09 TabPFN 484+3.76  0.88+0.06 0.92+0.11 0.86=+0.07
(c) Sigmoid Gaussian (sample size: 1500 ) (d) Neural network Gaussian (sample size: 1500)
Adj Fl1 Precision Recall Adj Fl1 Precision Recall
ref. 204E1.46  0.95£0.03 094L0.06 095004 ref. 528L£3.15 085 £0.07 081£0.15 093 E0.07
TabSyn 300120 0.92+002 096+0.04 089EF0.05  TabSyn 6.12£3.36  0.84£0.06 0.89 %008 0.82F0.09
STASY 4324212 0.88+007 095+0.06 084+0.11  STASY 6.32+3.79  0.83+£0.07 0.81+0.14 0.87+0.07
TabDDPM | 2.88+1.26  0.924+0.03 0.95+0.06 091+0.06 TabDDPM | 548 +3.21  0.85+0.07 0.81+0.14 0.91+0.05
CoDi 516+229 0.87+0.06 096+0.05 0804011  CoDi 6.68+275 0.82+0.05 0.86+0.11 0.82+0.09
GReaT 488+321 0874007 0924010 0844006  GReaT 5924228 0.84+0.05 0.86+0.09 0.84+0.07
CTGAN | 2040 +3.58 0.61+0.05 0.94+007 046+0.06 CTGAN | 23.28+5.63 0.58+0.04 0.92+0.08 0.43+0.04
TVAE 11124407 0.75+£0.08 0.96+0.05 0.63+0.11  TVAE 14724383 0.69+0.08 0.93+0.08 0.56+0.09
TabPFN | 270+ 1.07 0934002 0.94+006 092+0.04  TabPFN | 542+3.73 0.85+0.09 0.80+0.15 0.93+0.05

Table 9: Benchmark on d-separations: Area under the curve scores (AUC) of ROC curves. sz
represents the sample size.

ref. TabSyn STASY TabDDPM CoDi GRealT CTGAN TVAE TabPEN
LG (sz 15000) | 0.972  0.927 0.930 0.814 0.917 0.921 0.566 0.703  0.970
AUC LU (sz 15000) | 0.967 0.871 0.936 0.815 0.902 0.860  0.588 0.669  0.928
SG (sz 5000) | 0.982 0.974 0.963 0.982 0.956  0.964  0.559 0.826  0.977
NN (sz 5000) | 0.986 0.890 0.972 0.957 0.909 0.943  0.566 0.752  0.967

the original causal order. After synthetic data generation, we reverse the shuffling of the columns
to restore the original order corresponding to the data generated from the DAG. This ensures the
evaluation of high-order causal discovery metrics remains consistent.

D.4 BENCHMARKING ON REAL-WORLD DATASETS
As for evaluating baseline methods on real-world data, there is no ground-truth causal DAG available

G9°; hence, we consider the results of causal discovery methods on all the training data as pseudo
labels. In this way, conclusions should be made carefully enough, because a worse performance
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Table 10: Benchmark on the causal direction level.

(a) Evaluation with the accuracy (1) of recovering (b) Evaluation with LINGAM on linear uniform distri-
causal directions. bution data (bootstrapping times 5).

LG LU SG NN SHD () FIL (D

ref., 050 1.00 096 089 ref. T.04+£085 0.94+004
TabSyn 050 0.95 0.98 001 TabSyn 21.66 £5.75 0.41 £0.06
STASY 0.70 0.95 0.96 0.93 STASY 20.66 +4.99  0.45 & 0.10
TabDDPM | 0.54 1.00 0.86 0.91 TabDDPM | 15.86 +8.74 0.51 +0.14
CoDi 0.59 091 089 0.86 CoDi 18.54 £5.08 0.45 %+ 0.10
GReaT 055 093 091 050 GReaT 13.624+9.24 0.57+0.11
CTGAN | 0.55 0.82 0.86 0.77 CTGAN | 33.64£5.02 0.2640.07
TVAE 0.54 0.84 086 0.80 TVAE 26.62 +8.15  0.29 £ 0.08
TabPEN | 0.66 0.96 0.96 0.91 TabPFN | 2.44+£2.62 0.88+0.11

Table 11: Benchmark on causal discovery directionality using LINGAM under two different data-
generating assumptions with sample size 15000 and bootstrapping 5.

