IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 11, NOVEMBER 2026

Kolmogorov-Arnold Causal Generative Models

Alejandro Almodévar ¥, Mar Elizo

Abstract—Causal generative models provide a principled frame-
work for answering observational, interventional, and counterfac-
tual queries from observational data. However, many deep causal
models rely on expressive architectures with opaque mechanisms,
limiting auditability in high-stakes domains. This paper introduces
the Kolmogorov-Arnold causal generative model, a mixed-type
tabular causal generative model that parameterizes each structural
equation with a Kolmogorov—-Arnold Network. The resulting mech-
anisms can be inspected through symbolic approximations and
parent-child visualizations while preserving query-agnostic causal
generative semantics. The model includes a validation pipeline
based on distributional matching and independence diagnostics
of inferred exogenous variables, allowing adequacy to be assessed
using observational data alone. Experimentally, on eleven syn-
thetic mixed-type benchmarks, the Kolmogorov-Arnold causal
generative model is not statistically distinguishable from the best
state-of-the-art model: aggregate post-hoc p-value of 0.69. On
the semi-synthetic Sachs’ additive dataset, with 11 variables, the
model obtains a p-value of 0.18 against the best model. A real-
world cardiovascular case study demonstrates the interpretability
workflow, showing how learned mechanisms can be simplified into
structural equations and visualized to audit parent—child effects
across the causal system. This suggest that expressive causal gener-
ative modeling and functional transparency can be achieved jointly,
supporting trustworthy deployment in tabular decision-making
settings.

Index Terms—Causal inference, Kolmogorov-Arnold networks,
interpretability, generative models, deep learning.

1. INTRODUCTION

ACHINE learning systems are increasingly deployed in

high-stakes domains such as personalized medicine [1],
[2], public policy [3], and economics [4], where decisions must
be justified, reproducible, and robust to distributional shifts. In
these settings, estimating individualized treatment effects and
answering counterfactual questions from observational tabular
data is central to decision-making. Structural causal models
(SCMs) provide a formal framework for such reasoning, al-
lowing the computation of observational, interventional, and
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Fig. 1. Compacted sketch of the proposed causal generative model, KaCGM,
including a discrete variable (x5). The true SCM, with unknown structural equa-
tions (left), is approximated with additive noise models in which the functions
of each endogenous variable are modeled by KANs (right). Several KANs are
shown, in which interpretability capabilities decrease with network complexity.
As explained in Section IV, us is modeled implicitly by a logistic-KAN.
Closed-form expressions can be extracted from every approximated function.

counterfactual quantities under explicit assumptions [5], [6].
Recovering a reliable approximation of the underlying SCM is
therefore essential for principled policy targeting and individu-
alized care [7].

However, predictive accuracy alone is not sufficient for de-
ployment in sensitive applications. Regulatory frameworks such
as the General Data Protection Regulation (GDPR Art. 22) [8],
the European Union Artificial Intelligence Act [9], and guidance
from the U.S. Food and Drug Administration on Al-enabled
medical devices [10] emphasize transparency and accountability
requirements for high-risk Al systems. The “right to expla-
nation” and related transparency obligations further reinforce
the need for models whose internal logic can be inspected
and communicated [11]. In clinical practice, limited inter-
pretability remains a major barrier to the adoption of machine
learning systems [12], [13]. As argued by Rudin [14], black-
box models are particularly problematic when decisions have
substantial real-world consequences and interpretable alterna-
tives are feasible. In the causal setting, interpretability is even
more critical: practitioners must understand how interventions
propagate through mechanisms, not merely observe predictive
correlations.

Recent causal generative models instantiate SCM mecha-
nisms with different deep generative families to answer causal
queries [15], [16], [17], [18]. These models show that query-
agnostic causal simulation can be combined with flexible den-
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sity estimation. However, their learned equations are typically
implemented by black-box neural modules. Thus, although the
causal graph provides structural interpretability, each parent—
child mechanism remains difficult to audit, simplify, or commu-
nicate.

This work addresses the gap between expressive causal gener-
ative modeling and functional interpretability in tabular settings.
This paper proposes the Kolmogorov-Arnold causal generative
model (KaCGM), a causal generative model in which each
structural mechanism is parameterized by a Kolmogorov-Arnold
network (KAN). KANs replace scalar weights with learnable
univariate functions, inducing structured representations that
facilitate inspection, pruning, and symbolic approximation. By
embedding KANs within an additive noise SCM framework, our
approach preserves generative capabilities and query-agnostic
inference, while supporting the extraction of explicit structural
equations.

A compact overview of the proposed model is shown in
Fig. 1. Each endogenous variable is modeled as an additive
mechanism with exogenous noise, where the structural func-
tion is parameterized by a KAN. Mixed data types, including
categorical variables, are supported via appropriate likelihood
parameterizations. Crucially, closed-form expressions can be
extracted from each learned mechanism, enabling direct auditing
and visualization of causal effects.

The contributions are threefold. First, this work introduces
a KAN-based causal generative model for mixed-type tabular
data that preserves SCM semantics and supports observational,
interventional, and counterfactual reasoning in a query-agnostic
manner. Second, the paper provides a validation pipeline based
on observational distribution matching and independence testing
of inferred exogenous noise, enabling practitioners to assess
model misspecification from observational data alone. Third,
it is developed an automated interpretability framework that
prunes structural mechanisms, performs symbolic approxima-
tion, and extracts closed-form expressions and visualization
tools for effect auditing. The novelty of KaCGM lies in in-
tegrating KAN/KAAM mechanisms into a mixed-type causal
generative model that preserves SCM semantics and supports
query-agnostic observational, interventional, and counterfactual
reasoning. The contribution is not any single component in
isolation, but their integration into a complete pipeline that
learns structural equations, validates model adequacy through
residual-based and distributional diagnostics, and audits the
learned mechanisms through pruning, symbolic approximation,
and visualization. As a result, interpretability is not treated as
an isolated post-hoc step, but as part of an auditable causal
generative workflow.

