
•Amortized SCM Learning: 
• Learn a shared inference mechanism (single model) for SCMs sampled from a synthetic data simulator
• Zero-shot generation of observation and interventional samples from novel SCMs at test time

• Proposed Approach:
• Encoder:  In-context learning of dataset embeddings
•Decoder: Conditional fixed-point iteration for recovering causal mechanisms 

• Empirical Results:
•OOD Generalization: SCMs with larger graphs, unknown causal graphs, and real-world datasets
• Fast Adaptation: Competitive with baselines trained from scratch for each test task, and outperforms 

them in scare data regimes
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Figure 1: Sketch of the approach proposed in this work. Given a dataset of observations DX and a causal
graph G obtained from an unknown SCM S(PN , G, F ), the encoder produces a dataset embedding µ(DX , G),
which serves as a condition to instantiate Cond-FiP. Then for any point z œ Rd, T (z, DX , G) aims at
replicating the functional mechanism F (z) of the generative SCM.

In this work, we tackle the novel problem of amortized inference of causal mechanisms for additive noise
SCMs. While prior research has primarily focused on amortized approaches for causal discovery (Lorch et al.,
2022; Dhir et al., 2024) or treatment e�ect estimation (Nilforoshan et al., 2023; Zhang et al., 2023), our
goal instead is to train a single model capable of inferring the causal mechanisms of novel SCMs, given their
observational data and associated causal graph. We propose a two-step approach where we first learn dataset
embeddings via in-context learning (Garg et al., 2022) to represent the task-specific information. These
embeddings are then used to condition the fixed-point (FiP) approach (Scetbon et al., 2024) for modeling
causal mechanisms. This conditional modification, termed Cond-FiP, enables the model to adapt the causal
mechanism for each specific instance (Figure 1). Our key contributions are highlighted below.

• We propose Cond-FiP, a novel extension of FiP approach that enables amortized inference by training
a single model across di�erent instances from the functional class of SCMs.

• For novel SCMs at inference, Cond-FiP can recover the causal mechanisms from the input observations
without updating any parameters, thereby allowing us to generate observational and interventional
data on the fly.

• We show empirically 1 that Cond-FiP achieves similar performances as the state-of-the-art (SOTA)
approaches trained from scratch for each dataset on both in and out-of-distribution (OOD) problems.
Further, Cond-FiP obtains better results than baselines in scarce data regimes, due to its amortized
inference procedure.

1.1 Related Works

Amortized Causal Learning. Amortized inference has gained traction in causality research, particularly
for structure learning. Early works by Lorch et al. (2022) and Ke et al. (2022) introduced transformer-
based models trained on multiple synthetic datasets using supervised objectives for amortized inference of
causal structure. Their approach aligns with recent works on in-context learning of function classes via
transformers (Müller et al., 2021; Akyürek et al., 2022; Garg et al., 2022; Von Oswald et al., 2023). Subsequent
improvements targeted OOD generalization (Wu et al., 2024), bayesian causal discovery (Dhir et al., 2024),
and applications to gene regulatory networks (Ke et al., 2023; Kim et al., 2025). Beyond structure learning,

1
The code is available on Github: microsoft/causica.
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Figure 2: In-Distribution Results. Benchmarking Cond-FiP for various evaluation tasks, with datasets
sampled from RFF IN with d = 20. The y-axis denotes the RMSE, with mean and standard error over the
respective test datasets. Results indicate Cond-FiP can generalize to novel in-distribution instances, with
detailed results in Section C.
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Figure 3: OOD Results. Benchmarking Cond-FiP for various evaluation tasks, with datasets sampled from
RFF OUT with d = 100 to test for OOD generalization. The y-axis denotes the RMSE, with mean and
standard error over the respective test datasets. Results indicate Cond-FiP can generalize to novel OOD
instances and larger graphs, with detailed results in Section C.

its amortized counterpart. Further, we do not report detailed comparisons with CausalNF (Javaloy et al.,
2023) as its performance was consistently weaker than other baselines, check Section H for details.

Evaluation Tasks. We evaluate the methods on the following three tasks. Noise Prediction: given the
observations DX and the true graph G, infer the noise variables ‰DN . Sample Generation: given the noise
samples DN and the true graph G, generate the causal variables ‰DX . Interventional Generation: generate
intervened samples from noise samples DN and the true graph G.

Metric. Let us denote a predicted & true target as ‚Y œ Rntest◊d and Y œ Rntest◊d. Then RMSE is
computed as 1

ntest

qntest
i=1

Ò
1

d Î[Y ]i ≠ [ ‚Y ]iÎ2
2
. Note that we scale RMSE by dimension d, which allows us to

compare results across di�erent graph sizes.

