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Abstract

Causal discovery is fundamental for multiple scientific domains, yet extracting
causal information from real world data remains a significant challenge. Given the
recent success on real data, we investigate whether TabPFN, a transformer-based
tabular foundation model pre-trained on synthetic datasets generated from struc-
tural causal models, encodes causal information in its internal representations. We
develop an adapter framework using a learnable decoder and causal tokens that
extract causal signals from TabPFN’s frozen embeddings and decode them into ad-
jacency matrices for causal discovery. Our evaluations demonstrate that TabPFN’s
embeddings contain causal information, outperforming several traditional causal
discovery algorithms, with such causal information being concentrated in mid-range
layers. These findings establish a new direction for interpretable and adaptable
foundation models and demonstrate the potential for leveraging pre-trained tabular
models for causal discovery.

1 Introduction

Traditional causal discovery methods face substantial challenges and impose assumptions that are
often unverifiable in practice (Spirtes et al., 2000; Chickering, 2002). Meanwhile, tabular foundation
models (TFMs), such as TabPFN (Hollmann et al., 2022, 2025), have shown remarkable performance
and generalization on tabular data tasks despite having been pre-trained only on synthetic data.
Which raises a question: do the internal representations of TabPFN encode causal knowledge beyond
statistical correlations? We investigate whether TabPFN’s (specifically TabPFNv2 (Hollmann et al.,
2025)) representations contain causal information by developing a framework that learns to extract
this information for causal discovery. Our framework employs learnable dual-attention decoder and
universal tokens to extract causal signals from TabPFN’s data embeddings and decode them into
adjacency matrices. Our approach combines insights from tabular prompt-tuning methods (Feuer
et al., 2024) as we introduce universal tokens that are tuned to aggregate the causal information via
our decoder for a given dataset in-context, in contrast to dataset-specific tuning, while following the
neural causal discovery framework of Lorch et al. (2022) in terms of problem formulation.

Contributions. We make three primary contributions: (1) introducing a novel research direction
probing tabular foundation models for implicit causal knowledge, (2) developing a causal discovery
framework that depends on foundation model representations, and (3) demonstrating that causal
information is concentrated in the pre-trained TabPFN’s middle layers.

2 Related work and background

Causal discovery Traditional methods exploit observational and interventional data to extract causal
structure following different approaches, including constraint-based (Spirtes et al., 2000), score-based
(Chickering, 2002), continuous optimization (Zheng et al., 2018), and interventional methods (Hauser
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& Bühlmann, 2012; Wang et al., 2017; Brouillard et al., 2020). While many of these approaches
offer strong guarantees, they often make overly strict assumptions about the data generating process,
including the nature of the noise signal (Shimizu et al., 2006), and face exponential computational
complexity as feature sizes increase, leading to an increasing number of statistical tests (Mokhtarian
et al., 2025). In recent years, neural causal discovery methods (Lorch et al., 2022; Ke et al., 2023; Dhir
et al., 2025) address these limitations in an end-to-end manner without imposing the same limiting
assumptions about data in their design, leveraging transformers trained on synthetic datasets for
ef�cient single-pass causal graph prediction that is scalable to increasing feature sizes. Unlike these
methods that are trained speci�cally for the causal discovery task, we exploit existing foundation
models that may encode causal knowledge through their pre-training on predictive tasks.

Prior-Data Fitted Networks and causality Prior-Data Fitted Networks (PFNs) are models pre-
trained on synthetic datasets to perform a variety of predictive tasks. TabPFN (Hollmann et al., 2022,
2025) is pre-trained on datasets generated from structural causal models (SCMs) and has achieved
state-of-the-art performance for classi�cation and regression. Recent extensions of PFNs to causal
inference tasks, including causal fairness and treatment effect prediction (Robertson et al., 2024,
2025; Ma et al., 2025), demonstrate that PFNs can be trained to encode causal representations, which
motivates us to investigate whether TabPFNv2, due to its causal prior, encodes causal knowledge.

AVICI Lorch et al. (2022) introduced a causal discovery framework that amortizes causal struc-
ture learning. Similar to TabPFN, it employs a dual-attention encoder to process the data, whose
embeddings are aggregated into feature-wise representations, each corresponding to a graph node.
These representations are used to predict the adjacency matrix in a pairwise manner. We adopt the
same approach for adjacency prediction (Section 3.1) and loss function (Section 3.2). To ensure a
standardized comparison, we also use the same synthetic data-generating pipeline (Section 3.3).