Code is provided at github.com/aalmodovares/kac
gm and an interactive interface for visualizing the causal ef-
fects in the experiments is publicly available at hugging-
face.co/spaces/marElizo/kacgm.

Main abbreviations: additive noise model (ANM), aver-
age treatment effect (ATE), classifier two-sample test (C2ST),
cumulative distribution function (CDF), counterfactual (CF),
causal generative model (CGM), diffusion-based causal model
(DBCM), data-generating process (DGP), and generative
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adversarial network (GAN), Hilbert—-Schmidt independence
criterion (HSIC), joint Hilbert—-Schmidt independence crite-
rion (dHSIC), Kolmogorov— Arnold additive model (KAAM),
Kolmogorov—Arnold network (KAN), major acute cardiovascu-
lar event (MAC), mean absolute error (MAE), maximum mean
discrepancy (MMD), partial dependence plot (PDP), probability
radar plot (PRP), random forest (RF), structural causal model
(SCM), and variational autoencoder (VAE).

II. RELATED WORK

This work lies at the intersection of generative modeling,
causal inference, and interpretable neural architectures. Deep
generative models such as generative adversarial networks
(GANSs) and variational autoencoders (VAEs) have achieved
remarkable success in modeling complex data distributions [19],
[20]. However, these models typically target the observational
joint distribution and lack causal semantics, which limits their
ability to answer interventional or counterfactual queries from
observational data alone [5].

Causal generative models (CGMs) address this limitation by
combining deep generators with SCM semantics, so that learned
mechanisms can be intervened on rather than only sampled from
observationally [5]. Existing CGMs differ mainly in how they
parameterize the structural mechanisms. DCSM uses deep con-
ditional mechanisms for tractable counterfactual inference [15];
VACA uses a variational graph autoencoder to answer causal
queries over graph-structured variables [16]; and DBCM models
causal mechanisms with diffusion models for interventional and
counterfactual sampling [18]. Among continuous-data CGMs,
flow-based methods are especially strong empirical baselines:
CAREFL uses causal autoregressive flows [21], while causal
flows restrict normalizing-flow transformations according to
the causal graph, enabling tractable likelihoods, invertible ab-
duction, and state-of-the-art performance on continuous causal-
query benchmarks [17]. Adversarial and neural structural ap-
proaches provide another route: NCM uses neural structural
functions for counterfactual identification [22], and DECAF in-
troduces DAG constraints for causally aware synthetic data [23].
Some of these works further establish theoretical guarantees
or identifiability under hidden confounders meeting backdoor
criterion [24] or using proximal inference [22], [25]. These
methods provide expressive SCM approximations and, in several
cases, query-agnostic inference. However, their mechanisms
are usually implemented by deep networks, flows, adversarial
generators, or diffusion models whose functional form remains
difficult to inspect, simplify, or communicate.

Interpretability addresses a complementary axis: whether the
learned relation can be audited as a mechanism, not only whether
it can answer a query [26]. In tabular prediction, generalized
additive models and neural additive models expose feature-level
contributions [27], [28]. In causal inference, causal rule ensem-
bles describe heterogeneous effects through rules [29], surrogate
models can be constrained to preserve causal guarantees [30].
These approaches improve transparency, but they usually target
prediction, treatment-effect estimation, or restricted conditional
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TABLE I
UNIFIED RESULTS FOR CONTINUOUS AND DISCRETE EXPERIMENTS. METRICS REPORT AVERAGES OVER THE 11 SYNTHETIC DATASETS (MEANgr,) WITH 1000
TRAINING SAMPLES. LOWER IS BETTER FOR ALL METRICS. CONTINUOUS EXPERIMENTS ADDITIONALLY REPORT COUNTERFACTUAL ERROR (MAEc§), WHICH IS
NOT DEFINED FOR THE DISCRETE SETTING. THE LAST COLUMN OF EACH BLOCK REPORTS P-VALUES FROM POST-HOC WILCOXON TESTS AGGREGATED OVER
ALL METRICS. THE FRIEDMAN TEST P-VALUE IS < 1E-3 FOR BOTH EXPERIMENTS, INDICATING SIGNIFICANT DIFFERENCES AMONG METHODS OVERALL.
UNDERLINE DENOTES THE BEST METHOD. * INDICATES NO STATISTICALLY SIGNIFICANT DIFFERENCE (p > 0.05).