(a) LINGAM on linear uniform data. (b) LINGAM on linear Gaussian data.

SHD F1 Precision Recall SHD Fl Precision Recall
ref. 1.04 £0.85 0.94+0.04 0.98+0.03 0.92+0.05 ref. 15.42+7.01 0.38+0.06 0.49+0.05 0.32+0.07
TabSyn 21.66 £5.75 0.41+0.06 0.85+0.09 0.28+0.05 TabSyn 27.74 £5.14 0.26 £0.07 0.51+£0.17 0.17£0.05
STASY 20.66 £4.99 0.45+0.10 0.96+0.10 0.30+0.08 STASY 31.92 +4.55 0.21 +£0.07 0.45£0.13 0.13 £0.06
TabDDPM | 15.86 +8.74 0.51+0.14 0.76 £0.08 0.39+0.14 TabDDPM | 26.64 +10.34 0.24+£0.09 042+0.11 0.18+0.08
CoDi 1854 £5.08 0.45+£0.10 0.84+£0.15 0.31£0.08 CoDi 29.66 £5.12 0.24 £0.08 0.50£0.13 0.16 £ 0.06
GReaT 13.62+9.24 0.57+0.11 0.84+0.05 0.44+0.11 GReaT 18.18 +8.97 0.36 £0.06 0.52£0.08 0.28 £0.07
CTGAN 33.64+£5.02 0.26+0.07 0.69+0.22 0.16 +0.04 CTGAN 36.00 & 6.40 0.20£0.06 0.54+0.17 0.13£0.04
TVAE 26.62+8.15 0.29+0.08 0.63+0.18 0.19+0.05 TVAE 29.60 £847 0.20£0.05 0.42£0.12 0.13+£0.04
TabPFN 2.44+2.62 0.88+0.11 0.95+0.08 0.83+0.13 TabPFN 14.66 +6.16 0.38+0.07 0.484+0.09 0.33+0.07

Table 12: Benchmark on interventional and counterfactual tasks with sample size 1000. Values are
100x AMAESs (average mean absolute errors).

(a) Intervention inference. (b) Counterfactual inference.

LG LU SG NN LG LU SG NN
ref. 316£02 3.07+0.2 3.3+0.1 3.3+£0.2 ref. 0.04£0.0 0.03+0.0 0.32+0.2 0.23+0.1
TabSyn 473E£1.8 421+11 46+1.1 47+0.8 TabSyn 056 £0.4 045+0.7 0.88+04 0.90+0.5
STASY 26.66 £7.1 2386+11.1 25.7+10.5 21.3+5.8 STASY 0.65+04 044+0.3 146+08 1.63+£0.9
TabDDPM | 4.13 £ 1.2 3.48 £0.6 42+04 3.8+04 TabDDPM | 1.12+1.3 046+0.7 1.20+0.6 0.75+£0.3
CoDi 525+1.6 3.82+£0.6 10.2+4.2 9.5+£3.9 CoDi 0.67+08 058+04 094+04 1.53+£0.7
GReaT 9.77+0.7 11.20+1.2 9.9+3.0 9.3+£22 GReaT 093+05 058+04 147+06 2.60+1.4
CTGAN 15.02+8.9 10.89+3.2 10.8+22 13.0+3.6 CTGAN 858 +7.7 4.96+33 5.02+22 7.56+3.8
TVAE 9.52£5.2 12.22 +3.4 71+13 9.4+27 TVAE 522+39 540+3.6 250+14 453+£25
TabPFN 3.35+£0.3 3.87+£0.5 3.95+£0.4 4.12+£0.7 TabPFN 0.21+0.1 0.18+0.1 0.56+0.2 0.76+0.4

Table 13: Benchmark on low-order statistics avoiding variables ordering bias. Values are mean
and standard deviation of metric values (error rate (%) of single column density, error rate (%) of
pair-wise correlation score, a—precision, S—recall) over 10 random causal DAGs.