3 Methodology

3.1 Architecture design

Our proposed architecture is illustrated in Figure 1. We use TabPFNv2's classi�cation backbone
encoder with frozen weights and introducet learnable universal causal tokensQ0 2 R t�f �d , which
are prompt-tuned for causal discovery within a learnable dual-attention decoder that mirrors the
encoder architecture but differs in its attention source. Our architecture proceeds as follows for a
dataset withf features andn samples: (1) We obtain cell-wised-dimensional representations via
TabPFN's frozen embedding layer to produce data embeddingsH0 2 Rn�f �d . These embeddings
pass through the �rst four layers (L = 4 ) of TabPFN's dual-attention encoder, yielding data tokens
HL . (2) In our learnable decoder, causal tokens attend to these data tokens at each layer, summarizing
causal information and producing output tokensRL 2 R t�f �d . (3) We aggregate the decoder outputs
across thet dimension intok tokens (k < t ), which are concatenated along the representational
dimension to form expressive feature-wise representations2 R f �k . (4) These representations are
linearly projected via learnable matricesU; V 2 Rk�k into parent and child embeddings, and a dot
product is applied to predict adjacency entries for each parent–child pair. (5) Finally, we apply a
sigmoid activation to obtain predicted edge probabilities. Further details are provided in Appendix A.

3.2 Objective function

The objective is to amortize causal structure inference by maximizing the log-likelihood of the
ground-truth adjacency matrix, approximated via binary cross-entropy over the edges represented
as binary entries in the matrix. Training also promotes acyclicity of the predicted adjacency matrix,
estimated by its spectral radius following Lee et al. (2019), through constrained optimization. Further
details are provided in Appendix B.

3.3 Data generation

Synthetic data are generated by sampling a directed acyclic graph (DAG) and then drawing samples
from it under causal suf�ciency. For each dataset, all parent–child mechanisms are de�ned using
either a linear or a random Fourier feature (RFF) function. Each variable is sampled conditionally on
its parents according to the chosen functional type. For details about graph structures, mechanisms,
and noise types, see Appendix C.
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Figure 1: Overall architecture of our approach, where the data embeddings from the frozen TabPFN
(left) are attended to in the decoder (middle) to extract aggregated feature-representations for the
adjacency matrix prediction (right)

4 Experiments

4.1 Training and evaluation details

The model was trained for 100,000 optimization steps with a batch size of 32 datasets and their
corresponding DAGs, using the AdamW optimizer (Loshchilov & Hutter, 2019) with cosine annealing
(Loshchilov & Hutter, 2017) (initial learning rate = 5e-4). For each training batch, the feature
dimensionality of datasets was randomly sampled between 4 and 20, proportional to the total
number of features. Each dataset was generated according to one of two sampling schemes: (i)
with probability 0.75, consisting of 100 observational and 100 interventional samples; or (ii) with
probability 0.25, consisting solely of 200 observational samples. The number of causal tokens used is
t = 30, aggregated into k = 4 tokens. Our model has 6M parameters, 3.6M of which are learnable.

We evaluated on 500 datasets with their corresponding DAGs, spanning feature sizes of 5, 7, 10, 15,
and 20. Each dataset contains 300 observational and 300 interventional samples. Our performance is
compared against the pre-trained AVICI (scm-v0) model and statistical baselines for causal discovery,
namely GIES (Hauser & Bühlmann, 2012), IGSP (Wang et al., 2017), and DCDI (Brouillard et al.,
2020). Due to computational constraints, DCDI was evaluated on only 50 datasets. We report the
ROC AUC and AP scores given the probabilistic binary classi�cation nature of our edge predictions.

4.2 Results

Our experiments are geared to answer the following research questions, with the key message that
our framework can extract causal information from TabPFN and outperforms statistical baselines in
the downstream task of causal discovery.

