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ABSTRACT

Prior-data fitted networks (PFNs) have emerged as powerful foundation models
for tabular causal inference, yet their extension to time series remains limited by
the absence of synthetic data generators that provide interventional targets. Exist-
ing time series benchmarks generate observational data with ground-truth causal
graphs but lack the interventional data required for training causal foundation
models. To address this, we propose CausalTimePrior, a principled framework
for generating synthetic temporal structural causal models (TSCMs) with paired
observational and interventional time series. Our prior supports configurable
causal graph structures, nonlinear autoregressive mechanisms, regime-switching
dynamics, and multiple intervention types (hard, soft, time-varying). We demon-
strate that PFNs trained on CausalTimePrior can perform in-context causal effect
estimation on held-out TSCMs, establishing a pathway toward foundation models
for time series causal inference.

Track: Research

1 INTRODUCTION

Foundation models have transformed machine learning by enabling test-time inference without task-
specific training. In tabular domains, prior-data fitted networks (PFNs) achieve this by pre-training
transformers on synthetic datasets sampled from a prior distribution over data-generating processes
(Müller et al., 2022; Hollmann et al., 2023). Recent work extends PFNs to causal inference: Do-
PFN (Robertson et al., 2025) and CausalFM (Ma et al., 2025) train on synthetic structural causal
models (SCMs) (Pearl, 2009) with interventional data, enabling in-context estimation of treatment
effects from observational data alone.

However, extending causal PFNs to time series faces a fundamental obstacle: the lack of suitable
synthetic data generators. While benchmarks like CausalTime (Cheng et al., 2024), TimeGraph
(Ferdous et al., 2025), and CauseMe (Runge et al., 2019) provide time series with ground-truth
causal graphs, they generate only observational data. Without interventional targets, one cannot
train models to predict outcomes under interventions—the core task of causal inference.

We address this gap with CausalTimePrior, a framework for sampling temporal SCMs (TSCMs)
together with paired observational and interventional time series (see Table 1). Our contributions
are (1) a practical prior over discrete-time dynamic SCMs (Boeken & Mooij, 2024) that gen-
erates paired observational and interventional time series for training causal foundation models,
(2) support for regime-switching TSCMs with Markov-driven structural breaks and interventional
data—the first generator combining regime-switching dynamics (Balsells-Rodas et al., 2024) with
interventional time series generation, and (3) preliminary experiments demonstrating that PFNs
trained on CausalTimePrior learn causal structure from observational data alone.

2 RELATED WORK

Time series causal discovery benchmarks. CausalTime (Cheng et al., 2024) fits neural networks
to real observations and extracts causal graphs via importance analysis, producing realistic data with
known ground truth. TimeGraph (Ferdous et al., 2025) generates synthetic time series from linear
and nonlinear SCMs with configurable graph properties. CauseMe (Runge et al., 2019) benchmarks
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Table 1: Comparison of time series causal data generators. CausalTimePrior is the first to support
regime-switching dynamics (changing causal structures over time).

Generator Interventions Nonlinear SCMs Time-varying Interventions Regime-switch

CausalTime ✗ ✓ — ✗
TimeGraph ✗ ✓ — ✗
CAnDOIT ✓ Hard ✓ ✗ ✗
TECDI ✓ Soft ✗ ✗ ✗
CaTSG ✓ do-calculus ✓ ✗ ✗

CausalTimePrior ✓ All ✓ ✓ ✓

(including Lorenz-96 systems) and CausalRivers (Stein et al., 2025), the largest real-world bench-
mark (1,160 stations), offer physical ground-truth graphs. In contrast to CausalTimePrior, these
existing methods are limited to observational data without interventions.