Continuous variables

Mixed type variables

Model RES MMD s RFM ~ MMDi, MAEcs p-value | RF MMDjpg REM MMDj,,  p-value
x1073 x107%  x107? X103 x1073
KAN 0.510.01 16.495.14 0.530.02 4.794.13 5.102.43 0.061" | 0.529.02 1.6409.74 0.540.02 9.117.24 0.042
KAAM  0.529.01 16.769.62 0.530.02 4.765.13 4.662.31 0.055* | 0.520.01 1.890.035 0.540.02 8.405.63 0.024
ANM 0.530_02 8.862_61 0.540_02 3.022_5 2‘622_50 0500* 0.540_02 1.220_44 0‘560_03 6.225_16 0.042
DBCM 0.560.02 31.5023.03 0.550.03 6.795.82 3.981.52 < le-3| 0.580.04 3.431.91 0.570.03 12.539.90 < le-3
CFlow 0.520.02 20.466.90 0.61g.10 9.61s.72 3.861.75 < le-3| 0.530.03 3.161.68 0.620.00 7.184.99 < le-3
KANmix — — - - - - 0.520,01 1.790_92 0.520_01 8~249.88 0690*
KAAMpix - - - - - — ]0.520.02 1.600.7s 0.520.01 6.294.33 0.690"

mechanisms rather than a full mixed-type SCM simulator capa-
ble of arbitrary observational, interventional, and counterfactual
queries.

Recently, Kolmogorov—Arnold networks (KANs) have been
proposed as an alternative neural architecture in which scalar
weights are replaced by learnable univariate functions defined on
edges [31]. KAN 2.0 further emphasizes pruning, symbolic ap-
proximation, and scientific inspection of learned functions [32].
The architecture has been extended to convolutional models [33]
and to graph neural networks for molecular property predic-
tion [34]. In applications, KAAMs support interpretable clinical
classification [35], Pendyala and Venkatachalam evaluate KANs
in healthcare tasks [36], Cho et al. use interpretable KANs
for time-series forecasting [37], and Alharbi et al. apply graph
KANs to multi-omics biomarker identification [38]. In causal
inference, KANITE uses KANs for individual treatment-effect
estimation [39], while CausalKANs combine KANs with sym-
bolic treatment-effect explanations [40].

Building on these developments, this work uses KANs as
structural mechanisms inside a CGM. The resulting position is
summarized in the Supplementary material, available online.
Table I: compared with expressive CGMs such as flows, dif-
fusion models, variational models, and adversarial generators,
KaCGM emphasizes mechanism-level auditability; compared
with interpretable predictive or treatment-effect models, it re-
mains a query-agnostic generative SCM simulator.

III. BACKGROUND
A. Structural Causal Models

Let x = {x1,X2,...,Xp} € X be a set of random variables
with joint distribution Px.

Definition 1: A causal graph G = (V, ) consists of a set of
indices V = {1,2,..., D} and directed edges £, where (j, k) €
€ denotes that x; causally influences x;,.

Let pa(j) denote the set of parents of node j. If the graph
is Markov and faithful [41], the joint distribution factorizes
according to the parental Markov condition [5]:

D
p(x) = _Hp(xjpa(j))- (1)

Definition 2: A Structural Causal Model (SCM) M =
(f, Py) defines a data-generating process (DGP) where each

observed variable is generated from its parents and an exogenous
noise variable u = {uy,...,up}:

x; = fi(pa(j), ), )

An SCM characterizes the full causal data-generating process
and therefore determines the value of any causal query [6].
Interventions are formalized through the do-operator.

Definition 3 (do-operator [5]): Let Z C V. The interven-
tion do(xz = az) replaces the structural assignments of the
intervened variables by constants, while leaving the remaining
mechanisms unchanged.

Causal queries are functionals of the SCM involving at least
one intervention, including interventional distributions, causal
effects, and counterfactual quantities [5], [6]. SCMs therefore
support reasoning at the three levels of Pearl’s hierarchy: obser-
vational, interventional, and counterfactual. Interventional dis-
tributions are obtained by sampling u ~ P, and propagating the
modified structural assignments, while counterfactuals are com-
puted via the abduction—action—prediction procedure [5], [6].

u-~ P,.

B. Causal Generative Models

Causal generative models (CGMs) are generative machine
learning models that respect a causal graph G and approximate
the mechanisms of an SCM M. A learned model M = (f, P,,)
can then be used as a simulator of the underlying causal system.

Once the structural mechanisms are approximated, the model
supports observational, interventional, and counterfactual rea-
soning through the usual do-operator semantics. For continuous
variables, under causal sufficiency and with sufficiently expres-
sive function classes, CGMs can recover the structural equa-
tions up to standard identifiability considerations [17], leading
to consistent answers to causal queries [5], [42].

CGMs are typically query-agnostic: once trained, the same
learned SCM approximation can be reused for different ob-
servational, interventional, and counterfactual queries without
retraining [24]. This property is central for the present work,
because the goal is not to train a separate estimator for each target
query, but to learn auditable mechanisms that can be reused as
a causal simulator.

Although neural networks are universal function approx-
imators, certain classes of functions are known to be
more efficiently approximated by spline-based representations,
particularly smooth functions in low-data regimes [43]. This
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motivates exploring alternative architectures that preserve flex-
ibility while improving interpretability, such as Kolmogorov—
Arnold networks.

C. Kolmogorov-Arnold Networks

Kolmogorov—Arnold networks (KANs) provide an alternative
representation to deep neural networks. While standard neural
networks rely on the universal approximation theorem [44],
KANSs are inspired by the Kolmogorov—Arnold representation
theorem [45], [46], which states that any continuous function
f:RP — R can be expressed as

2D+1

D
fl@) =Y @ ( ¢>k,q(xq)> : 3)
k=1 q=1

where ¢ and ® are univariate nonlinear functions.

Modern implementations approximate these functions using
stacked layers, similarly to neural networks [31]. A KAN with
L layers can be written as

KAN(z) = (®p-1 00 ®o)(x), @)

where each layer applies sums of learnable univariate functions.
In practice, the univariate functions are parameterized with B-
splines,

(2) = wp b(z) + ws spline(z), 5)
with b(+) a fixed baseline and wy, w;, learnable parameters [47].
This formulation allows training with standard optimization
methods while maintaining a structured functional representa-
tion.