(a) Linear Gaussian (b) Linear uniform

Col. Pair. «a-precision B-recall Col. Pair. a-precision [-recall
TabSyn 1.68 £0.55 1.40+286 98.61+1.11 46.05+11.56 TabSyn 1.73+£092 0.45+0.27 98.78+0.78 49.61 +1.55
STASY 10.61£5.95 1.85+£2.99 95.08+5.63 44.19+11.55 STASY 8.82+£3.25 1.17+£0.55 95.72+£290 48.71+258
TabDDPM | 0.82+0.15  0.52+0.38 99.10£0.65 50.32£0.38 TabDDPM | 0.87 £0.14 0.37+£0.36 99.38£0.25 49.54 £0.94
CoDi 5.26 & 2.41 1.77+2.89 85.29+3.44 57.41+16.47 CoDi 9.19+£252 1.65+142 65.09+418 61.27+4.16
GReaT 8.74+027 0.99+039 80.43+6.34 52.67+1.16 GReaT 941+£0.83 044+£0.11 96.02+1.40 45.76+1.02
CTGAN 5.67+0.57 4.17+091 86.89+5.62 14.75+10.47 CTGAN 5.75+£0.97 454+£229 91.99+3.29 5.23+6.89
TVAE 426+1.70 237+1.23 88.504+7.21 34.82411.47 TVAE 498+1.52 235+£0.75 94.34+£235 10.43+10.45
TabPEN 1.59+0.17 043+£0.34 94.27+£1.52 52.10+0.41 TabPFN 1.82+0.62 0.35+0.12 98.734+0.54 50.44 £+ 0.76

(c) Sigmoid Gaussian (d) Neural network Gaussian

Col. Pair. a-precision [-recall Col. Pair. a-precision [-recall
TabSyn 1.62 £ 0.60 0.60 £0.33 98.64 £0.82 49.55+0.52 TabSyn 246 +£226 3.08+£7.96 9847+1.72 4487+1491
STASY 10.06 £2.57 1.71+0.83 93.42+3.53 46.18 £5.20 STASY 7.69+234 3.98+8.11 96.15+3.12 43.47+14.71
TabDDPM | 0.93 +0.13 046 £0.21 98.93+0.64 49.95+0.53 TabDDPM | 0.87+0.14 0.414+0.24 99.07+0.37 50.48 4+ 0.58
CoDi 7.46 £2.43 1.58+0.90 91.96+2.73 65.53 +3.02 CoDi 7.024+219 3.53+7.68 86.73+2.74 54.64+18.31
GReaT 9.53 £2.58 1.69+1.09 89.33 £3.57 49.42+2.10 GReaT 7.46+2.65 3.814+784 87.83+4.43 43.65+14.84
CTGAN 582+1.14 384+0.73 88.81+3.11 1840+6.49 CTGAN 6.05+1.99 6.86+£6.95 90.15+£3.40 7.05+£5.88
TVAE 4.65 £ 0.67 1.64+0.74 92.06 £3.14 37.86+6.24 TVAE 553+£1.59 420+£7.34 90.26+4.45 20.56 +12.09
TabPFN 1.91+0.16 048 £0.14 95.60 £0.89 51.73 + 0.66 TabPFN 1.60+0.32 0.47+0.08 95.36+1.94 51.4040.53
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Table 14: Benchmark on causal skeletons avoiding variables ordering bias. Values are mean and
standard deviation of metric values (SHD, F1 score, Recall, and Precision) over 10 random causal
DAGs. Each metric value on a causal graph is averaged over 10 bootstrapping datasets.

