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Abstract
Greedy equivalence search is among the most widely used methods for causal discovery. Recent

work has established a theoretical foundation for extending GES to nonparametric models, an
approach that relies on Bayesian likelihood estimation. In parallel, the prior–data fitted network
paradigm was introduced, demonstrating superior accuracy and computational efficiency over stan-
dard tabular models across a wide range of predictive tasks, while naturally providing Bayesian
predictive posteriors. In this paper, we integrate TabPFN as a Bayesian likelihood estimator within
nonparametric GES and conduct an extensive empirical evaluation of the resulting approach. The pro-
posed method consistently outperforms state-of-the-art nonparametric causal discovery methods on
a range of synthetic, simulated, and real-world datasets. These results highlight the PFN paradigm as
a natural and promising direction for advancing causal discovery in complex real-world applications.

1. Introduction

Causal discovery is the central problem in scientific inquiry, as it aims to uncover the underlying
mechanisms governing complex systems from observational data. By learning causal structure,
scientists can move beyond correlation to enable principled causal reasoning, robustness to distri-
bution shifts, and generalization across domains. To address real-world problems, causal discovery
methods must function in nonparametric settings. Parametric assumptions, while convenient for
theoretical analysis, often fail to capture the complexity of natural systems, limiting the reliability of
the resulting causal models. Consequently, there is a growing need for causal discovery algorithms
that remain valid under minimal modeling assumptions.

Greedy Equivalence Search (GES) is one of the most theoretically well-understood methods for
causal discovery, but until recently, its guarantees were largely limited to linear parametric models.
Recent work established a theoretical foundation for GES with nonparametric likelihoods (Aragam,
2024), requiring only modest modifications to the original algorithm and minimal assumptions on
the data-generating process. Crucially, this extension relies on a Bayesian treatment of likelihood
estimation, in which uncertainty over unknown functional relationships must be integrated out through
a posterior predictive score rather than approximated by point estimates. While Bayesian neural
networks offer a natural instantiation of this principle, they are often computationally expensive,
sensitive to hyperparameters, and difficult to optimize, motivating the need for more practical
Bayesian likelihood models.

In parallel, the tabular data community has developed a class of foundational models based on
the prior–data fitted network (PFN) paradigm. These models are pretrained on data generated from a
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specified prior over data-generating processes and perform Bayesian inference at test time (Reuter
et al., 2025). A prominent example is TabPFN, which outperforms standard tabular models across a
wide range of predictive tasks in both accuracy and computational efficiency (Hollmann et al., 2025;
Prior Labs, 2025; Hollmann et al., 2023). Importantly for our setting, TabPFN yields uncertainty-
aware predictive likelihoods by implicitly marginalizing over unknown functional relationships,
making it a natural and practical likelihood model for nonparametric GES.

In this paper, we incorporate TabPFN into the nonparametric GES algorithm and provide an
extensive empirical evaluation of the effectiveness of nonparametric GES paired with TabPFN as a
Bayesian likelihood estimator. We compare the proposed approach against a range of state-of-the-art
nonparametric causal discovery methods, assessing both structural accuracy and computational
efficiency across synthetic, simulated, and real-world datasets. The results show that our approach is
consistently more accurate, decreasing structural error by up to 92%, while remaining computationally
competitive with methods based on continuous optimization. These findings point toward the PFN
paradigm as a natural and promising direction for advancing causal discovery in complex real-world
applications.

Our contributions include:

• We design PF-GES, a principled and efficient nonparametric causal discovery method by
linking recent advances in causal discovery with equivalence search and Bayesian inference
for tabular data.

• The proposed approach outperforms state-of-the-art nonparametric causal discovery methods
on a series of synthetic, simulated, and real-world datasets.

• We address key practical challenges in applying nonparametric GES efficiently and demonstrate
the impact of our solutions through ablation studies.

The remainder of the paper is structured as follows. In Section 2 we introduce previous work
that facilitates our contribution. In Section 3 we provide our technical contribution together with the
description of the proposed approach. Further in Section 4, we discuss existing approaches for causal
discovery in a nonparametric setting and applications of the PFN paradigm in causality. Finally, we
provide an extensive empirical evaluation of our method in Section 5.

2. Background

2.1. Prior-Fitted Networks and TabPFN

Prior-Fitted Networks are a paradigm for training Bayesian models that has gained recognition and
positive community feedback (Müller et al., 2025). PFNs are pre-trained models trained on synthetic
data generated from a specified prior that are designed to approximate the posterior predictive
distribution (PPD). The prior π(f) defines a space of hypotheses F on the relationship of a set of
inputs to the outputs. Each hypothesis can be understood as a mechnism that define a data distribution
from which one can sample a dataset. The PPD can be expressed as integral over the space of the
hypotheses

p(y|x,D) ∝
∫
F
p(y|x, f)p(D | f)π(f) df. (1)

The PFNs perform Bayesian prediction of PPD under a mechanism prior π(f) (Müller et al.,
2022). In practice, the PFN training objective is defined on synthetic datasets sampled from a prior

2



NONPARAMETRIC GES WITH PFN

p(D) = Ef∼π(f)p(D|f). For a single test point {(xtest, ytest)} = Dtest, the loss minimized during
training is

LPFN = E{(xtest,ytest)}∪Dtrain∼p(D) [− log qθ(ytest | xtest, Dtrain)] , (2)

where θ are parameters of the PFN model. During inference, PFNs perform in-context predic-
tion of the PPD given input data. This paradigm is was also described under the name Neural
Processes (Garnelo et al., 2018).

TabPFN is a pre-trained transformer for classification and regression on tabular data (Hollmann
et al., 2023) that builds on the PFN idea. The authors used a synthetic prior based on Structural
Causal Models and Bayesian Networks. The method demonstrates excellent accuracy and speed,
outperforming classical approaches like boosted trees at regression and classification tasks. Research
in transformer-based models for tabular data remains highly active, with ongoing improvements
focusing on computational efficiency, scaling to larger datasets, and handling higher feature counts
(Prior Labs, 2025; Kolberg et al., 2025).