Generators with interventional support. We identified only three frameworks supporting temporal
interventions, each with limitations. CAnDOIT (Castri et al., 2024) generates time-lagged SCMs
with hard interventions on known, single-node targets. It supports nonlinear mechanisms but only
static intervention values. TECDI/RealTCD (Li et al., 2023; 2024) use structural VAR models with
soft (TECDI) or hard (RealTCD) interventions. RealTCD handles unknown targets but is limited
to linear mechanisms. CaTSG (Xia et al., 2025) implements do-calculus Pearl et al. (2016) via
diffusion models with a causal score function. While CaTSG implements interventions via learned
diffusion models requiring training on specific datasets, CausalTimePrior generates interventional
data analytically from explicit structural equations, enabling fast prior sampling without a separate
generative model.

Causal PFNs for tabular data. Do-PFN (Robertson et al., 2025) pre-trains transformers on syn-
thetic SCMs to predict conditional interventional distributions (CIDs) without knowing the causal
graph. CausalFM (Ma et al., 2025) formalizes Bayesian priors over SCMs for back-door, front-
door, and instrumental variable settings. Both demonstrate strong performance on i.i.d. tabular data
but do not address temporal dependencies. Related work on counterfactual time series estimation
includes CRN (Bica et al., 2020) and the Causal Transformer (Melnychuk et al., 2022), which esti-
mate individualized treatment effects over time but require per-dataset training rather than in-context
learning.

Time series foundation models. Recent work has explored zero-shot forecasting via synthetic pre-
training. ForecastPFN (Dooley et al., 2023) and TimePFN (Taga et al., 2025) pre-train transformers
on synthetic data for multivariate forecasting. TempoPFN (Moroshan et al., 2025) pre-trains linear
Recurrent Neural Networks (RNNs) for univariate forecasting, using diverse synthetic generators in-
cluding Stochastic Differential Equations (SDEs), Gaussian processes, and causal kernels (CauKer)
Xie et al. (2025). While CauKer generator produces multivariate SCM-based time series, it lacks
temporal lag structures and intervention support. These models target prediction rather than causal
inference.

Regime-switching dynamics. Switching Dynamical Systems (SDSs) with Markov Switching
Models provide identifiability theory for regime-dependent causal discovery (Balsells-Rodas et al.,
2024), but focus on inference from observational data without generating interventional datasets for
training foundation models.

3 CAUSALTIMEPRIOR

We define a prior Π over temporal structural causal models that generates paired observational and
interventional time series suitable for training causal foundation models (see Algorithm 1).

3.1 TEMPORAL STRUCTURAL CAUSAL MODELS

Following the Dynamic Structural Causal Model (DSCM) framework (Boeken & Mooij, 2024), we
consider the discrete-time acyclic case. A temporal SCM (TSCM) S = (G,F, Pϵ) consists of:
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• A time-lagged DAG G = (G0, G1, . . . , GK) where G0 ∈ {0, 1}N×N encodes in-
stantaneous (intra-slice) edges and Gk encodes edges from time t − k to t for lags
k ∈ {1, . . . ,K}.

• Structural equations F = {fi}Ni=1 where:

X
(i)
t = fi

(
PaG(X

(i)
t )

)
+ ϵ

(i)
t , ϵ

(i)
t ∼ P (i)

ϵ (1)

with parents PaG(X
(i)
t ) = {X(j)

t−k : Gk[j, i] = 1, k ∈ {0, . . . ,K}}.

3.2 PRIOR DISTRIBUTION OVER TSCMS

Graph prior ΠG . We sample the number of variables N ∼ Uniform(3, Nmax), maximum lag
K ∼ Uniform(1,Kmax), and edge probability p ∼ Beta(α, β). Instantaneous edges G0 are sampled
from an Erdős-Rényi model Erdős & Rényi (1960) with acyclicity enforced via topological ordering.
Lagged edges Gk are sampled independently with probability decaying as p·γk for persistence factor
γ ∈ (0, 1].