Because KANs explicitly model univariate transformations,
they enable direct inspection of nonlinearities and facilitate
symbolic approximation and pruning. Additional regularization
and sparsification techniques can further simplify the learned
functions [32]. In practice, shallow KAN architectures often
achieve a favorable balance between expressiveness and inter-
pretability, which has motivated their use in several scientific
and applied domains [35], [37], [48].

IV. KOLMOGOROV-ARNOLD CAUSAL GENERATIVE MODEL

Assume a dataset, D = {xgl)7 xg), cen x%)}ij\il, containing
N 1i.i.d. samples from the unknown observational distribution
Py, generated by an unknown SCM M, with a known causal
graph G. The goal is to obtain a causal generative model M that
approximates M and, in addition, that provides as many insights
about each function f; as possible: closed-form equations, in-
teraction terms, symbolic approximations, feature importance,
visualization plots of separable effects, etc.

In the following, causal sufficiency is assumed, i.e., that there
are no hidden confounders, and therefore, all the exogenous
variables are independent: p(u) = [ p(u;). In addition, as in
most causal generative models that learn structural mechanisms
conditional on a graph, the causal graph is assumed to be
given. The consequences of graph misspecification are evaluated
empirically in experiments and discussed as a limitation in
Section VI.

The proposed approach, KaCGM, consists of several com-
ponents. First, the KAN-based ANM is defined for continuous
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variables. Second, the model is extended to support discrete or
categorical variables. Third, techniques are described to achieve
closed-form equations and plotting tools that help to achieve
interpretability.

A. KaCGM as ANM

KaCGM is an additive noise model (ANM) in which each
mechanism of the true SCM is modeled following (6), where
each function that models the effect of the parents on their
children, g;(pa(j)), is approximated by a KAN.

fi(pa(s), u;) = gj(pa(y)) +u; (6)

The choice of ANM has three main motivations: i) in the causal
inference literature, there are many relevant papers that assume
additive noise models to capture real DGPs [49], [50], [51],
[52], [53] ii) it enables a very interpretable way to understand
the exogenous variables as independent additive noise coming
from measurement error, a modeling used in fields such as com-
munications [54], robotics [55] or econometrics [56], and iii) it
is reasonably easy to test if our ANM is a good approximator of
the true data-generating process.

Regarding the third point, and although proving that the true
DGP is additive is not testable, in general, the well-specification
of an ANM with respect to the observational data can be assessed
through falsification diagnostics [50]. When facing a real-world
problem in which the ground-truth of causal effect cannot be cal-
culated, model misspecification should be tested, and the model
should only be used for causal queries when those diagnostics
are satisfactory and the graph assumption is externally justified.

e Test the independence of the exogenous noise: u; L pa(j).
Given a well-specified causal graph, violation of the inde-
pendence condition indicates model misspecification (het-
eroscedastic noise or nonadditivity), rather than a reversed
causal direction [49]. Following Hoyer [49], the statistic
of the Hilbert-Schmidt Independence test (HSIC) [57] is
used. In the same fashion, it is recommended testing that
u are jointly independent using the multidimensional test
dHSIC [58].

e Test the observational match. If a more flexible
(e.g.causal flows [17]) model achieves better obser-
vational fitting, this can indicate the DGP is nonadditive.
The match of the observational distribution with both max-
imum mean discrepancy (MMD) and classifier two-sample
test (C2ST) using the accuracy of a random forest, as
explained in Section V.

These diagnostics should be interpreted as necessary but
not sufficient safeguards. Meeting the observational matching
and independence tests does not confirm that the true SCM is
captured by an ANM; it only means that misspecification was
not detected by the selected tests. In finite samples, indepen-
dence tests may have limited power, classifier two-sample tests
depend on the discriminator class, and multiple structurally dif-
ferent SCMs can remain observationally indistinguishable on the
available support. The validation pipeline is therefore a falsifi-
cation procedure, not a proof of causal correctness.
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Operation details about training, hyperparameter search, im-
plementation of the do-operator and model misspecification tests
can be found in upplementary material, available online.

B. Mixed Type KaCGM,,;,

In tabular data, there are usually discrete or categorical vari-
ables. Therefore, KaCGM is allowed to use discrete or categori-
cal models as predictors; in this case, Logistic-KANs. Following
the terminology of Almodovar et al. [35], a Kolmogorov-Arnold
additive model (KAAM) is a KAN with no hidden layers, and a
Logistic-KAN is a KAN that handles discrete variables by apply-
ing a sigmoid function for binary variables or a softmax function
for categorical variables. Each network within KaCGM,;x to be
a KAAM, a Logistic-KAN, a Logistic-KAAM, or a standard
KAN.

Proposition 4.1 shows how modeling the distribution
po(x;|pa(j)) of a categorical variable with a flexible enough
predictor is equivalent to recovering the function f;(pa(j),u;)
with the exogenous term implicit. Although the exogenous term
cannot be identified, all interventional queries in the SCM can.

