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We will study applied causality from the perspective of multiple environments.

In statistics and machine learning (ML), the idea of an “environment of data” appears in many
guises, and many datasets naturally involve multiple environments. As some examples:

� genetic data about cells, in different organisms
� students taking a standardized test, in different schools
� medical histories of patients, in different hospitals
� lawmakers’ votes, in different sessions of Congress

How can we analyze data from multiple environments? What kinds of statistical questions
can we answer? What kinds of causal questions can we answer?

To help, the idea of multiple environments (sometimes with different terminology) appears
in many threads of statistics and ML methods. For example, it is important to invariant
learning, hierarchical modeling, synthetic controls, empirical Bayes, causal discovery, and
causal representation learning. In this seminar, we will study these ideas, draw connections
between them, and employ them to solve problems about multi-environment data.

Prerequisites and requirements. The class is open to doctoral students who have taken
Foundations of Graphical Models (STCS6701) or know the material from that course. Each
student will complete a research project about multi-environment learning.
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We will set the syllabus as we go. Below are some texts we may discuss.

Hierarchical modeling and empirical Bayes

� Gelman and Hill (2007)
� Efron (2019)

Causal Representation Learning

� Bengio et al. (2019)
� Schölkopf et al. (2021)
� Wang and Jordan (2021)

Invariance and Causality

� Peters et al. (2016)
� Arjovsky et al. (2019)
� Lu et al. (2021)
� Yin et al. (2021)

Causal Discovery

� Zheng et al. (2018)
� Brouillard et al. (2020)
� Lopez et al. (2022)

Synthetic Controls

� Abadie et al. (2010)
� Abadie (2021)
� Agarwal et al. (2021)
� Athey et al. (2021)
� Shi et al. (2022)
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