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Causal Representation Learning

* Given high-dimensional observations of a dynamical system, what are the true varying factors?
* Crucial for reasoning, planning, generalization, and more

* Most works consider only scalar causal variables, but can we abstract further to multidimensional
causal factors?
- We may not be able to intervene on all scalar variables separately
- Represent single causal variable by multiple latent dimensions for better optimization
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Causal Identifiability from Temporal Intervened Sequences
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Causal Identifiability from Temporal Intervened Sequences
Minimal Causal Variables

* Main theoretical result: we can identify the minimal causal variables, i.e. the
information/mechanism of a causal variable which strictly depends on the interventions

(a) Original causal graph of C; (b) Minimal causal split graph of C;
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| CITRIS Architecture
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Experiments
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Conclusion

e CITRIS: finding multidimensional causal variables from temporal sequences with interventions

* Main characteristics of approach:
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