2.2. Causal Graphical Models

A causal graphical model is a directed acyclic graph (DAG) G = (V,E) where nodes V =
{X1, X2, . . . , Xn} represent random variables and directed edges E represent direct causal re-
lationships. The joint probability distribution over the variables factorizes according to the graph
structure as:

P (X1, X2, . . . , Xn) =
n∏

i=1

P (Xi | Pa(Xi)) (3)

where Pa(Xi) denotes the set of parent nodes of Xi in G.

2.3. Causal discovery

The goal of causal discovery is to recover the underlying graph structure of the data-generating
process given data sampled from a joint distribution PX . Without further assumptions, this is only
possible up to a class of graphs that encode the same conditional independence statements called the
Markov Equivalence Class (MEC).

Existing approaches to causal discovery can be broadly divided into two classes. Constraint-based
methods, such as the PC algorithm, infer causal structure by performing a sequence of conditional
independence tests. Likelihood-based (or score-based) methods formulate causal discovery as an
optimization problem, seeking the graph that maximizes a likelihood-based score.

Greedy Equivalence Search The Greedy Equivalence Search takes the score-based approach
to causal discovery (Meek, 1997). It is a well-established algorithm that has an efficient way of
searching through the space of possible structures. The algorithm begins with an empty graph and at
each step modifies the graph by edge insertions or deletions to improve the score.

In the forward phase, GES begins with an empty graph, considers all graphs in the neighborhood
nb+(G) (graph G with an additional edge inserted) at each step, and picks the highest scoring
graph until no further improvements in score are possible. In the backward phase, it considers
graphs from nb−(G) (G with one edge deleted) and picks the graph with the highest score until no
deletion increases the score. Later, Hauser and Bühlmann (2012) introduced an additional turning
phase, which can improve results in the finite samples regime. In this phase, the GES algorithm
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identifies all possible edge reversals and applies them until no further score improvement is possible.
The algorithm was shown to be consistent (Chickering, 2002) when the score is locally consistent.
Formally, the forward and backward neighborhoods of a graph G with respect to its MEC C(G) are
defined as:

nb+(G) :=
⋃

H∈C(G)

{Hk,j : (k, j) /∈ E(H)}, (4)

nb−(G) :=
⋃

H∈C(G)

{H−k,j : (k, j) ∈ E(H)}, (5)

where E(H) denotes set of edges of graph H , Hk,j denotes the graph obtained by adding edge (k, j)
to H , and H−k,j denotes the graph obtained by removing edge (k, j) from H .

The score used with the GES algorithm is the Bayesian Information Criterion (BIC) (Schwarz,
1978). BIC is a model selection criterion that trades off log-likelihood and model complexity, which
was proven to be consistent for curved exponential families (Chickering, 2002). Models with higher
BIC are preferred. A common model class used for continuous data with the BIC is the class
of Gaussian linear models, where BIC is consistent under mild assumptions (Chickering, 2002;
Haughton, 1988). The key challenge in applying BIC to more complex datasets is the assumptions
that must be made to calculate BIC like additivity constraints, independent and/or Gaussian noise,
linearity, or other semi-parametric assumptions (Aragam, 2024).

Nonparametric GES Aragam (2024) established a theoretical foundation for applying GES to
nonparametric settings by modifying the standard algorithm. Rather than selecting the highest-
scoring graph in terms of BIC score from the neighborhood, their approach uses a statistical test to
determine whether a candidate graph H is preferred over the current graph G, and accepts any graph
that passes this test with respect to some threshold λ. In the forward phase, the algorithm iterates
over all preferred graphs in nb+(G), whereas in the backward phase it considers preferred graphs in
nb−(G).

The test is constructed using the posterior odds ratio. Given two competing DAGs G and H , we
define the test statistic

PR(G,H) =
P (G | X)

P (H | X)
, (6)

where the model posterior is given by

P (G | X) ∝
∫
F(G)

P (X | f)π(f | G)π(G) df. (7)

Here, F(G) denotes the space of all functions f = (f1, . . . , fd) compatible with graph G, where
each fj represents a conditional density function for node j given its parents in G. The framework
assumes only that these conditional densities are Lipschitz continuous, imposing no parametric or
additive structure (Aragam, 2024). The prior π(f | G) is a structural prior that factorizes over the
conditional densities:

π(f | G) =

d∏
ℓ=1

πℓ(fℓ | paG(ℓ)), (8)

where each πℓ(fℓ | paG(ℓ)) is a prior over the conditional density fℓ given its parent set paG(ℓ). The
test φλ(X;G,H) with threshold λ > 0 is then defined as

φλ(X;G,H) = 1 (PR(G,H) > λ) , (9)
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where φλ(X;G,H) = 1 indicates that G is preferred over H . The graph prior π(G) appropriately
penalizes graph complexity in nonparametric models.

3. Nonparametric GES with PFN

Implementing the nonparametric GES approach requires solving two practical challenges. First,
to conduct the test φλ, one needs access to full Bayesian posterior P (G | X), as expressed by
Equation 7. However, nonlinear and flexible models such as Bayesian Neural Networks (BNNs) are
computationally expensive, both during training and inference, as they require multiple samples to
approximate the posterior (Jia et al., 2020; Duvenaud et al., 2020; Jacobs et al., 2023). Selecting
priors for these networks is also challenging (Nalisnick, 2018; Fortuin, 2022). The beliefs about how
functions should behave have a highly non-trivial relationship to the distributions over the weights
of neural networks (Fortuin, 2022). Therefore, the simplest priors, such as isotropic Gaussians, are
typically used; however, they do not reflect true prior beliefs and can lead to suboptimal performance
(Delaunoy et al., 2021; Fortuin et al., 2022).

Second, the evaluation of the posterior P (G | X) on various graphs needs to be computationally
efficient. Thanks to DAG factorization (recall Equation 3), one does not need to fit a posterior
for each graph separately, but rather for each variable and each possible parent set. The simplest
solution would be to train a separate model from scratch for each parent set configuration. However,
this approach is computationally prohibitive and scales poorly, as the number of possible parent
sets grows exponentially with the number of nodes. Nevertheless, we implemented and tested this
approach in Section 5.4 to showcase its limitations. We believe both challenges can be resolved using
PFN likelihood estimators and describe our solution below.

3.1. Method

Assumptions The proposed approach does not make any parametric assumptions about the data
geneating mechanisms, however standard causal assumptions are needed to ensure recoverabilty of
the Markov Equivalence Class. Our method relies on the data being faithful, causally Markov and
causally sufficient.