Mechanism prior ΠF. We sample mechanisms from multiple families. For simple mechanisms:

fi(x) =
∑

j∈Pa(i)

wij · ϕij(xj) + bi (2)

where weights wij ∼ N (0, σ2
w), biases bi ∼ N (0, σ2

b ), and ϕij is sampled uniformly from
{id, sin, cos, tanh, | · |, (·)2, exp(−| · |)}. The diversity of activation functions ensures the prior
covers a wide range of nonlinear temporal dynamics.

Noise prior Πϵ. Noise distributions are sampled per variable from
{N (0, σ2),Uniform(−a, a),Laplace(0, b)} with scale parameters drawn from suitable hyper-
priors.

3.3 INTERVENTION TYPES

Given a sampled TSCM S, we generate interventional data by modifying structural equations Eber-
hardt & Scheines (2007). Let I ⊆ {1, . . . , N} denote intervention targets and tI ⊆ {1, . . . , T} the
intervention times.

Hard interventions (do-operator): Replace X
(i)
t := c for i ∈ I, t ∈ tI , severing incoming edges.

Soft interventions: Perturb the mechanism: X
(i)
t = fi(Pa(X(i)

t )) + δi + ϵ
(i)
t for shift δi ∼

N (µδ, σ
2
δ ).

Time-varying interventions: Set X(i)
t := c(t) where c(t) follows a specified profile (step, ramp,

sinusoidal, or sampled trajectory) Hernán & Robins (2020).

3.4 DATA GENERATION PIPELINE

For each training example, we:

1. Sample S ∼ Π (graph, mechanisms, noise).

2. Sample intervention specification: targets I , times tI , type, and values.

3. Generate observational series Xobs
1:T by forward simulation.

4. Generate interventional series Xint
1:T under do(X(I)

tI = c).

5. Form training tuple: (Xobs
1:T , I, tI , c, Y

int
τ ) where Y int

τ is the outcome variable at target time
τ under intervention.

3
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3.5 REGIME-SWITCHING PRIORS

Real-world time series often exhibit structural breaks where causal relationships change (Rahmani
et al., 2025). We extend our prior to regime-switching TSCMs, following the Markov Switching
Model framework (Balsells-Rodas et al., 2024):

X
(i)
t = f

(dt)
i

(
PaG(dt)(X

(i)
t )

)
+ ϵ

(i)
t , dt ∼ Markov(P) (3)

where dt ∈ {1, . . . , R} indexes the active regime with transition matrix P. Each regime has its
own causal graph G(r) and mechanisms F(r). Regime transitions follow a sticky Markov chain
(Pii ≈ 0.9) to model persistent causal structures. In our experiments, 15% of training TSCMs are
regime-switching with R ∈ {2, 3} regimes. Combined with interventional data generation, this
enables training PFNs that can reason about interventions under time-varying causal structures.

4 EXPERIMENTS

Prior Validation. We validate CausalTimePrior by analyzing a dataset of 100K generated TSCMs.
(1) Structural diversity: the prior generates TSCMs with N ∈ [3, 10] variables, K ∈ [1, 3] lags,
and T = 50 time steps, including 70% diverse nonlinear TSCMs, 15% chain structures, and 15%
regime-switching TSCMs. Erdős-Rényi sampling with varied edge probabilities implicitly produces
canonical causal motifs (confounders, mediators, colliders) as subgraphs. (2) Stability: 0% diver-
gence rate (no NaN/Inf values) across all 100K samples, achieved through value clipping and careful
mechanism parameterization. (3) Intervention coverage: hard, soft, and time-varying interven-
tions with mean effect size of 17.98 (std 53.93), demonstrating substantial variability in intervention
magnitudes across types. (4) Paired data quality: observational and interventional series maintain
similar statistics (obs: µ = 46.78, σ = 242.85; int: µ = 41.56, σ = 228.52), confirming that inter-
ventions produce realistic counterfactual outcomes rather than out-of-distribution artifacts. Example
visualization and full distributions of prior properties are shown in Appendix B and C.