RQ1: Can we extract causal information from TabPFN embeddings? First, we empirically
show that our approach extracts causal information by achieving ROC AUC scores close to AVICI
(Figure 2). While we outperform statistical methods on ROC AUC and AP scores, we observe that the
AP scores decline at increasing feature sizes for our approach and the statistical baselines, suggesting
that while TabPFN encodes causal structure, it struggles to distinguish the correct causal relations as
the number of possible edges increases. Appendix D further analyzes how performance varies across
graph structures, likely due to TabPFN's pre-training on small and sparse graphs for predictive tasks.

RQ2: How does causal information propagate through TabPFN? Figure 3 shows that relying
on data embeddings from the middle layers of TabPFN, namely layers 4-6, results in better causal
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Figure 2: While we outperform statistical baselines (in green), we perform closely to AVICI on ROC
AUC (left) in a stable manner, yet witness an increasing degradation in AP at scale (right).

understanding in comparison to the �rst and last layers. This aligns with interpretations about how
models can de�ne functional understanding in the middle layers, with layers towards the end being
more adapted to the downstream tasks (Sia et al., 2024; Küken et al., 2025).

RQ3: How important is the encoder? We investigate whether TabPFN's encoder captures causal
structure or if our performance is mainly attributed to the decoder. Figure 3 compares embeddings
from four variants: the of�cial pre-trained encoder (Optimal Weights), a randomly initialized encoder
(Random Weights), embeddings before the encoder (Pre-encoder), and a �ne-tuned version trained to
perform worse on classi�cation tasks (Worse Weights). Our results show that using weights and data
embeddings from the pre-trained encoder improves performance in causal discovery, while degrading
predictive performance (Worse Weights) also diminishes causal accuracy, suggesting that TabPFN's
pre-training encodes feature interactions aligned with underlying causal relationships. Appendix D
further shows that the decoder architecture has a comparably strong impact.

Figure 3: AP scores of our approach trained using different encoder/decoder layers (left) and different
initializations/embeddings (right), showing that the middle layers and that embeddings from TabPFN's
encoder of optimal weights encode better causal information.

5 Conclusion and future work

We show that TabPFN's embeddings contain causal information and that our adaptor framework
outperforms traditional causal discovery algorithms when causal information is extracted from mid-
range layers. This further promotes leveraging pre-trained tabular models for extracting causal
structures, improving the interpretability of these models, and aiding in scienti�c discovery. Our
framework can further help understand how tabular foundation models reason about different datasets,
and provides a way to repurpose tabular foundation models for different downstream tasks.
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A Architecture

Our architecture integrates three main components that interact sequentially to extract and model
causal structure from tabular data. First, TabPFN's pre-trained embedding layer and encoder transform
each value in a dataset into a contextualized embedding that captures relationships across samples and
features. These embeddings are then processed by a decoder equipped with learnable causal tokens,
which attend to the encoder outputs to identify potential causal directions. Finally, a DAG prediction
module aggregates the causal token representations and produces pairwise edge probabilities, forming
the estimated causal graph.

A.1 TabPFN encoder architecture and input preprocessing

Our encoder leverages the pre-trained TabPFNv2 (Hollmann et al., 2025) architecture, which now
produces a dedicated representation for each feature value in each row in the input dataset.

Speci�cally, we embed the input data matrixX 2 R n�f into a tensorH 2 R n�f �d , whered is the
embedding dimension. This is accomplished by passing each entryX ij through a TabPFN-learned
projection layer that maps scalar cell values into d-dimensional vectors where d = 192.

To differentiate between interventional and observational samples, each feature in each sample is
assigned a binary label indicating whether it is interventional or observational. This makes our data
input shape different from the original TabPFN input shape, which is(n; f ) , to be(n; f; 2) so we
have two values for each feature in a datapoint, one indicating its real value and another indicating its
interventional value. To get the per-feature representation, each 2 feature values are grouped into a
single representation, so the input shape of(n; f; 2) is then encoded by TabPFN's initial projection
layer into(n; f; d) as needed. It is worth noting that given the causal suf�ciency assumption, each
feature corresponds to a node in the DAG generating the dataset.

Following the projection encoding layer, TabPFN's main encoder architecture uses a transformer
encoder with a dual-attention mechanism that processes information along both the sample and
feature dimensions via self-attention. AfterL Transformer layers, each sample token's state encodes
information from other samples as well as from different features. The encoder's �nal output is
H out 2 Rn�f �d . While TabPFN's original architecture has 12 layers (L = 12 ), we useL = 4 for
our experiments, given the �ndings shown in Figure 3.