Likelihood evaluation Evaluating the posterior ratio test (Equation 6) requires computing the
posterior predictive likelihood p(X|G). This decomposes accordign to the graph structure into:

p(X|G) =
∑
j∈V

p(Xj |Xpa(j), G) (10)

for each node j under varying parent set configurations. Throughout the search, the algorithm may
need to evaluate a substantial number of different parent sets per node, for a d-node graph, up to 2d−1

configurations per node.
We compute p(X|G) using PFN with the following procedure.
For each parent set pa(j), we construct training data from the observed dataset X by treating Xj

as the target and Xpa(j) as features. TabPFN then approximates the posterior predictive distribution
via in-context learning: it takes these training samples as input and outputs the predictive distribution
in a single forward pass, without model training or sampling. This amortized inference is essential
for the computational efficiency of our method.
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To avoid overfitting, we employ cross-validation: we partition the data into five folds of equal
size , use each fold in turn for computing the log-likelihood in the posterior ratio while providing the
remaining folds as context to TabPFN.

Regarding the graph prior, we used priors proposed in (Aragam, 2024), that have two parameters
γ - controlling the scale of prior and Γ controlling how much do we regularize the structures
complexity.

Algorithm 1 Likelihood Evaluation with PFN
Require: Dataset X , PFN likelihood model M , target variable Xj , feature columns Xpa(j)

Ensure: Concatenated likelihood estimates L
1: Split dataset X into five folds: {X1, X2, X3, X4, X5}

for k = 1 to 5 do
2:

end
Training set X train ←

⋃
i̸=k X

i

3: Test set X test ← Xk

4: Predict likelihoods Lk = pM

(
Xtest

j | Xtest
pa(j), X

train
)

5: Append Lk to L
6:

7: return L

Practical implementation of graph selection The nonparametric GES algorithm of Aragam
(2024) uses a statistical test to determine whether a candidate graph H should be accepted over the
current graph G based on the statistical test from Equation 9). The original formulation accepts
any graph that passes this test, without specifying how to choose among multiple candidates that
may simultaneously satisfy the criterion, which is a common occurrence in practice. In the simplest
implementation, the algorithm iterates over candidate operators in a fixed order and accepts the first
graph that passes the test.

Selecting graphs arbitrarily or in enumeration order can be problematic: in the forward phase,
this may lead to accepting edges that create unnecessarily dense intermediate graphs, which both
degrade structural accuracy and substantially increase computation time for subsequent search steps.
We propose a simple but effective modification: rather than accepting the first passing candidate, we
evaluate all graphs in the neighborhood and select the one with the highest posterior ratio.

This greedy selection strategy is consistent with the nonparametric framework; we accept only
graphs that are statistically preferred, while providing a principled way to select the most promising
candidate when multiple options exist. As shown in Table 2, this modification yields substantial
improvements in structural accuracy and enables better scaling to larger graphs. We attribute this
improvement to more confident structural decisions during the search: by selecting graphs with the
strongest statistical evidence at each step, the algorithm makes more reliable progress through the
search space. Importantly, this modification preserves all theoretical guarantees of nonparametric
GES since we maintain the requirement that selected graphs must pass the statistical test.
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4. Related work

Nonparametric constraint-based causal discovery The constraint-based methods of causal
discovery rely on conducting a conditional independence test to identify the graph G. A classic
and widely recognized method in this class is the PC algorithm (Spirtes et al., 2000). It performs
conditional independence tests, increasing the conditioning set in each step, to eliminate non-existent
edges. In the simplest case, the test involves using the Fisher-Z test with the partial linear correlation
coefficient, but can be easily extended by using more general conditional independence tests like the
Kernel Conditional Independence test (KCI) (Zhang et al., 2012). The significant drawback of this
class of methods is the complexity rapidly growing with the number of nodes (Spirtes et al., 2000;
Le et al., 2016).

Neural score-based causal discovery The score optimization problem can be framed as a con-
tinuous non-convex optimization problem, enabling the application of gradient-based methods to
causal discovery. This approach was first introduced in NOTEARS (Zheng et al., 2018). The method
uses neural networks for density estimation and continuous optimization instead of search. The
main component is a constrained optimization of the continuous adjacency matrix with respect to a
differentiable acyclicity constraint. Brouillard et al. (2020) extended the idea to interventional data.
Further, improved acyclicity constraints were proposed, and the optimization procedure has been
adjusted to be even more computationally affordable (Nazaret et al., 2024; Bello et al., 2022; Yu
et al., 2021; Lee et al., 2020).

NOTEARS and follow-up methods use a common scoring function. Namely, the penalized
likelihood score:

s(G,D) = log p(D | G)− λ|G|, (11)

where G denotes the candidate graph, D the observed dataset, |G| the number of edges in G, and
λ > 0 a regularization coefficient that penalizes overly dense structures. Optimizing the score in
Equation 11 with sufficiently small λ is guaranteed to recover a member of the MEC of the true
structure (Brouillard et al., 2020).

In contrast to these approaches, nonparametric GES preserves a discrete, score-consistent search
over Markov equivalence classes while enabling nonparametric likelihoods, avoiding nonconvex
optimization and offering stronger theoretical grounding with competitive empirical efficiency.

PFN for causal discovery and inference The PFN paradigm has recently been applied to causal
inference tasks. Some works proposed amortized solutions for causal effect estimation by training
PFN models on synthetic priors, achieving substantial gains in speed and comparable accuracy when
compared to classical methods (Robertson et al., 2025; Meresht et al., 2025; Dhir et al., 2025a).

Concurrently to our work1, PFN models have also been explored for causal discovery. Swelam
et al. (2025) showed that graph structure can be partially recovered from intermediate activations
of a PFN model, yielding an amortized causal discovery approach similar in spirit to AVICI (Lorch
et al., 2022) and BCNP (Dhir et al.). An alternative approach employs TabPFN as a likelihood model
and optimizes a continuous graph parameterization using policy gradients (Sypniewski et al., 2025).

In contrast to these approaches, our method leverages TabPFN within nonparametric GES,
retaining a discrete, score-consistent search procedure with strong theoretical guarantees for the
optimization process.