Proposition IV.1. (mixed CGM equivalence with SCMs):
Consider the true SCM, M, in which one variable, x; is discrete,
with observational probability mass function p(x;|pa(j)). Let
po(x;]pa(j)) be a conditional categorical model (e.g.Logistic
KAN) such that pg(-|pa(j)) — p(-|pa(j)). Being Fy(-|pa(j))
the cumulative density function (CDF) of py and defining

fo(pa(j),u;) = min{k : u < Fy(klpa(j))}, @)

with u; ~ U(0,1). Then i) x; = fg(pa(j),u;) defines a SCM
mechanism whose induced conditional law equals py(-|pa(j)):
sampling from pg(x;|pa(j)) is equivalent to sampling from u;
and applying fo; and iii) the interventional distribution of x; and
its descendants equals the one of M.

On the other hand, identifiability of point-valued counterfac-
tuals is not possible with discrete outcomes, and only bounds can
be provided [59], [60]. Fortunately, as stated in Proposition 4.2,
in a mixed SCM, there exist counterfactual values that can be
recovered, depending on the intervention of interest.

Proposition IV.2. (Counterfactual identifiability in mixed
GCM): Let the partition V = C U Z be the set of indices of
the continuous and discrete variables, respectively. Given the
intervention on Z, and let de(Z) be the descendants of Z in G.
Consider a well-specified causal generative model, M in which
the mapu; — f;(pa(j), u;) forevery j € Cis injective, then M
yields point-valued counterfactual predictions if there are not
discrete variables in the descendants of Z, i.e.de(Z) € C.

Proofs of Propositions 4.1 and 4.2 can be found in Appendix C
of supplementary material. Note that both propositions are valid
for any CGM that models the distribution of categorical vari-
ables.

This adaptation of KaCGM to KaCGM,;x allows us to in-
crease flexibility when modeling tabular data beyond continu-
ous features, while retaining the identifiability of some causal
queries of interest. A sketch of KaCGM,,ix can be observed in
Fig. 1, where each function of the true SCM is modeled by a
KAN, including the discrete variables, in which the exogenous
noise is implicit.
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C. Towards Interpretability

The interpreatanility pipeline defines steps that highlight the
interpretable capabilities of the KANS, including inductive bi-
ases towards simplicity that not only regularize the output to get
better approximations of smoother functions, but also improve
interpretability:

1) Among KAN candidates whose validation metrics are not
significantly worse than the best-performing candidate,
select the architecture with fewer hidden layers whenever
possible, ideally a KAAM.

2) Extract each predicted function fj

3) Prune the edges of the KAN that show little importance,
following the process described by Liu et al. [32], yield-

ing fj (p). This only removes the non-relevant variables

4) Fit a symbolic substitution of fj(s) following the process
of Almodovar et al. [40]. This approximates the function
to a combination of atoms: polynomials, trigonometric
functions, exponentials, etc.

When performing each of these steps, the well-specification
tests described in Section IV-A should be carried out. If the
results are not satisfactory, the simplification step is not rec-
ommended. One key observation is that, in each of the steps,
the distribution of the residuals should be fitted on obser-
vational data again; otherwise, the distribution matching will
worsen.

Interpretability is treated as a constrained model-selection
objective. Among candidate mechanisms whose validation met-
rics are not significantly worse than the best-performing can-
didate, the simplest architecture is selected. If this condition
is not met, the more complex model may be retained for
causal simulation, but the corresponding mechanism is not
claimed to provide a compact symbolic explanation. This cri-
terion makes explicit the trade-off between structural com-
plexity and interpretability. If a shallow KAN or KAAM fits
the data and passes the residual diagnostics, it is preferred
because its mechanisms can be inspected more easily. If only
a deeper KAN passes the diagnostics, the model may still be
useful as a causal simulator, but the corresponding mechanism
should be reported as less interpretable. If no simplified model
passes the diagnostics, symbolic explanations should not be
trusted.

Once a satisfactory, simplified fj is obtained, provided that
the selected KAN has sufficiently low depth and complexity;
alternatively, the contribution of each of the parents to the target
variable can be plotted, extracting feature importance, and using
the plotting tools developed by Almodovar [35]: probability
radar plots (PRP) and partial dependence plots (PDP).

Summarizing, the process in a real environment with observa-
tional data consists of i) constructing and fit KaCGM in observa-
tional data, ii) testing the observational fit and the independence
between exogenous inferred variables, comparing with other
more flexible models, iii) applying the simplification steps of
pruning and symbolic substitution, including tests of step ii, and
accept the simplification only if the tests results are not worse up
to some threshold established by the user, and iv) extracting the
closed form expressions of the generating functions and provide
interpretable plots.
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the metrics obtained by data generated by the true SCM. CFlow, as a more flexible model, achieves good approximations and independence even with non-additive

noise, while KaCGM deviates from this.

V. EXPERIMENTS

Four experiments support the use of KaCGM, based on the
previous process. This section is organized as follows. First,
the metrics that used to measure performance and assess the
hypothesis are presented. Second, a sensitivity analyses how the
model suffers from misspecification when the true DGP is not
additive, and when the provided causal graph is not faithful,
guiding the practitioner through the process in real data and
showing the limitations of the approach. Third, the performance
of KaCGM is evaluated in a set of synthetic datasets, of both
continuous and discrete data, compared with state-of-the-art
CGM, to show that under well specification, the performance
of KaCGM is competitive for all data regimes, depending on
the amount of data available. Fourth, results are presented on
a semi-synthetic dataset with more complex and realistic data.
Finally, the previous process is implemeneted in a real-world
medical dataset, where misspecification tests and extract closed
expressions of the estimated functions, also providing inter-
pretable plots that help to understand the causal effects in the
whole complex systemare carried out, closed expressions of
the estimated functions are extracted and interpretable plots are
provided to clarify causal effects in the whole system.