(a) Linear Gaussian (b) Linear uniform
Adj F1 Precision Recall Adj Fl1 Precision Recall
ref. 404+£197 089+£0.05 091+£0.10 0.88£0.08 ref. 4.24+£2.02 0.88+£0.04 0.90+£0.08 0.88+£0.08

TabSyn 14.66 £6.32  0.67£0.17 0.82£0.19 0.57+0.17 TabSyn 17.02£5.83 0.65+0.09 0.88+0.12 0.52+0.10
STASY 17.62+8.55 0.64+0.17 0.86+0.15 0.53+0.19 STASY 1814 +7.32 0.62+0.15 0.86+0.14 0.524+0.17
TabDDPM | 12.78 £6.24 0.72+0.11 0.914+0.09 0.62+0.14 TabDDPM | 14.06 £6.52 0.69£0.06 0.85+0.12 0.60 & 0.09

CoDi 151246.20 0.66+0.17 0.86+0.18 0.56+0.17  CoDi 12144482 0734010 091+0.12 0.62+0.13
GReaT 14.28£6.75 0.69+0.09 087+0.13 0.59+009  GReaT 14.00£4.42  0.69+0.05 0.85+0.09 0.58+0.04
CTGAN | 34.04+5.87 0484007 0.92+0.10 0334007 CTGAN | 33.58+831 0.50+0.09 0.93+0.07 0.34+0.08
TVAE 23524707 0.58+0.06 090+0.10 0434006 TVAE 27.284+9.93 0.54+0.08 0.88+0.11 0.39+0.08
TabPFN | 7.924+6.55 0.8240.10 0.89+0.10 0.7840.12  TabPFN | 7.824520 0.81+0.09 0.89+0.08 0.76+0.12
(c) Sigmoid Gaussian (sample size: 500 ) (d) Neural network Gaussian (sample size: 500)
Adj F1 Precision Recall Adj F1 Precision Recall
ref. 298E235 091£007 089L008 094E£007 rel. 6.00£528 084+0.13 0./8+0.19 0093 *0.05

TabSyn 318£235 091£0.05 0.904£0.07 0.93+£0.05 TabSyn 6.92+5.03 082+0.10 0.80%+0.15 0.85+£0.07
STASY 3.98+£27  088+£0.08 0.88+£0.10 0.90+£0.07 STASY 6.20£4.90 0.83+£0.11 0.78£0.18 0.92+£0.06
TabDDPM | 3.96 +£2.83  0.884+0.08 0.87+£0.10 0.91£0.07 TabDDPM | 5.82£520 0.84£0.12 0.79+0.18 0.9340.06
CoDi 3.52+£237  0.89+£0.08 0.89+£0.08 0.91£0.09 CoDi 5.84+£505 0.84+0.12 0.794+0.19 0.93+0.04
GReaT 510£3.42 0.86+£0.08 0.8540.09 0.87+£0.09 GReaT 7.32£449 0.79+£0.10 0.74£0.15 0.8840.06
CTGAN 15.32£4.90 0.67+£0.04 0.87+£0.09 0.5540.04 CTGAN 16.98 £7.08 0.64+0.09 0.83+0.16 0.5340.06
TVAE 7.66 £2.59  0.80£0.04 0.88+£0.08 0.7540.04 TVAE 11.484+6.47 0.72+0.12 0.79+£0.18 0.68 = 0.09
TabPFN 3.30£261 090+£0.08 0.87£0.10 0.94+£0.06 TabPFN 8.10£6.55 0.77£0.14 0.69+£0.18 0.89+0.11

Table 15: Benchmark on d-separations avoiding variables reordering: Area under the curve scores
(AUC) of ROC curves. sz represents the sample size.