Proof-of-Concept PFN. As a preliminary demonstration, we train a simple 2-layer GRU-based
PFN (128 hidden dim, 11 min on CPU) on 100K TSCMs from CausalTimePrior and evaluate on
1,000 held-out TSCMs. The model learns to distinguish causal from non-causal queries: Pred/GT
ratio of 0.95 for intervened queries vs. 0.46 for non-causal queries (Table 2), and achieves com-
parable RMSE to per-dataset VAR baselines without per-sample fitting (Table 3). Implementation
details, full results, baselines, a shuffled-intervention control experiment, ablations, generalizations,
and and example are in Appendix D, E, F, G, and H.

5 CONCLUSION

CausalTimePrior addresses a critical gap in time series causal inference: the absence of synthetic
generators with interventional data for training foundation models. By combining diverse temporal
generators with principled intervention logic, it yields a prior over TSCMs with diverse intervention
types. Our preliminary results suggest that PFNs trained on this prior can perform in-context causal
effect estimation, opening a pathway toward foundation models for time series causality.

Limitations and future work. The framework currently assumes Markovian noise and discrete-
time dynamics; extensions to non-Markovian confounding and continuous-time processes are im-
portant future directions. Our Erdős-Rényi graph prior implicitly covers canonical causal structures
(confounders, mediators, colliders) but does not explicitly stratify over them as Do-PFN does for
tabular settings; adding structured temporal motifs could improve coverage. The prior has not been
validated against real-world causal time series distributions. We plan to (1) release CausalTimePrior
as an open-source data generator, (2) scale training to larger models with explicit canonical structure
sampling, (3) incorporate continuous-time dynamics, and (4) benchmark on semi-synthetic datasets
derived from real observational data.
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A CAUSALTIMEPRIOR ALGORITHM

Algorithm 1 formalizes the CausalTimePrior sampling procedure for generating paired observational
and interventional time series from TSCMs.

Algorithm 1 CausalTimePrior Sampling
1: Input: Prior hyperparameters Π = (ΠG ,ΠF,Πϵ), sequence length T
2: Output: Observational series Xobs

1:T , interventional series Xint
1:T , intervention spec I, tI , c

3:
4: // Sample TSCM
5: N ∼ Uniform(3, Nmax), K ∼ Uniform(1,Kmax)
6: p ∼ Beta(α, β)
7: Sample G0 ∈ {0, 1}N×N (acyclic via topological ordering)
8: for k = 1 to K do
9: Sample Gk with edge probability p · γk

10: end for
11: G ← (G0, G1, . . . , GK)
12:
13: for i = 1 to N do
14: Sample mechanism fi ∼ ΠF (nonlinear autoregressive)
15: Sample noise P

(i)
ϵ ∼ Πϵ

16: end for
17: S ← (G, {fi}Ni=1, Pϵ)
18:
19: // Sample intervention specification
20: Sample targets I ⊆ {1, . . . , N}
21: Sample times tI ⊆ {1, . . . , T}
22: Sample type ∈ {hard, soft, time-varying}
23: Sample value(s) c or c(t)
24:
25: // Generate paired time series
26: Xobs

1:T ← Forward simulation of S
27: Xint

1:T ← Forward simulation of S under do(X(I)
tI = c)

28:
29: return Xobs

1:T , Xint
1:T , (I, tI , c)

Continuous-time extension. CausalTimePrior currently generates discrete-time SCMs (Algo-
rithm 1), but our autoregressive mechanisms have a natural continuous-time interpretation via the
Euler-Maruyama discretization (Kloeden & Platen, 1992). Recent work on causal discovery in
continuous-time SDEs (Manten et al., 2025) motivates extending CausalTimePrior to generate in-
terventional data from SDE-based causal models. Consider a causal Ornstein-Uhlenbeck process
dXt = θ(µ−Xt) dt+ σw dWt; applying Euler-Maruyama with step ∆t yields:

xt+1 = (1− θ∆t)︸ ︷︷ ︸
c2

xt + θµ∆t︸ ︷︷ ︸
c1

+σw

√
∆t︸ ︷︷ ︸

c3

Zt, Zt ∼ N (0, 1) (4)