1. These works have just been presented during Eurips Workshops on Dec 6-7, 2025.
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5. Experiments

We conduct a thorough evaluation of the proposed approach and compare it against state-of-the-art
nonparametric causal discovery methods. In Section 5.1 we compare the method on synthetic and
simulated data. In Section 5.2, we discuss results on a real-world dataset. Further, we compare the
computational efficiency of the methods in Section 5.3. Finally, in Section 5.4 we provide ablation
studies which validate our design choices described in Section 3.

Baselines We compare the proposed approach with state-of-the-art causal discovery methods:
PC (Spirtes et al., 2000), GES (Meek, 1997), DCDI (Brouillard et al., 2020), SDCD (Nazaret et al.,
2024). We use a PC with the KCI test to handle a nonparametric setting. For GES, we used the
implementation provided by Gamella (2024), facilitating an additional turning phase introduced in
(Hauser and Bühlmann, 2012) that improves the performance in the finite sample regime. We denote
this baseline as GES(BIC) to distinguish it from our approach, which we denote PF-GES. DCDI and
SDCD are continuous neural methods that leverage expressive neural architectures and continuous
optimization for causal discovery. We used implementations of these methods that were provided by
the authors.

Metrics. We report performance using Structural Hamming Distance (SHD). Since causal discovery
in our benchmark is not identifiable beyond the Markov equivalence class, we evaluate distances
between the completed partially directed acyclic graphs (CPDAGs) of the estimated and ground-truth
structures.

5.1. Synthetic and simulated data

Datasets. We consider synthetic settings where graphs are sampled from the Erdős–Rényi(ER) or
Scale-Free(SF) class, functional relations are modeled using randomly initialized neural networks,
and additive Gaussian noise with different variances is assumed. The data is normalized during
generation process to avoid Var-sortability Reisach et al. (2021). This setup follows standard practice
in the literature (Brouillard et al., 2020; Lorch et al., 2021; Nazaret et al., 2024; Annadani et al.,
2023). The details of the data generation procedure are provided in Appendix C. We consider graphs
of varying sizes and densities, indicated in parentheses in the graph name by first listing the number
of nodes and then the number of edges (e.g., ER(10, 20) denotes an Erdős–Rényi graph with 10
nodes and 20 edges).

Second, we evaluate on datasets generated by the SERGIO simulator, which models realistic
biological relations (Dibaeinia and Sinha, 2020), with underlying graph structures sampled from
the Scale-Free class and functional relationships generated using expert-designed differentiable
equations. For each graph size, density, and type, we evaluate the methods on 10 datasets of size
1000 samples. We report the mean and 95% confidence intervals for the evaluation metric.

Experimental setup We report hyperparameters used by each method in the Appendix A. Depend-
ing on the quality of default values, we conducted additional searches in hyperparameter spaces. All
methods have one hyperparameter that regulates the density of the solution. For fair comparison,
when all other parameters were selected, we conducted an additional grid search over the sparsity
parameter. We report the results for the value of the sparsity parameter that achieved the best average
performance across all considered datasets of a certain type, size, and density.
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Figure 1: Benchmark results on synthetic and simulated (SERGIO) datasets. Error bars show 95%
bootstrap confidence intervals.

DCDI SDCD PC (KCI) PF-GES GES (BIC)

52 98 41 28 34

Table 1: Benchmark results on the Causal Chambers dataset.

Results. Figure 1 summarizes the benchmark results. The corresponding numerical values are
reported in Table 6 in the Appendix. Our method, PF-GES, substantially outperforms all baselines on
synthetic datasets, achieving the lowest SHD across all eight dataset variants. Remarkably, PF-GES
almost perfectly recovers graphs with up to 10 nodes, attaining an SHD of 1.1 for ER(10,20) and 3.3
for SF(10,20) using only 1,000 samples. To the best of our knowledge, such performance has not been
reported previously and highlights the strong potential of PFN-based models for causal discovery.

On the SERGIO simulated data, the performance gap between our approach and the baselines is
smaller. We hypothesize that this is due to the PFN training prior being well aligned with synthetic
data, whereas SERGIO exhibits systematically different characteristics. Notably, PF-GES does not
fail to estimate the data likelihood in the simulated setting; rather, it is only less efficient than in the
purely synthetic case.

5.2. Real-world data

We evaluate the methods on Causal Chambers dataset (Gamella et al., 2025) a real-world physical
system where a ground-truth DAG is known and consists of 20 nodes. To make the comparison fair,
in this setting, we again conduct a grid search over the sparsity parameter, but this time select the
best solution based on the likelihood of the held-out sample.

We compare the SHD of the obtained solutions in the Table 1. Our approach improves the
structural accuracy by a large margin. This demonstrated that even with synthetic priors on the PFN
training data, we can obtain substantial improvements in a real-world setting.

5.3. Computational cost comparison

To provide additional insight into the computational efficiency of our approach, we compare execution
times across methods on standardized hardware consisting of 16 CPU cores and a single NVIDIA
A100-SXM4-40GB GPU. Execution times are measured as wall-clock runtime. Note that the
GES(BIC) and PC baselines does not utilize GPU acceleration.
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Figure 2: Comparison of causal discovery accuracy and running time. The closer to the bottom left
corner, the better. The various shapes describe different datasets used in the evaluation. The graph is
based on synthetic and simulated data from graphs of sizes 10 and 20.

Figure 2 compares the benchmarked methods in terms of runtime (x-axis) and accuracy (y-axis),
illustrating the trade-off between computational cost and solution quality. In some settings, such as
the SF(10,20) graphs (triangular markers), our method achieves a favorable Pareto position, being
both faster and substantially more accurate than competing approaches.

Overall, our approach remains competitive in runtime with continuous-optimization baselines on
smaller graphs (10 nodes), but its execution time increases noticeably with graph size. Moreover, run-
time is highly sensitive to the underlying graph structure: Erdős–Rényi and scale-free graphs with the
same number of nodes and expected density can exhibit substantially different execution times. This
additional computational cost is, however, consistently compensated by markedly improved accuracy.