ref. TabSyn STASY TabDDPM CoDi GReaT CTGAN TVAE TabPFEN
LG (sz=13500) | 0.966 0.840 0.844 0.864 0.819 0.844 0.528 0.658  0.897
AUC LU (sz=13500) | 0.972 0.749 0.857 0.759 0.839 0.808 0.536 0.547 0917
SG (sz=500) 0.952  0.941 0.941 0.956 0.963  0.959 0.830 0.926  0.955
NN (sz=500) 0.962 0.940 0.954 0.965 0.944 0.924 0.788 0.860 0.916

Table 16: Benchmark on the causal direction level avoiding variables ordering bias: Evaluation with
the accuracy (1) of recovering causal directions.

RECI 1GCI CDS
LG LU SG NN LG LU SG NN LG LU SG NN
ref. 0.571 0982 0304 0232 | 0446 0.125 0911 0.804 | 0.571 0946 0964 0.696

TabSyn 0446 0.875 0357 0.196 | 0.518 0.054 0911 0.786 | 0.536 0.964 0.929 0.750
STASY 0464 0964 0321 0.232 | 0.536 0.089 0.857 0.804 | 0.500 0.857 0.946 0.786
TabDDPM | 0.464 00911 0304 0.214 | 0.589 0.071 0.893 0.839 | 0.536 0.893 0.875 0.750
CoDi 0.482 0964 0321 0.214 | 0.589 0.250 0.857 0.821 | 0.536 0.893 0.964 0.732
GReaT 0.518 0.839 0393 0.196 | 0.536 0.536 0.661 0.536 | 0.482 0.768 0.821 0.643
CTGAN 0.643 0.768 0393 0.214 | 0.625 0.286 0.804 0.786 | 0.571 0.607 0.250 0.268
TVAE 0.661 0.714 0339 0.232 | 0.571 0.179 0.893 0.857 | 0.500 0.839 0.464 0.321
TabPFN 0464 0.875 0393 0.268 | 0482 0.161 0.857 0.893 | 0482 0911 0964 0.554

Table 17: Benchmark on causal discovery directionality avoiding variables reordering using LINGAM
under two different data-generating assumptions with sample size 15000 and bootstrapping 10.

(a) LINGAM on linear uniform data. (b) LINGAM on linear Gaussian data.
SHD Fl Precision Recall SHD F1 Precision Recall
Tt T54£158 091£009 0.94+£008 0.80%0.09 ref. 15.80 £ 7.5 0.36 £0.05 0.5 £0.04 0.31 £0.06
TabSyn 27581632 0341009 0.79£0.17 022007 TabSyn 2340753 031+008 054+0.16 021+0.07
STASY 23814374 0404011 0.88+0.11 0.26+0.09 STASY 29.95+4.87 0.24+0.08 0514013 0.16 4 0.06
TabDDPM | 21.45+£8.84  0.3940.13 0.71+£0.16 0.28+0.12 TabDDPM | 23.54+7.92 0.28+0.08 0.49+0.12 0.20+0.08
CoDi 2057+4.93 0374011 0.73+£0.18 0.25+0.09 CoDi 30234538 0.204£0.06 0414011 0.13+0.04
GReaT 14764920 0544013 0.84+0.15 0.41+0.12 GReaT 19.314+7.95 0.31+0.08 047+0.12 0.23+0.06
CTGAN | 3223+6.08 0274007 0.70+0.18 0.17+0.05 CTGAN | 34714634 0204008 0504019 0.13+0.05
TVAE 26.62+£10.30 0344011 0.72+£0.19 0.22+0.08 TVAE 27.87+831 0.23+0.09 046+0.19 0.15+0.07
TabPFN | 82046.35  0.6840.20 0.83+0.20 0.59+0.19 TabPFN | 18.0249.96 0.32+0.12 0.41+0.13 0.27+0.12

compared with pseudo labels does not necessarily mean that the performance is poor but only
represents the relative differences. As shown in Table[20] TabSyn is in general the best model over the
four real-world datasets on causal skeleton-level evaluation. Though CoDi and GReaT can perform
well on synthetic data, they do not outperform TabSyn in real-world datasets.
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Table 18: Benchmark on interventional and counterfactual tasks avoiding variables ordering bias with
sample size 1000. Values are 100x AMAE:s (average mean absolute errors).