which is precisely the AR(1) form our mechanism prior generates. This means each sampled
discrete-time SCM can be viewed as an Euler-Maruyama discretization of a continuous-time causal
SDE system Thumm & Mijares (2025). A natural extension is to sample continuous-time mecha-
nisms directly—e.g., via Neural ODEs (Chen et al., 2018) or Neural SDEs (Kidger et al., 2021)—
and discretize at variable time steps, enabling the prior to generate irregularly-sampled interventional
time series.

B EXAMPLE VISUALIZATIONS

Figure 1 shows an example of paired observational and interventional time series generated from
CausalTimePrior. The hard intervention on Variable 4 between t = 20 and t = 80 causes a clear

7
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divergence between the observational (blue) and interventional (red) trajectories during and after
the intervention period. Figure 2 displays all 6 variables in the sampled TSCM, with Variable 4 (the
intervention target) highlighted. The propagation of intervention effects through the causal graph is
visible in downstream variables, while non-causally connected variables remain unaffected.

0 20 40 60 80 100
Time

0.5

0.0

0.5

1.0

1.5

Va
ria

bl
e 

4

Paired Time Series (Intervention: hard)
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Figure 1: Paired observational and interventional time series for the intervention target variable. The
yellow shaded region indicates the intervention period. The divergence between blue (observational)
and red (interventional) trajectories demonstrates the causal effect of the intervention.
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Figure 2: All variables in a sampled 6-variable TSCM with a hard intervention on Variable 4. The
intervention target is highlighted with a yellow background. Causal effects propagate through the
graph structure, affecting downstream variables while leaving non-causally connected variables un-
changed.

C PRIOR PROPERTY DISTRIBUTIONS

Figure 3 shows the distributions of key properties across 100K TSCMs sampled from
CausalTimePrior. (a) Graph sizes are approximately uniform over N ∈ [3, 10]. (b) Intervention
types are split 50% hard, 30% soft, and 20% time-varying. (c) Intervention effect magnitudes span
several orders of magnitude (median 1.4) on a log scale, ensuring the prior covers both subtle and
large causal effects. (d) Intervention start times are concentrated in the second half of the sequence to
allow sufficient observational context. (e) Edge probabilities follow a Beta(2,5) prior (mean 0.29),
producing mostly sparse graphs. (f) Intervention values are approximately Gaussian-distributed
around zero.

D IMPLEMENTATION DETAILS

We implement a simple proof-of-concept architecture using a 2-layer GRU encoder (128 hidden
dim). The temporal encoder processes the observational time series Xobs

1:T , the intervention en-
coder embeds the intervention specification do(X(i)

t = c) (which variable, when, what value), and
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Figure 3: Distributions of prior properties across 100K sampled TSCMs from CausalTimePrior. The
prior produces diverse graph structures, intervention types, and effect magnitudes.

the query encoder embeds the prediction query (which variable to predict, when). The prediction
head combines these encodings to output P (Y int

τ |do(X(i)
t = c),Xobs

1:T ) as a Gaussian distribution
with predicted mean and standard deviation. The training objective is:

L(θ) = ES∼ΠEXobs
1:T∼PS

obs
E(xt,yτ )∼PS

int

[
− log qθ(yτ |do(xt),X

obs
1:T )

]
(5)

where qθ is a Gaussian with predicted mean and variance, Xobs
1:T is the observational time series

context, do(xt) is the temporal intervention query at time t, and yτ is the interventional outcome at
target time τ .

Prior hyperparameters. Nmax = 10, Kmax = 3, α = 2, β = 5 (sparse graphs), γ = 0.7 (lag
decay), σw = 1.0, σb = 0.5.

Training. Adam optimizer, learning rate 10−4, batch size 32, sequence length 50, 15 epochs on
100K TSCMs. Training takes approximately 11 minutes on CPU (Intel/AMD with AVX2). The
model checkpoint requires 330KB of storage.