Runtime differences between graph types. We observed that for PF-GES, causal discovery on
Erdős–Rényi graphs consistently takes more time than on Scale-Free graphs of the same size and
expected density. We hypothesize that this is due to structural characteristics of ER graphs: during the
forward phase, the search tends to reach more saturated intermediate graphs compared to SF graphs,
resulting in larger neighborhoods to evaluate at each step. While GES is known to have exponential
worst-case complexity, from our observation this manifests more strongly in ER graphs than in SF
graphs. This behavior could potentially be mitigated by incorporating algorithmic improvements
to GES, such as those proposed in Selective Greedy Equivalence Search (Maxwell Chickering and
Meek, 2015), FGES (Ramsey et al., 2017) or XGES (Nazaret and Blei, 2025), which we leave for
future work.

5.4. Ablations on the likelihood model

Likelihood model comparison TabPFN has demonstrated strong performance on regression and
classification tasks, often matching or outperforming established methods such as gradient-boosted
trees across diverse tabular datasets (Hollmann et al., 2025). However, the original work devoted
relatively little attention to evaluating the quality of the posterior predictive distribution, the key
quantity required for our application. Since accurate posterior estimation is critical for the reliability
of the posterior ratio test, we conducted ablation studies comparing TabPFN against Bayesian Neural
Networks, a natural alternative for nonparametric Bayesian inference.
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#Nodes SCM type GES (BNN) PF-GES

5 ER(5,5) 6.5 (5.48, 7.4) 0.8 (0.0, 2.4)

SF(5,5) 7.4(6.4, 9.0) 0.2 (0.0, 1.0)

10 ER(10,20) 25.9 24.1, 28.3 1.1 (0.4, 2.2)

SF(10,20) 21.4 (18.8, 24.9) 3.0 (1.4, 8.6)

SERGIO 29.1 (26.3, 31.3) 24.2 (21.6, 26.8)

Table 2: Ablation results on synthetic and simulated (SERGIO) datasets comparing PF-GES with
GES with BNNs. Values in brackets describe 95% bootstrap confidence intervals.

For the BNN baseline, we trained a separate network for each parent set configuration evaluated
during the search. We first performed a grid search over architectural and training hyperparameters
(network depth, width, learning rate, and prior variance) on a held-out validation set to identify
the best configuration. We then used these optimized hyperparameters within our GES method,
conducting the same sparsity parameter grid search as described in the benchmark section.

Table 2 presents the results of this comparison. TabPFN substantially outperforms the BNN
baseline across all graph types and sizes, achieving a dramatically lower SHD metric. For instance,
on ER(10,20) graphs, TabPFN achieves an SHD of 1.1 compared to 21.4 for BNNs. These results
demonstrate that TabPFN’s pretrained prior provides significantly more reliable posterior estimates
than BNNs trained from scratch on limited data, strengthening our choice of likelihood model.

Graph selection strategy We also evaluated the practical benefit of our greedy graph selection
strategy described in Sec. 3.1 against the baseline approach of accepting any graph that passes the
statistical test in enumeration order.

Table 3 shows that the greedy selection strategy yields substantially better results across most
settings. On ER(10,20) graphs, greedy selection achieves an SHD of 1.1 compared to 9.4 for
the enumeration baseline. Similarly, substantial improvements are observed on SF(10,20) graphs
and bigger graphs. The only exception is SERGIO with 10 nodes, where both methods perform
comparably (24.2 vs 24.0 SHD), with overlapping confidence intervals indicating no significant
difference.

Furthermore, the naive enumeration strategy is severely limited in scalability. On ER(20,40)
graphs, the enumeration approach exceeded our 24-hour time limit during the forward phase and
could not complete, while the greedy strategy finished successfully.

6. Conclusions and discussion

In this work, we introduced new causal discovery approach that incorporates PFN paradigm into
greedy equivalence search framework. The proposed approach outperforms state-of-the-art nonpara-
metric causal discovery methods, often by a large margin, across synthetic, simulated, and real-world
datasets. These findings point toward the PFN paradigm as a natural and promising direction for
advancing causal discovery in complex real-world applications.

On data-prior selection. TabPFN is trained entirely on synthetic data drawn from a prior defined
by randomly initialized neural networks. Given the exceptionally strong performance of our method
on standard synthetic benchmarks, we believe that the training prior of TabPFN is well aligned with
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#Nodes SCM type PF-GES PF-GES (RANDOM)

5 ER(5,5) 0.85 (0.3, 1.8) 1.2 (0.6, 2.4)

SF(5,5) 0.4 (0.0, 1.6) 1.27 (0.67, 2.3)

10 ER(10,20) 3.45 (1.9, 5.5) 8.4 (6.2, 10.9)

SF(10,20) 5.25 (3.6, 7.3) 8.3 (5.5, 11.0)

SERGIO 24.95 (22.8, 27.4) 26.75 (25.0, 28.9)

20 ER(20,40) 5.6 (3.6, 8.9) -
SF(20,40) 11.05 (8.1, 14.8) 30.2 (25.6, 37.1)

SERGIO 53.75 (49.6, 58.9) 60.8 (55.6, 65.2)

Table 3: Ablation results on synthetic and simulated(SERGIO) datasets comparing the described
graph selecting methods. Values in brackets describe 95% bootstrap confidence intervals.

the assumptions underlying these benchmarks. Importantly, this prior is sufficiently general to enable
PFN to accurately estimate likelihoods and to improve DAG recovery even in settings involving more
complex functional relationships, such as SERGIO and Causal Chambers.

Recently, Olko et al. (2025) advanced the thesis that limitations in likelihood estimation constitute
a primary bottleneck for the performance of modern causal discovery methods. Since our approach
does not introduce substantial modifications to the structure search procedure, we attribute the
strong empirical performance primarily to the quality of likelihood estimation provided by TabPFN.
This interpretation is consistent with the findings of Sypniewski et al. (2025) and provides further
experimental support for this thesis.

Taken together, these results suggest that designing and leveraging application-specific priors
can substantially improve the quality of causal discovery, making this a promising direction for
future work. Preliminary evidence from Bühler et al. (2025) indicates that adapting PFNs to specific
domains may be relatively straightforward, while findings from Ma et al. (2025) suggest that even
imperfectly aligned priors can still yield substantial performance gains.