A.2 Causal tokens and decoder

Our main approach is dependent on having universal tokens that are tuned to capture the causal effect
direction, which is inspired by TuneTables (Feuer et al., 2024). We initialize the causal tokens as
learnable embeddings of the shape(20; t � d) wheret = 30 and 20 is set as the maximum number of
features we considered in our setup. For datasets with fewer thanf features, we use only the �rstf
embeddings, which are then reshaped from (f; t � d) to (t; f; d).

The learnable decoder performs cross-attention with the data tokensH L 2 Rn�f �d , obtained from
layer L of TabPFN's frozen encoder, serving as the attention keys and values, while the causal
tokens act as the queries. This design allows the causal tokens to selectively attend to relevant data
representations and progressively integrate causal information across layers.

Structurally, the decoder mirrors the encoder's dual-attention architecture, where each layer contains
two alternating multi-head attention blocks applied across features and across samples, interleaved
with feed-forward sublayers. The key difference lies in the attention direction: instead of self-
attending over data tokens, the decoder performs cross-attention from causal tokens to data tokens in
both attention types. The number of layers and representational dimensionality are identical to those
of the encoder to maintain architectural symmetry and stable information �ow.

In our framework, the decoder is trained to encapsulate the causal relationships encoded in the data
tokens into the causal tokensQL 2 R t�f �d . These causal tokens thus serve as compact, learnable
summaries that aggregate structural dependencies across features, which are later decoded into the
predicted adjacency matrix.
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A.3 DAG prediction

To improve computational efficiency while preserving statistical richness, we aggregate the informa-
tion across the t causal tokens into k = 4 representative tokens by applying four statistical operations,
namely max, min, mean, and std. The resulting k tokens are concatenated along the representational
dimension to form a matrix of shape (f; k � d) containing per-feature representations. Follow-
ing Lorch et al. (2022), for each feature i (i = 1; 2; : : : ; f ), we apply linear projections to obtain
a parent representation Vi 2 Rk�d and a child representation Ui 2 Rk�d. The pairwise adjacency
score between features i and j is then computed as the dot product of their respective parent and child
representations, followed by a sigmoid activation to yield the edge probability.

B Loss function

Binary cross-entropy loss: The binary cross-entropy loss formulation is:

L = � 1

f(f � 1)

∑
i6=j

[
Aij log Âij + (1�Aij) log(1� Âij)

]
; (1)

where f is the number of features and Aij is the ground-truth adjacency matrix. The loss is weighted
based on the number of edges in the graph to balance the learning of the model across different
numbers of features.

Acyclicity constraint: For constraining the predicted adjacency matrix to be acyclic, the power
iteration method is used to estimate the largest eigenvalue of the adjacency matrix to maintain
numerical stability. Such constrained optimization follows a dual formulation for our model’s
learnable parameters through an augmented Lagrangian approach where dual variables track constraint
violations, and the penalty weights are dynamically adjusted during training.

C Data generation

When sampling a dataset, we first sample the graph structure used to construct the directed acyclic
graph (DAG). To generate the dataset values, one data generating function type, either linear or random
Fourier feature (RFF), is then randomly selected and applied to define the functional mechanisms of
all nodes.

C.1 Graph structures

The DAG generation process employs multiple graph generation mechanisms to ensure diverse causal
topologies during training, mainly using five distinct graph generation processes. Figure 4 shows
samples from the different graph structures listed below:

Erdős-Rényi Random Graphs: Each edge is sampled independently with a fixed probability,
serving as a baseline topology.

Scale-Free Graphs: Incoming or outgoing edges of nodes are added to the previous node with
probability proportional to deg(i)α (Barabási & Albert, 1999). This creates graphs with heavy-tailed
degree distributions commonly observed in biological and social networks.

Watts-Strogatz Small-World Networks: These are k-dimensional lattices where edges are rewired
globally to random nodes (Watts & Strogatz, 1998).

Stochastic Block Model: This model generates graphs with community structure by first parti-
tioning nodes into random blocks, then setting inter-block edge probabilities lower than intra-block
probabilities, capturing hierarchical structures found in complex systems (Holland et al., 1983).