Architecture. We use a simplified 2-layer GRU encoder with 128 hidden dimensions and Gaus-
sian prediction head (mean + standard deviation). We chose a GRU over transformer architectures
(as used in Do-PFN and TimePFN) for computational simplicity in this proof-of-concept: the GRU
processes variable-length sequences efficiently and its recurrent state naturally captures temporal
dependencies. This choice prioritizes fast iteration (∼11 min training on CPU) over architectural
optimality; scaling to transformer or GatedDeltaProduct architectures (Moroshan et al., 2025) is an
important next step.

Implementation. CausalTimePrior is implemented from scratch, drawing conceptual inspi-
ration from TempoPFN’s diverse generator design and intervention logic from Do-PFN.
The core is a TemporalSCM class that supports both sample observational(T) and
sample interventional(T, intervention) methods, enabling paired data generation
from the same underlying causal structure with time-lagged dependencies and multiple intervention
types.
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E RESULTS

We train a 2-layer GRU encoder (128 hidden dim) for 15 epochs on 100K TSCMs and evaluate on
1,000 held-out TSCMs using three query types: (1) Intervened (query the intervention target itself),
(2) Downstream (query a variable causally reachable from the intervention), and (3) Non-causal
(query a variable with no causal path from the intervention).

Table 2 shows the model’s predictions are most accurate for intervened queries (Pred/GT = 0.95),
reasonable for downstream queries (0.85), and substantially biased downward for non-causal queries
(0.46). The low non-causal ratio reflects the model correctly predicting near-zero causal effect for
non-causal variables, combined with nonzero ground-truth values at those time steps due to the
variables’ own dynamics. The model predicts ∼2× larger effects for causally connected queries
compared to non-causal queries (33.91 vs 15.66 mean prediction).

Baselines. We compare against a Vector Autoregression (VAR-OLS) fitted per-dataset, PCMCI+
(Runge, 2020) which discovers causal graphs via conditional independence tests, and a mean pre-
diction baseline (Table 3). SimpleCausalPFN achieves comparable RMSE to VAR-OLS (176.4 vs
176.5) while requiring no per-dataset fitting. PCMCI+ achieves lower overall RMSE (161.4) by
leveraging discovered causal structure, but requires expensive per-sample graph discovery.

Shuffled-intervention control. To test whether the model’s query-type sensitivity reflects learned
causal structure rather than distributional artifacts, we evaluate with randomly shuffled intervention
targets. Under shuffling, predictions for intervened queries change substantially (+33% mean pre-
diction) and Pred/GT degrades from 0.95 to 1.26, indicating the model is sensitive to intervention
target information. However, non-causal predictions remain low (+13%), suggesting the model has
also partially learned distributional properties of variable positions, motivating richer architectures
that more explicitly encode causal graph structure.

Table 2: Three-way evaluation on held-out TSCMs. NMSE (Normalized MSE = MSE/Var(GT);
NMSE<1 is better than predicting the mean). The model’s Pred/GT ratio is highest for intervened
queries (0.95) and lowest for non-causal queries (0.46), suggesting learned causal understanding.
Overall NMSE ≈ 1.0 indicates limited absolute prediction quality.

Query Type Queries RMSE ↓ NMSE ↓ Mean Pred Mean GT Pred/GT

Intervened 573 226.39 1.41 33.91 35.68 0.95
Downstream 270 231.31 0.67 57.50 67.70 0.85
Non-causal 157 143.15 0.66 15.66 33.99 0.46

Overall 1000 216.87 0.99 37.41 44.06 0.85

Table 3: Comparison with baselines on held-out TSCMs. SimpleCausalPFN achieves comparable
RMSE to VAR-OLS while requiring no per-dataset fitting. PCMCI+ achieves the lowest RMSE but
requires per-sample causal graph discovery.