4.2 Results

Generalization to OOD data and larger graphs. In Figure 2, we first present results for in-distribution
generalization using test datasets sampled from RFF IN for graphs with d = 20 nodes. Cond-FiP performs
competitively with baselines trained from scratch on each test instance, hence it successfully generalizes to
novel in-distribution instances. Notably, Cond-FiP was never explicitly trained to generate interventional data,
and its strong performance on this task further supports that it captures the underlying causal mechanisms.

Next we consider the more challenging case of OOD generalization using test datasets sampled from RFF
OUT and graphs with d = 100 nodes, while the Cond-FiP was trained only with d = 20 node graphs.
As shown in Figure 3, Cond-FiP continues to perform well, indicating successful generalization to OOD
instances and significantly larger graphs! Due to space constraints, we report results for SCMs with non-linear
mechanisms—the more challenging setting. Full results for both in-distribution and OOD scenarios are
available in Section C, where our findings remain consistent.
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(a) Noise Prediction (b) Sample Generation (c) Interventional Generation

Figure 4: Scarce Data Regime Results. Benchmarking Cond-FiP on the various evaluation tasks (RFF
OUT and d = 100) as we reduce the test dataset size. The y-axis denotes the RMSE, with mean and
standard error over the respective test datasets. Cond-FiP generalizes much better than the baselines in the
low-data regime, with detailed results in Section E.

(a) Noise Prediction (b) Sample Generation (c) Interventional Generation

Figure 5: OOD Results without True Graph. Benchmarking Cond-FiP for various evaluation tasks,
with datasets sampled from RFF OUT with d = 100 where the true graph G is not present in input context,
rather its inferred via AVICI. The y-axis denotes the RMSE, with mean and standard error over the respective
test datasets. Results indicate Cond-FiP can generalize to novel instances even in the absence of true graph,
with detailed results in Section F.

We also assess Cond-FiP’s sensitivity to distribution shifts by varying the magnitude of distribution shift
(details in Section D). We consider two cases, where we control the severity in distribution shift by controlling
the causal mechanisms or the noise variables. We find that Cond-FiP is more robust to shifts in causal
mechanisms, with minimal performance degradation. However, its performance is more sensitive to shifts in
noise distributions, deteriorating as the magnitude of shift increases.

Better Generalization in Scarce Data Regimes. An advantage of amortized inference methods is their
ability to generalize well when context DX for test instances is small. As the context size decreases, baselines
often su�er significant performance drops as they require training from scratch. In contrast, Cond-FiP is less
impacted as its parameters remain unchanged at inference time, and the inductive bias learned during training
enables e�ective generalization even with limited context. In Figure 4, we demonstrate this in the challenging
OOD setting (RFF OUT , d = 100), where Cond-FiP outperforms the baselines .Please check Section E for
further details.

Generalization without True Causal Graph. So far, our results assume access to the true causal graph
(G) as part of the input context to Cond-FiP. However, Cond-FiP can be extended to operate without this
information by first inferring the graph using amortized structure learning methods (Lorch et al., 2022; Ke
et al., 2022). We demonstrate this in Figure 5 for the RFF OUT; setting with d = 100 nodes, using graphs
inferred via AVICI (Lorch et al., 2022) for both Cond-FiP and the baselines. The results show that Cond-FiP
remains competitive, supporting its ability to capture underlying causal mechanisms (details in Section F).

Further, to assess whether Cond-FiP genuinely learns causal mechanisms tied to the input graph structure,
we perform a systematic sensitivity analysis by perturbing the causal graph. Starting from the true graph,
we randomly remove a proportion (p) of the true edges, such that on average p◊ (total edges) are missing.
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Contributions

• Assumptions:
• Markovian & Additive Noise SCM: :  

• Amortized Learning of SCMs:
• Learn model  to predict  from observational dataset   and causal graph :   

                            

S(ℙN, G, F) Xi = Fi(PA(Xi)) + Ni

Tθ F DX G

argminθ 𝔼S∼PS
𝔼z∼PX

L(F(z), Tθ(z, DX, G))

• Objective: Generate dataset representations 

• Training:    
                                                 

• Assumption: Encoder requires the assumption of additive noise SCM as we need an invertible 
map between the observations and noise variables!

μ(DX, G)

𝔼S∼PS
| | F(DX) − H ∘ E(DX, G) | |2

2

Projection Layer Attention Layer

• Objective: Infer causal mechanisms conditioned on dataset representations   

• Training:  

•  transform  into   via fixed-point iteration modeled by DAG attention  
             

• Inference: Sample   and generate novel samples via fixed-point iterations:  
               

𝔼S∼PS
𝔼z∼PX

| | F(z) − T(z | μ(DX, G)) | |2
2

T(z | μ) n0 zemb
nl+1 = h(DA(nl, zemb) zemb + nl)

z ∼ ℙN
zl+1 = T(zl | μ(DX, G)) + z

Problem Setup

Encoder

Decoder

Results: OOD ( )d = 100

Results: OOD ( ) (Unknown Causal Graph)d = 100

Results: Scarce Data Regime ( )d = 100