(a) Intervention inference. (b) Counterfactual inference.
G LU SG NN LG LU SG NN

ref. 319£02  206E01 321202 317£0.1 ref. 0.05 £00 0.02+00 0.07£00 0.06£0.0
TabSyn 502+28 419f14 416+1.7 0O08L146 TabSyn TA9E26 052+08 086+09 10.74£30.7
STASY 24.66+ 123 17.43+6.6 23.29+6.4 25.70 +28.0 STASY 231434 042+0.6 3.87+24 10.12+23.2
TabDDPM | 3.87+1.2  396+14 3.62+05 3.98+0.9 TabDDPM | 0.96+ 1.4 0.96+1.6 065+04 097+1.1
CoDi 9144108 380+0.6 1620+7.5 19.12+26.3 CoDi 257444 059+05 474+40 826+16.8
GReaT 1150423 1109408 12.96+32 16.67+24.9 GReaT 149417 036+£0.2 324+19 953+214
CTGAN | 16.57+52 1519479 17.97+8.7 26.12+27.2 CTGAN | 954456 7.92+54 11.02+85 18.69+25.9
TVAE 9.10+5.6  10.70+3.8 883422 22.44+3638 TVAE 448430 514432 406+22 13164223
TabPFN | 3814+ 1.7 413420 424405 392406 TabPFN | 1.01+24 039406 0.78+04 0.64+03

Table 19: Benchmark on low-order statistics on real-world datasets. Values are mean and standard
deviation of metric values (error rate (%) of single column density, error rate (%) of pair-wise
correlation score, a—precision, S—recall).

(a) Beijing (b) Magic
Col. Pair. a-precision  B-recall Col. Pair.  a-precision  (-recall
TabSyn 3.69 659  99.31 47.96 TabSyn 126 0.99 98.17 48.22
STASY 8.22 11.10 93.61 50.12 STASY 6.53 4.28 92.15 49.50
TabDDPM | 63.50* 63.29*% 0.55% 0.70% TabDDPM | 0.79  1.33 98.66 47.32
CoDi 20.74 6.79 95.35 52.96 CoDi 8.84 5.52  87.20 51.51
GReaT 9.57 60.92 97.36 60.19 GReaT 15.16 9.66 85.17 39.90
CTGAN 19.37 24.89 96.38 39.48 CTGAN 4.43 7.33  90.29 15.13
TVAE 36.53* 40.97* 66.89* 1.69%* TVAE 4.83  6.82 96.22 36.73
(c) House (d) Parkinsons
Col. Pair. «a-precision [-recall Col.  Pair.  a-precision [-recall
TabSyn 3.76 1.60 95.53 40.41 TabSyn 1.47 22.63  95.08 27.43
STASY 8.27 246 96.82 49.31 STASY 28.07 24.84 60.39 21.11
TabDDPMm | 1.80 211 97.24 47.69 TabDDPMm | 1.34 22.79 9249 27.93
CoDi 26.09 5.69 77.07 34.57 CoDi 11.57 26.61 91.66 38.86
GReaT 18.28 6.17 91.90 37.68 GReaT 7.18 24.36 81.66 29.99
CTGAN 15.71 9.58 51.34 16.08 CTGAN 15.83 17.70 88.57 18.72
TVAE 10.77  4.72 95.37 26.62 TVAE 7.66 6.5 88.86 33.10

Table 20: Benchmark on real-world data.