A. Validation Metrics

For evaluating the fitting of the observational distribution
and the interventional distributions, the experiments use both
the maximum mean discrepancy (MMD) [61] with Gaussian
kernel and a classifier two samples test (C2ST) [62], [63],
where the test accuracy of a random forest (RF) trained with
labeled data (real data labeled with 1 and synthetic data labeled
with 0) is considered as our test statistic. Less MMD means more
similarity between distributions, and an RF accuracy close to the
chance level (0.5) indicates that the synthetic samples resem-
ble the observational distribution. Second, mean absolute error
(MAEcr) is used to measure the counterfactual performance.

B. Sensitivity Analyses

a) Nonadditive data generating processes: A sensitivity anal-
ysis evaluates when it is sensible to adopt an additive noise model
in a real case. Although in a real dataset counterfactual error
and interventional MMD are unavailable, observational fit and
independence between the extracted exogenous variables can
still be measured. That serves to falsify the additivity of the true
DGP.

The experiment generated 6000 samples of the following DGP
and used the half for validation.

X1 =u
v
<X2 =X+ 1x} + .6uy
' ;s
X3 = 4x; + .1}(% + .Tx9 — 3%2 + % _axs tan;(uerl) 4 L;

Fig. 2 shows how observational and interventional fit, counter-
factual error, and residual-independence diagnostics vary with
the nonadditivity parameter «, where o« = 0 corresponds to an
additive DGP and o > 0 to a nonadditive one.

This experiment illustrates how the use of KaCGM can be
rejected, since a more flexible causal model achieves better
observational matching and independence of the residuals when
the noise is not additive, and this is something that can be tested
based on observational data only. These diagnostics should be
interpreted as falsification tools: if they reject, there is evidence
against the additive specification, but if they do not reject,
additivity is not verified. An additional experiment in the Supple-
mentary Material, available online further studies this behavior
empirically in finite-sample regimes, by varying the sample size
and the degree of nonadditivity. The results show the expected
trend that the rejection probability increases with both sample
size and misspecification strength (higher «), indicating higher
power to detect nonadditivity as more data are available, but also
showing limited power in low data regimes.

b) Sensitivity to graph misspecification: A complementary
sensitivity analysis evaluates the effect of using a misspeci-
fied causal graph; full details are provided in the Supplemen-
tary Material, available online. The results show that adding a
spurious edge has limited impact in this experiment, whereas
removing or reversing a true causal relation substantially de-
grades interventional, average-treatment-effect, and counter-
factual performance. Importantly, observational metrics and
residual-independence diagnostics do not always reveal these
failures, especially when the misspecification preserves a plau-
sible observational fit. This supports interpreting the validation
pipeline as a falsification tool, not as a certificate of graph
correctness, and reinforces that the causal use of KaCGM is
conditional on the assumed graph.

C. Performance on Synthetic Datasets

The proposed approach is benchmarked against state-of-the-
art methods on 11 synthetic graphs obtained from Geffner [64]
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Fig. 3. Boxplot of logy of observational and interventional MMD of each model across 10 realizations with (a) continuous data and (b) mixed type data, as a

function of the number of samples with mixed type data.

under different data regimes. Two different experiments are
conducted, depending on whether all covariates are continuous
or if there are discrete variables. All variables are standardized
to obtain comparable counterfactual errors across variables. All
experiments use the same amount of data for training and testing.

1) Experiment on Continuous Data: The performance of our
proposed approaches (KaCGM with KAN and KAAM) is com-
pared to the following methods: DBCM [18] (diffusion-based),
causal flows [17] (from now CFlow) and ANM [49] (Ad-
ditive Noise Model, which selects the best performing method
among several classical machine learning tools using regression
metrics [65]). Both DBCM and CFlow are universal density
approximators, although they need, in principle, larger sample
sizes to train [21].

Once the best hyperparameters (details in the Supplementary
Material, available online) are obtained, the final model is trained
and validated. The validation is done along three main axes:
observational, interventional and counterfactual metrics. For
observational metrics, RF accuracy and MMD between the
generated distribution and the validation samples are compared.
To measure interventional prediction, six different interven-
tions are generated over variables x; and xo (always present
in the graph) at standardized values x; = {—1,0, 1}. The cor-
responding interventional distributions are evaluated using RF
accuracy and MMD with the validation samples. Finally, for
counterfactual inference, the validation samples are used to
compute the counterfactual values of each sample using the same
interventions defined in the previous point. The counterfactual
error is evaluated using MAE (MAEcg), compared with the
values of the true SCM.

2) Experiment on Mixed Data: The discrete casefollows a
similar procedure, with some key differences. First, the val-
idation of models designed for continuous variables (CFlow
and DBCM) is adapted by i) adding a small scale noise to the
training data (standard deviation 0.01); and ii) post-processing
the data generated for the discrete variables, by rounding.
Second, KaCGM,;x is added to the evaluation. Third, one
variable, x5 € {0, 1,2}, is discretized in the true DGP of Geffner
et al. [64] by sampling a ternary variable with probability vec-
tors: [0.8,0.1,0.1] if x3 < —1; [0.1,0.8,0.1] if —1 < x3 < 1;
and [0.1,0.1, 0.8] if x5 > 1. Finally, counterfactual prediction is

Plcg PKC — PKA
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Fig. 4. Causal graph associated with Sachs’ dataset.

not evaluated, since point-valued counterfactuals are not identi-
fiable.