Finally, while prior work has extensively evaluated PFNs and related models using predictive
metrics such as negative log predictive density, these evaluations primarily focus on average predictive
performance. Our approach relies on the assumption that the PFN prior is well aligned with the
data-generating process and therefore yields informative likelihood predictions. However, existing
evaluation protocols do not provide structured diagnostic tools for assessing prior–data alignment or
for determining whether a given PFN is appropriate for a specific dataset or causal task. Developing
principled evaluations of posterior reliability and prior–data compatibility would be valuable for
validating PFN-based causal discovery methods in real-world applications.

On computational efficiency. While our method demonstrates superior structural accuracy, the
basic implementation of GES employed in this work can become computationally demanding on
larger graphs. Having established the accuracy of nonparametric GES with PFN likelihood estimation,
the natural next step is to enhance its computational efficiency.

Fortunately, there exists a rich line of research on algorithmic improvements to GES that could
potentially be integrated into the nonparametric framework. Fast Greedy Equivalence Search (Ramsey
et al., 2017) achieved remarkable scalability through a combination of algorithmic modifications and
parallel implementation, successfully running on graphs with a million variables. More recently,
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eXtremely Greedy Equivalence Search (Nazaret and Blei, 2025) introduced a new heuristic that
improves the search strategy while preserving GES’s theoretical guarantees. Similarly, Andrews et al.
(2023) proposed an algorithm using BIC score with best order score search and grow-shrink trees,
achieving excellent scalability. An exciting direction for future research is to investigate whether these
algorithmic innovations can be successfully integrated with nonparametric GES. Such integration
could combine the superior accuracy we have demonstrated with the computational efficiency needed
to tackle very large causal discovery problems. This would be particularly valuable for real-world
applications in domains such as genomics and systems biology, where both nonparametric flexibility
and scalability to thousands of variables are essential.
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Appendix A. Details of parameter tuning.

PF-GES (our method) We performed a grid search over two key hyperparameters: the prior
regularization coefficient π(G) (which corresponds to the graph prior in Equation 8) and the threshold
λ used in the statistical test (Equation 9). For the threshold, we considered differences in logarithms
of the posterior ratio.

The grid search ranges were:

• Prior regularization: {0.00001, 0.0001, 0.001, 0.01}

• Threshold λ: {−0.1,−0.01,−0.001,−0.0001, 0.0001, 0.001}

To balance computational efficiency with generalizability, we tuned hyperparameters on smaller
graphs and applied the selected values to all graph sizes within each data type. Specifically, parameters
were selected based on performance on 5-node graphs (ER(5,5) and SF(5,5)) and 10-node SERGIO
graphs, then used for all larger instances of the respective graph class.

The final selected parameters were:

• Erdős-Rényi (ER): prior regularization = 0.00001, λ = −0.01

• Scale-Free (SF): prior regularization = 0.001, λ = −0.01

• SERGIO: prior regularization = 0.0001, λ = −0.01

These parameters were used consistently across all experiments reported in Section 5.
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GES(BNN) We implemented Bayesian Neural Networks using the Pyro probabilistic programming
library (Bingham et al., 2019). The hyperparameter tuning was conducted in two stages.

First, we performed a grid search over neural network architectures and training hyperparameters.
To reduce computational cost, this search was conducted on 10-node graphs, allowing us to train
more networks for comparison. For each dataset, we selected the architecture that achieved the
lowest negative log-likelihood on held-out validation data. The grid included:

• Layer widths: {[4, 4], [8, 8], [16, 16]}

• Learning rate: {0.003, 0.01}

• Prior scale: {0.5, 1.0, 2.0}

Second, using the selected neural network configurations, we performed a grid search over the
GES method hyperparameters (prior regularization and threshold λ) as described for PF-GES above.

The final selected parameters were:

• Erdős-Rényi (ER): layers [16, 16], learning rate = 0.003, prior scale = 2.0, prior regularization
= 0.001, λ = −0.001

• Scale-Free (SF): layers [16, 16], learning rate = 0.003, prior scale = 2.0, prior regularization
= 0.001, λ = −0.01

• SERGIO: layers [4, 4], learning rate = 0.01, prior scale = 0.5, prior regularization = 0.001,
λ = −0.01

AVICI For SERGIO dataset, the model pretrained for this dataset was used "neurips-grn" model.
For all other datasets we used "scm-v0" model trained for the most broad settings. TODO

DCDI We found the default parameters of DCDI to be stable and performing well across various
settings. For the grid search over sparsity coefficient, we considered the following values: 5.5, 3.0,
1.7, 1.0, 0.3, 0.1.

SDCD We observed that the default hyperparameters provided with the original SDCD implemen-
tation did not reproduce the performance reported in the paper. To obtain competitive results, we
performed an extensive random search over the optimization hyperparameters. The search ranges are
summarized in Table 4. Hyperparameter tuning was conducted on the ER(10, 20) synthetic graph
class. Final values were selected manually based on a trade-off between accuracy, measured by the
lowest structural Hamming distance (SHD), and stability, defined as robustness of SHD to small
perturbations of the hyperparameters. The selected configuration is reported in Table 5 and was used
across all benchmark settings, including SERGIO.

SDCD includes two sparsity-controlling hyperparameters: one applied during the preliminary
optimization stage without the acyclicity constraint, and another used in the main optimization stage.
To simplify usage and reduce the dimensionality of the search space, we coupled these parameters
using the relation α1 = α2/3. Consequently, sparsity tuning was performed only over α2, with the
following values considered: 1e-3, 3e-4, 1e-4, 3e-5, and 1e-5.
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SCM type DCDI SDCD PC (KCI) AVICI PF-GES GES (BIC)

ER(5,5) 4.0 (2.1, 6.9) 6.4 (4.6, 8.7) 3.8 (2.1, 5.2) 4.3 (2.3, 6.4) 0.8 (0.0, 2.4) 6.0 (3.6, 7.9)

SF(5,5) 5.8 (4.0, 7.9) 4.1 (3.3, 5.4) 0.5 (0.1, 1.2) 0.2 (0.0, 1.0) 4.6 (2.3, 7.7)

ER(10,20) 15.2 (12.9, 17.3) 17.8 (14.8, 21.2) 16.9 (14.1, 19.1) 11.9 (7.8, 15.4) 3.5 (1.5, 6.4) 31.5 (26.9, 33.9)