(a) Beijing (sample size: 15000 ) (b) Magic (sample size: 15000)
SHD F1 Precision Recall SHD F1 Precision Recall
ref. T20£098 098£0.02 1.00£000 096£0.03 ref. TA0£356 094+£005 093£005 0.95%0.04

TabSyn 9.60+1.74 0.80+0.04 0.74+0.04 0.88+0.06 TabSyn 9.40+220 0.88+0.03 0.86+£0.02 0.90+0.04
STASY 2.40+1.20 0.96+0.02 1.00+0.00 0.92=+0.04 STASY 1220 +£2.89 0.85+0.04 0.83+0.04 0.86+0.05
TabDDPM | 19.00 +£1.00 0.714+0.02  0.88+0.04 0.59+0.01 TabDDPM | 17.00 £3.38 0.79+0.03  0.82+0.02 0.78 £0.05

CoDi 13.40+£1.80 0.73+£0.03  0.69+0.00 0.77 £+ 0.06 CoDi 16.40£3.32 0.81+£0.04 0.854+0.03 0.77+0.04
GReaT 7.80 £1.40 0.84+0.03 0.78+0.04 0.91+0.04 GReaT 20.40£2.50 0.754+0.03 0.77+£0.02 0.74£0.04
CTGAN 13.80+£1.89 0.76+£0.03 0.82+0.04 0.70+0.04 CTGAN 18.80£2.23 0.78+£0.02 0.86+0.03 0.73+0.03
TVAE 21.80£2.75 0.53+£0.06 0.474+0.05 0.61+0.07 TVAE 21.60+3.44 0.734£0.04 0.75£0.06 0.72+0.04
(c) House (sample size: 15000 ) (d) Parkinsons (sample size: 5000 )
SHD Fl1 Precision Recall SHD Fl1 Precision Recall
ref. 15.20 £ 3.25 0.90+0.02 0.87+0.03 0.92+0.04 ref. 4.80 £ 3.37 0.91+0.06 0.99£0.03 0.84£0.11

TabSyn 30.80+£382 0.80£0.02 0.81+0.03 0.79+0.03 TabSyn 6.60+2.20 0.86+0.04 0.95+£0.04 0.80£0.07
STASY 29.00+3.82 0.80+£0.03 0.78+0.04 0.834+0.02 STASY 19.60 £1.74 0.62£0.02 0.72£0.03 0.54£0.03
TabDDPM | 51.40 £2.97  0.65£0.02 0.63+0.04 0.6740.02 TabDDPM | 8.20+£2.60  0.844+0.04 0.98£0.04 0.74£0.06

CoDi 62.60£3.58 0.61+£0.03 0.66+0.04 0.58+0.02 CoDi 1480 £2.04 0.72£0.03 0.88+0.04 0.62+0.04
GReaT 64.40 £3.67  0.61£0.02 0.66+0.03 0.57 £0.02 GReaT 13.00+£1.84 0.75+£0.03 0.8840.04 0.6540.04
CTGAN 80.80£1.83 0.58+£0.01 0.73+0.02 0.484+0.01 CTGAN 33.20+3.37 046+0.05  0.65+£0.07 0.36+0.04
TVAE 43.40£5.73  0.72+£0.04 0.754£0.04 0.704+0.04 TVAE 22.004+1.26 0.614+0.02 0.79+£0.04 0.50 £ 0.02

We pre-process the real-world dataset, Beijing, and remove the rows with any missing values and the
date and time columns with strong correlation (almost deterministic relationship), "year", "month",
"day", "hour", and "cbwd".
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E USE OF LARGE LANGUAGE MODELS (LLMS)

In preparing this submission, LLMs were used solely as general-purpose writing assistants. Their
role was limited to grammar checking, minor rephrasing for clarity, and ensuring consistency of style.
LLMs were not involved in research ideation, experimental design, data analysis, or the generation of
novel scientific content. All conceptual contributions, methodological developments, experiments,
and results are entirely the work of the authors.

The authors take full responsibility for the content of this paper.
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