Results: The results for 1000 samples can be observed in
Table I, showing close performance of all the models, and
the p-values comparing the models in all the metrics together,
using the procedure of Demsar [66]. Observational, interven-
tional and counterfactual metrics are competitive: RF % = 0.51,

RFM = 0.53 and MAEcr = 4.66 x 1072, P-values show that
i) in the continuous case, ANM is the best model, while the
two variants of KaCGM are not rejectable as the best models
for type I error probability 0.05 (p-value=0.061), and ii) in the
discrete case, KaCGM,,;x are the best models across all metrics
and realizations (p— values of competitors < 0.05), supporting
the proposal of using mixed models with discrete data. Note that
CFlow and DBCM perform slightly worse because the number
of samples is low and the true DGPs of Geffner et al. [64] lie
within the ANM class. The sample-size study in Fig. 3 shows
the expected degradation as /N decreases.

D. Performance in Semi-Synthetic Dataset

Following other works [18], [25], the proposed approach is
also validated on a more complex semi-synthetic dataset, created
following the process procedure by Chao et al. [18], from the
original dataset of Sachs et al. [67]. The dataset contains 11
variables associated with the causal graph of Fig. 4. Root nodes
are sampled from the original dataset, while the other variables
are generated using random equations.

The experiment uses 1000 training samples and also 1000
validation samples in both additive and nonadditive settings.
The results using the same evaluation method from the previous
experiment can be seen in Table II. In the additive setting,
ANM achieves the best results in all metrics, while KaCGM
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TABLE I
RESULTS ON THE SACHS DATASET FOR ADDITIVE AND NONADDITIVE NOISE SETTINGS. METRICS REPORT AVERAGES OVER RUNS (MEANgyp). LOWER IS BETTER
FOR ALL METRICS. THE LAST COLUMN OF EACH BLOCK REPORTS P-VALUES FROM POST-HOC WILCOXON TESTS AGGREGATED OVER ALL METRICS. THE
FRIEDMAN TEST P-VALUE IS ALWAYS < 1E-3, INDICATING SIGNIFICANT DIFFERENCES AMONG METHODS OVERALL. UNDERLINE DENOTES
THE BEST METHOD. * INDICATES NO STATISTICALLY SIGNIFICANT DIFFERENCE (p > 0.05).

Additive Nonadditive
Model RE%% MMD s REM MMD;,, ~ MAEcg  p-value | RE® MMD s REM MMDj,,  MAEcy  p-value
x1073 x107%  x1072 X103 x107%  x1072
KAN 0.549.02 1.360.41 0.549.02 1.950.67 3.501.40 0.180" [ 0.6709.13 5.279.20 0.679.14 6.098.75 3.421.514 < le-3
KAAM 0.549.01 1.350.40 0.550.01 1.960.74 3.591.35 0.180" | 0.68p.14 5.979.60 0.680.14 6.61lg.12 3.56165 < le-3
ANM 0.530.01 1.12p9.28 0.530.01 1.8300.21 1.280.43 0.500" | 0.619.090 1.71p.83 0.61p9.09 2.311.46 1.767.13 0.007
DBCM 0‘56()‘01 2‘78()‘73 0‘56()‘01 2.380(54 3.03047 < le-3 0.590,04 2.610,78 0.600,04 2~340.60 2.670,78 0.157*
CFlow  0.530.01 1.420.26 0.530.01 1.530.20 1.699.52 0.396" | 0.550.03 1.420.35 0.590.08 1.840.96 1.840.99 0.500"
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achieve similar performance, KaCGM worsen significantly in the nonadditive.
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Fig. 6. Causal graph of cardio dataset. The original graph contained obesity
and hypertension; their continuous counterparts are used instead, BMI and
systolic pressure.

and CFlows get comparable results (p—values across all metrics
of 0.18 and 0.39, respectively), while DBCM is not competitive
with this number of samples. On the other hand, in the non-
additive settings, causal flows (in particular, causal neural
spline flows, CausalNSF, which is more flexible) achieves the
best results, with DBCM presenting a competitive performance.
These findings can also be observed in Fig. 5.

E. Use Case: Cardiovascular Data

The interpretability capabilities of the proposed approach are
illustrated on a real-world cardiovascular dataset whose goal is
to estimate the probability of a major acute cardiovascular event
(MAC). The dataset, introduced by Kyriacou et al. [68], contains
continuous and binary clinical covariates together with a causal
graph that is assumed to be correct and shown in Fig. 6.

Since true interventional distributions or counterfactual out-
comes are not available, the evaluation must rely on observa-
tional diagnostics. Following the validation pipeline described
in Section IV, KaCGM,,ix is trained using KAN and KAAM
subnetworks and compared with the baselines. In addition, the
simplification pipeline (pruning and symbolic substitution) is
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Fig. 7. Interpretability analysis of the ischemia mechanism. (Top) PRPs
showing the contribution of each parent variable to the logit for two individuals.
(Bottom) PDPs representing the contribution A of each variable to the logit.
The curves also allow direct computation of average treatment effects (ATE)
corresponding to hypothetical interventions on each variable.

applied, and the effect of these transformations on the observa-
tional fit is evaluated.

The results are summarized in Fig. 8. Pruning preserves
the observational performance, whereas symbolic substitution
slightly degrades the metrics, illustrating the expected trade-off
between predictive fidelity and interpretability. Nevertheless,
KaCGM,,ix achieves competitive observational fit, obtaining
the best RF accuracy and MMD among the compared mod-
els, although independence diagnostics are less favorable. This
analysis supports the use of the simplified models when inter-
pretability is a primary objective.

