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Contributions

- 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
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* Proposed Approach: B '®
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* Decoder. Conditional fixed-point iteration for recovering causal mechanisms Attention  Attention Attn. |
sample node “T1
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- Empirical Results: Dy Fncoder Projection o

» 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

Problem Setup Results: OOD (d = 100)
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- Objective: Generate dataset representations u(Dy, )
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* Objective: Infer causal mechanisms conditioned on dataset representations
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- Inference: Sample z ~ [Py, and generate novel samples via fixed-point iterations: Test Dataset Size Test Dataset Size Test Dataset Size
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