Geometric Random Graphs: Nodes are randomly placed in a unit square, and edges are formed
based on two-dimensional Euclidean distance below a threshold (Gilbert, 1961).
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Figure 4: Samples of different graphs sampled from the graph structures. Each plot represents the
adjacency matrix of a sampled DAG, where the yellow dots represent the edges.

C.2 Data generating functions

The relationships within the SCM, corresponding to a dataset, are defined such that each causal
variable xj is sampled given its parents xpa(j) as

xj  fj(xpa(j); �j) = fj(xpa(j)) + hj(xpa(j))"j (2)

where the noise "j is additive. The data generating function fj can be either linear or a random
Fourier feature (RFF) function as an approximation for a Gaussian Process. The noise term can be
sampled either from a Gaussian, Laplace, or Cauchy distribution. The specification of the parameter
space for the graph structures, data generating functions, and noise scales follows a similar setup to
Lorch et al. (2022), to have a consistent framework to benchmark against.

C.3 Interventions

The interventions in our generation process are single-variable interventions, where in each interven-
tional data point, we intervene on a single variable. Such intervention is only performed on a subset
of half of the available features. The intervention values are sampled from a uniform distribution.
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C.4 Parameters of data generation

Table 1: A description of the data generation parameters used in our experiments. Graph structures are
sampled with equal probability in all cases whenever specified within the domain of the distribution.

Parameter Values
Graph
Erdős-Rényi expected edges/node 2 f1; 2; 3g
Scale-free (in-degree) edges/node 2 f1; 2; 3g

attach. power � 2 f0:7; 1:0; 1:2; 1:5g
Scale-free (out-degree) edges/node 2 f1; 2; 3g

attach. power � 2 f0:7; 1:0; 1:2; 1:5g
Watts-Strogatz lattice dim. k 2 f2; 3g

rewire prob. 2 f0:2; 0:4g
Stochastic Block Model expected edges/node 2 f1; 2; 3g

blocks 2 f2; 5; 10g
damp. inter-block prob. 2 f0:1g

Geometric Random Graphs radius 2 f0:08; 0:1; 0:15g

Mechanism
Linear function weights w � Unif�(0:25; 4)

bias b � Unif(�3; 3)

Random Fourier function length scale ‘ � Unif(5; 12)
output scale c � Unif(8; 22)
bias b � Unif(�3; 3)

Noise

N (0; �2) � � Unif(0:2; 2)
Laplace(0; �2) �2(xpaj ) � p(hrff)

Cauchy(0; �2) �2(xpaj ) � p(hrff)

Interventions
Target nodes selection random 50% of nodes
Intervention values xj � Unif�(1; 5)

Aliases:
• Unif±(a, b): uniform mixture of Unif(a, b) and Unif(−b,−a)

• p(hrff): distribution over heteroscedastic noise scale functions, induced by the
squash function hrff(x) = log(1 + exp(grff(x)) and random Fourier feature func-
tions grff(x).

D Ablations

D.1 Performance across decoder architectures

While we have seen how the encoder choice affects our performance, we wanted to inspect how the
decoder also plays a role. Therefore, we introduce two decoder setups as shown in Figure 5 along
with a "No Decoder" one:
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• No Decoder: We do not use a decoder and pass the causal tokens into TabPFN’s encoder
as query tokens as if they are Xtest data points. Thus, using the attention mechanism of
TabPFN’s encoder.

• Standard Decoder: We do cross attention with the attention source being data embeddings
from the encoder’s layer of choice, typically the 4th layer (our chosen approach).

• Evolving Standard Decoder: We do cross attention with the attention source in each
decoder layer being data embeddings from the corresponding layer of the encoder, e.g., the
1st decoder layer attending to the output of the 1st encoder layer.

Figure 5: Different decoder architectures.

As shown in Figure 6, we have noticed how the performance of our approach varies across different
decoder architectures, where having a learnable decoder plays a crucial role in the performance of
our approach. The Standard Decoder setup witnesses the highest scores, while the No Decoder setup
witnesses the lowest performance. This also indicates that the causal information can be considered
completely evolved after the 4th layer of the encoder, not in a hierarchical manner.

Figure 6: The presence of a decoder significantly improves the performance, showing that both the
encoder’s embeddings and the learnable decoder are essential for the causal information extraction.
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