SF(10,20) 12.3 (9.0, 15.7) 16.5 (13.3, 21.2) 10.8 (8.5, 13.2) 8.2 (5.9, 11.2) 3.0 (1.4, 7.7) 29.8 (25.4, 34.4)

SERGIO 10 34.0 (31.9, 37.0) 27.1 (24.9, 29.8) 29.0 (26.4, 31.4) 29.0 (25.0, 30.8) 24.2 (21.6, 26.8) 30.1 (28.9, 31.6)

ER(20,40) 35.9 (29.6, 43.9) 30.8 (27.0, 34.6) 29.3 (26.1, 33.1) 18.4 (15.9, 23.0) 7.6 (4.7, 12.7) 100.8 (93.5, 110.0)

SF(20,40) 41.1 (31.3, 57.7) 35.1 (30.6, 44.4) 20.5 (14.7, 39.0) 11.1 (4.8, 34.5) 30.2 (25.2, 38.3)

SERGIO 20 62.7 (59.4, 65.7) 60.4 (56.6, 64.6) 65.0 (60.0, 72.3) 57.4 (52.0, 61.2) 55.0 (47.2, 63.9) 80.0 (72.8, 88.5)

Table 6: Benchmark results on synthetic and simulated (SERGIO) datasets in terms of SHD metric.
Values in brackets describe 95% bootstrap confidence intervals.

learning rate1 [6e-5, 6e-3]
learning rate2 [3e-5, 3e-3]

#epochs [2000, 32000]
α1 [1e-7, 3e-2]
α2 [3e-6, 3e-3]
β1 [0, 3e-3]
β2 [0, 3e-3]
γ [0.0001, 0.5]

Table 4: Random grid search ranges for SDCD method.

learning rate1 6e-3
learning rate2 3e-3

#epochs 32 000
β1 1e-4
β2 3e-4
γ 0.001

Table 5: Parameters selected for evaluation.

GES and PC There was no grid search nor sparsity tuning conducted for those algorithms.

Appendix B. Numerical experimental results

We provide numerical results for Figure 1 in the Table 6.

Appendix C. Data Generation Details

We generate data according to SCMs with varying parametric constraints, which are described in
detail below. During generation, the data are normalized to prevent the creation of evaluation datasets
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that can be solved using simple heuristics (Reisach et al., 2023, 2021). Variable values are generated
in topological order. After each variable is generated, it is normalized before being used as input to
the mechanisms generating its children. All mechanisms are aligned with previous work Brouillard
et al. (2020).

Neural networks with additive noise This mechanism is implemented using a two-layer neural
network with width 8 and a ReLU nonlinearity. Network weights are initialized from a standard
normal distribution, while biases are initialized from a uniform distribution U(− 1√

8
, 1√

8
). The inputs

to the network consist of the parent variables, and noise is incorporated additively. Noise is sampled
from a Gaussian distribution with zero mean and variable-specific variance, where σ2 ∼ U(0.02, 0.1)
independently for each variable.

Neural networks with non-additive noise This mechanism uses a two-layer neural network with
width 8 and a tanh nonlinearity. As in the additive case, weights are initialized from a standard
normal distribution and biases from U(− 1√

8
, 1√

8
). The inputs to the network include both the

parent variables and a noise term. Noise is sampled from a zero-mean Gaussian distribution with
independent, variable-specific variances drawn from σ2 ∼ U(0.02, 0.1).

Linear data with uniform noise This mechanism is based on linear functions whose coefficients
are sampled from U(0.25, 1). The sign of each coefficient is sampled independently, with equal
probability of being positive or negative. Additive noise is applied, where the noise is sampled from
a variable-specific uniform distribution.

Appendix D. Bootsrapping details

The 95% confidence intervals reported throughout the paper are computed using the BCa (bias-
corrected and accelerated) bootstrap method as implemented in scipy.stats.bootstrap (Vir-
tanen et al., 2020) with default parameters (9999 resamples, 95% confidence level). For each dataset
configuration, we compute the bootstrap confidence interval of the mean metric (e.g., SHD) across
the evaluation datasets.

Appendix E. Marginal-Likelihood-Based Causal Discovery: Guarantees and
Discussion

PF-GES leverages Bayesian hypothesis tests to compare candidate graphs. The comparison between
candidate graphs relies on the computation of the marginal likelihood. Recent work has shown that,
when used for Bayesian model selection, marginal likelihood, as opposed to maximum likelihood, can
yield full identification of the data-generating graph without additional assumptions. In this section,
we clarify the differences between our method and these approaches, and explain why PF-GES does
not fall under the scope of these stronger identification results. PF-GES is not a fully Bayesian causal
discovery method, as it does not estimate a posterior distribution over graph structures.

Theoretical guarantees PF-GES and the methods of Dhir et al. (2024, 2025b) operate under
fundamentally different paradigms, leading to distinct theoretical guarantees and trade-offs. PF-
GES (and nonparametric GES methods more broadly) enjoys pointwise consistency for Markov
equivalence class recovery: given a sufficiently large sample size, the algorithm is guaranteed to
identify the correct MEC. This is the same type of guarantee provided by other established causal
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discovery methods, such as PC (assuming a valid conditional independence test) and DCDI (under
sufficiently small regularization).

In contrast, Dhir et al. (2024, 2025b) aim to identify the full directed acyclic graph, including
distinctions within a Markov equivalence class, by leveraging Bayesian model selection together
with the independent causal mechanisms principle. Their guarantees are probabilistic rather than
asymptotic: for example, Theorem B.7 in Dhir et al. (2025b) shows that the probability of error is
strictly smaller than that of random guessing, and empirical results suggest that this error is typically
low. This form of probabilistic performance guarantee is fundamentally different from pointwise
consistency. How these differing paradigms compare in real-world causal discovery tasks remains
largely unexplored and constitutes an interesting direction for future work.

Appendix R. Rebuttal experiments

R.1. Additional metrics for main result

Figure 3: Comparison of causal discovery methods on synthetic (ER and SF) and simulated (SERGIO)
datasets with varying graph sizes (5, 10, and 20 nodes) for SHD metric. Error bars represent 95%
bootstrap confidence intervals calculated across 10 seeds.