Method RMSE ↓ MAE ↓ Effect Dir. Acc. ↑ Effect Size Corr. ↑
Oracle 0.00 0.00 100.0% 1.000

PCMCI+ 161.38 28.67 74.1% 0.784
SimpleCausalPFN 176.45 34.92 70.4% 0.821
VAR-OLS 176.45 33.86 93.7% 0.821
Mean Prediction 256.18 73.26 60.4% 0.286

F INTERVENTION TYPE ABLATION

We investigate whether training on diverse intervention types (hard, soft, time-varying) improves
performance compared to training only on hard interventions. Table 4 compares the mixed-
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intervention model (trained on 100K TSCMs with all intervention types) against a hard-only model
(trained on 10K TSCMs with only hard interventions) on the same three-way test set.

Table 4: Intervention type ablation. The mixed-intervention model achieves higher effect direction
accuracy and effect size correlation compared to the hard-only model.

Model RMSE ↓ MAE ↓ Effect Dir. Acc. ↑ Effect Size Corr. ↑
Mixed (100K) 216.87 81.68 70.4% 0.821
Hard-only (10K) 212.16 69.68 63.9% 0.691

The mixed model achieves higher effect direction accuracy (70.4% vs 63.9%) and effect size corre-
lation (0.821 vs 0.691), suggesting that diversity in intervention types during training improves the
model’s ability to reason about causal effects. While the hard-only model achieves slightly lower
overall RMSE (212.16 vs 216.87), this is likely due to the simpler prediction task when only hard
interventions are present.

G OUT-OF-DISTRIBUTION GENERALIZATION

We evaluate whether the model generalizes to TSCMs with structural properties outside the training
distribution. We generate an OOD test set of 1,000 TSCMs with: (1) larger graphs (N ∈ [8, 10] vs
training mean ∼6), (2) maximum lag K = 3, (3) denser graphs (edge probability ≥ 0.3 vs training
mean ∼0.29), and (4) only complex nonlinear mechanisms (sin, cos, square, tanhReLU).

Table 5: Out-of-distribution generalization. Performance degrades on OOD TSCMs with larger,
denser graphs and complex mechanisms, but the model retains basic causal structure (downstream
RMSE > intervened RMSE).

Test Set RMSE ↓ NMSE ↓ MAE ↓ Effect Dir. Acc. ↑ Effect Size Corr. ↑
In-distribution 216.87 0.99 81.68 70.4% 0.821
OOD 265.97 0.72 163.25 62.7% 0.599

As expected, performance degrades on OOD data: RMSE increases from 216.87 to 265.97 and
effect size correlation drops from 0.821 to 0.599. The lower OOD NMSE (0.72 vs 0.99) reflects
higher ground-truth variance in the OOD test set rather than better prediction quality. However, the
model retains some causal understanding, with intervened queries (RMSE=237.01) outperforming
downstream queries (RMSE=313.92), consistent with the in-distribution pattern.

H CAUSAL VS. CORRELATION-BASED PREDICTION

To illustrate how the PFN leverages causal structure rather than correlations, consider a concrete
test case. In sample 626 from our test set, a 3-variable temporal TSCM is intervened on variable 2
at t = 25, and we query variable 0 at t = 28. There is no causal path from variable 2 to variable
0, but the observational time series exhibit a correlation of −0.49 between them. The ground truth
interventional value (−0.056) is nearly identical to the observational baseline (−0.094), confirming
a near-zero causal effect (0.039). The PFN predicts −0.050 (error 0.005), correctly recognizing
the absence of causal influence despite the spurious correlation. In contrast, VAR-OLS—which
relies on learned correlations without distinguishing causal from non-causal associations—predicts
−0.992 (error 0.936), a 177× larger prediction error. This pattern generalizes: across 157 non-
causal queries, the PFN achieves lower prediction error than VAR-OLS in 45% of cases, with the
largest gains precisely on samples exhibiting high spurious correlations (|ρ| > 0.3).
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