The key advantage of the proposed model is that the structural
mechanisms can be explicitly inspected. For example, after
pruning and symbolic approximation, the probability of cardiac
ischemia conditioned on its parents can be expressed as

Pr(ischemia) = (0.055age> 4 0.173 age
4 0.031 BMI” + 0.114 BMI

+0.046 systolic2 + 0.155 systolic
+ 0.743 diabetes — 1.871),

where o represents the sigmoid function and the overline vari-
ables are standardized. This expression is directly auditable:
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the ischemia logit increases through quadratic age, systolic-
pressure, and BMI terms, matching the expected nonlinear in-
crease of cardiovascular risk with these factors.

Beyond the equation, Fig. 7 summarizes individual and
population-level effects. PRPs decompose parent contributions
for two individuals; for example, Individual O exhibits higher
ischemia risk due to greater age and systolic pressure, whereas
Individual 1 has elevated BMI, which also increases the pre-
dicted probability. In addition, probability dependence plots
(PDPs) show how hypothetical interventions change the is-
chemia logit at the population level. Because the structural
equation is explicit, the same curves yield ATEs directly; for
example, reducing BMI from 35 to 20 gives approximately
—0.42, and reducing systolic pressure from 180 to 120 gives
approximately —0.59, both in logit scale. Importantly, these
summaries are therefore obtained from an explicit mechanism
rather than from a black-box predictor.

VI. CONCLUDING REMARKS

This work investigated the integration of Kolmogorov-Arnold
networks within causal generative modeling for tabular data.
This work proposed KaCGM, a causal generative model that
preserves the semantics of structural causal models while en-
abling direct inspection of the learned structural mechanisms.
KaCGM is a query-agnostic model capable of answering ob-
servational, interventional, and counterfactual queries, while
supporting symbolic simplification, pruning, and functional
visualization.

Empirically, KaCGM 1is competitive under additive data-
generating processes and in mixed continuous—discrete set-
tings, while more flexible causal generative models dominate
in strongly nonadditive regimes. The sensitivity analyses show
that observational fit and residual-independence diagnostics are
useful falsification tools, although not certificates of causal
correctness. This trade-off highlights the central design principle
of the proposed approach: favoring structural interpretability
and auditability when the data-generating process is compatible
with additive mechanisms. The cardiovascular use case illus-
trates the intended role of the method: providing causal-query
performance together with simplified structural equations and
auditable visualizations. These results support the feasibility
of combining expressive generative modeling with functional
transparency, a property that is particularly relevant for high-
stakes applications where auditing and mechanistic understand-
ing are required.

Despite its advantages, the proposed approach presents sev-
eral limitations. First, the model relies on structural mechanisms
that admit relatively low-complexity functional decompositions.
When the true data-generating process exhibits strongly nonad-
ditive, highly entangled, or heteroscedastic interactions, more
flexible deep causal generative models can achieve superior
density approximation and counterfactual accuracy, as observed
in Section V. In such regimes, enforcing structured functional
representations may lead to approximation bias. Second, in-
terpretability is inherently tied to model simplification: simple
models are preferred but not always sufficiently flexible. Pruning
and symbolic approximation improve transparency but may
degrade predictive fidelity, introducing a trade-off between au-
ditability and accuracy. While the validation pipeline mitigates
this risk through independence and distributional diagnostics, it
cannot guarantee that the learned mechanisms coincide with the
true structural equations, particularly under model misspecifi-
cation and in low-sample regimes.

Third, the methodology assumes causal sufficiency and a
correctly specified causal graph, as is common in causal gen-
erative models that learn structural mechanisms conditional on
a given graph. This assumption is central because KaCGM
learns mechanisms once the parent sets are fixed. Consequently,
hidden confounding or graph misspecification can invalidate
the generative interpretation and the associated interventional
and counterfactual estimates, even when the observational dis-
tribution is well approximated. Therefore, trustworthy use of
KaCGM requires the assumed graph to be supported by experi-
mentation, domain expertise, and, when appropriate, statistical
causal-discovery tools; the model alone cannot certify causal
validity under graph misspecification.

Several directions for future research arise from this work.
First, one may extend the architecture to increase density
approximation flexibility while preserving interpretability. In
particular, KAN-based normalizing flow constructions could al-
low more expressive transformations of the exogenous variables,
including neural spline flows [69] or unconstrained monotonic
neural networks [70]. Such extensions would require new inter-
pretability tools to ensure that increased flexibility does not com-
promise auditability. Second, alternative functional bases be-
yond spline parameterizations may be explored, such as Fourier
expansions [34], which could provide improved inductive biases
in periodic or oscillatory mechanisms. Third, assessing partial
well-specification represents an important practical direction.
Instead of requiring global model adequacy, one may restrict
attention to subsets of intervention targets for which additive
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structure is sufficiently accurate, as suggested in recent work
on partial model validation [50]. Another promising avenue
is regression by dependence minimization [53], enforcing in-
dependence between inferred exogenous variables and their
parents to strengthen structural validity. Finally, extending the
methodology beyond causal sufficiency remains an open chal-
lenge. Incorporating proxy-based adjustments [25] or leveraging
graph transformations that yield equivalent identifiable struc-
tures [24] would broaden applicability to settings with hidden
confounding.

In summary, this work advances interpretable causal genera-
tive modeling by demonstrating that structured, additive neu-
ral architectures can provide competitive performance while
enabling direct inspection of structural equations. This contri-
bution aims to encourage further research at the intersection
of causal modeling, generative learning, and functional inter-
pretability.
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