We present the results of the main benchmark evaluated under three complementary met-
rics—SHD (Figure 3), SID (Figure 4), and F1 (Figure 5)—and include additional baselines (AVICI,
GES) beyond those reported in the main text.

Considering first the SHD metric, PF-GES achieves the best or comparable-to-best results across
all dataset configurations. The only setting where another method reaches similar performance is
SERGIO with 20 nodes, where AVICI attains a comparable SHD, however the difference on F1
metric is significant and favourable for PF-GES method. We note, however, that AVICI uses a
pretrained model specifically designed for the SERGIO simulator, whereas PF-GES relies on the
standard, off-the-shelf TabPFN without any domain-specific adaptation. Importantly, even on this
dataset, PF-GES outperforms AVICI on both the SID and F1 metrics.

Across all three metrics, the results consistently confirm the findings from the main text. PF-
GES dominates on synthetic datasets (ER and SF graphs), where the advantage is particularly
pronounced for 10- and 20-node graphs. On SERGIO data the margins are narrower, consistent
with our hypothesis about prior alignment, yet PF-GES remains competitive or superior under every
metric. The SID results further highlight the practical relevance of our method: lower structural
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Figure 4: Comparison of causal discovery methods on synthetic (ER and SF) and simulated (SERGIO)
datasets with varying graph sizes (5, 10, and 20 nodes) for SID metric. Error bars represent 95%
bootstrap confidence intervals calculated across 10 seeds.

Figure 5: Comparison of causal discovery methods on synthetic (ER and SF) and simulated (SERGIO)
datasets with varying graph sizes (5, 10, and 20 nodes) for F1 score metric. Error bars represent 95%
bootstrap confidence intervals calculated across 10 seeds.

23



GAJEWSKI OLKO

intervention distances indicate that the recovered graphs better preserve the causal ordering, which is
critical for applications involving interventional reasoning. The F1 scores reinforce these conclusions,
showing that PF-GES achieves high precision and recall simultaneously, whereas several baselines
trade off one for the other.

R.2. Comparison on additional mechanisms

Figure 6: Comparison of causal discovery methods on ER(20,40) graphs with 1000 samples using
two additional data-generating mechanisms: linear functions with uniform noise and neural networks
with non-additive noise. Results shown for SHD, SID and F1 score metrics. Error bars represent
95% bootstrap confidence intervals calculated across 10 seeds.

We evaluate the methods on two additional data-generating mechanisms—linear functions with
uniform noise and neural networks with non-additive noise (see Appendix C for details)—using
ER(20,40) graphs with 1000 samples. Results are presented in Figure 6.

On linear data with uniform noise, PF-GES achieves the best performance across all three metrics.
Compared to AVICI, the second-best nonparametric method, PF-GES offers a modest improvement
in SHD but substantially outperforms it on SID and F1. Interestingly, GES (BIC) achieves SID
values comparable to PF-GES on this dataset, however, it exhibits considerably worse SHD and F1
scores.

On data generated by neural networks with non-additive noise, PF-GES again achieves the
best results across all metrics. AVICI is the second-best method, followed by DCDI and SDCD,
which perform comparably to each other. Notably, unlike the linear case, the gap between PF-GES
and AVICI remains consistent across all three metrics, with no significant variation in the relative
improvement on SHD, SID, or F1.

R.3. Evaluation under varying sample size

We evaluate all methods on 10-node graphs across sample sizes of 100, 200, 500, and 1000, reporting
SHD (Figure 7), SID (Figure 8), and F1 (Figure 9).

On ER(10,20) graphs, most methods exhibit consistent improvement with increasing sample
size across all metrics, though the rate of improvement tends to stagnate at larger sample sizes. The
exception is GES (BIC), which does not follow this trend, an expected outcome given its misspecified
parametric assumptions on nonlinear data. Among the remaining methods, PF-GES achieves the
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N

Figure 7: Comparison of causal discovery methods on 10-node graphs (ER, SF, and SERGIO) across
varying sample sizes (100, 200, 500, 1000) for SHD metric. Error bars represent 95% bootstrap
confidence intervals calculated across 10 seeds.

Figure 8: Comparison of causal discovery methods on 10-node graphs (ER, SF, and SERGIO) across
varying sample sizes (100, 200, 500, 1000) for SID metric. Error bars represent 95% bootstrap
confidence intervals calculated across 10 i seeds.

Figure 9: Comparison of causal discovery methods on 10-node graphs (ER, SF, and SERGIO) across
varying sample sizes (100, 200, 500, 1000) for F1 score metric. Error bars represent 95% bootstrap
confidence intervals calculated across 10 seeds.
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best performance across all sample sizes on SHD and F1, with F1 improving with sample size across
methods. The SID results follow a similar pattern, although the improvement with additional samples
is less pronounced or absent for some baselines.

On SF(10,20) graphs, the performance of PF-GES, AVICI, and GES (BIC) becomes largely flat
across sample sizes, suggesting that these methods extract most of the recoverable structure already
from 100 samples. In contrast, DCDI and SDCD show continued improvement as more data becomes
available. Nevertheless, PF-GES achieves the best or comparable performance across all sample
sizes and metrics.

The most nuanced results emerge on the SERGIO dataset. For SHD, AVICI and GES (BIC)
do not improve with increasing sample size—initially matching PF-GES but falling behind as the
sample size grows. Meanwhile, PF-GES, DCDI, and SDCD all benefit from additional samples. For
SID, there is little to no improvement across sample sizes for most methods, with DCDI, SDCD,
and GES closely matching or slightly outperforming PF-GES, while AVICI performs the worst. For
F1, SDCD initially outperforms PF-GES at the smallest sample sizes but is later surpassed by both
PF-GES and GES (BIC). Overall on SERGIO, GES (BIC) matches the performance of PF-GES
across most settings, while AVICI remains significantly worse across all sample sizes and metrics.

R.4. Comparison with DiBS

We compare agains the DiBS approach (Lorch et al., 2021), the results are presented in Figure 10.
DiBS performs comparably to DCDI and SDCD. Our approach achieves better results in all compared
cases under all metrics, often by a large margin.

Figure 10: Comparison with DiBS(pink bar) on synthetic and simulated (SERGIO) datasets. Error
bars show 95% bootstrap confidence intervals.
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