Question of Interest

Plenty of open challenges
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Problems:
= | ess explored than continuous data

= |ndependence tests on contingency tables are sensitive to dimensionality,
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Causality on discrete data

Problems:
= | ess explored than continuous data

= |ndependence tests on contingency tables are sensitive to dimensionality,
sparsity, etc.

Some solutions:

= Additive noise model in the ring domain'
= Shannon entropy-based score*

'(Peters, Janzing, Scholkopf 2011) 2(Budhathoki. 2020) 59



Causality on mixed-type data

Problems:
» Independence tests designed for either discrete or continuous data only
= Amplitude inequivalence (categorical domain size vs. continuous range)
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Causality on mixed-type data

Problems:
* Independence tests designed for either discrete or continuous data only
= Amplitude inequivalence (categorical domain size vs. continuous range)

Some solutions:

» Independence test-based methods: converting data types into the same type,
e.qg., using discretization or one-hot encoding (information loss, variable
structure destruction...)’

= |nformation-theoretic causal discovery: comparing the gain bit normalized with
by the original description length”

I(Zeng et al. 2022) °(Marx and Vreeken. 2019) 60
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Non-identical sets of variables

Problem:

= Related to missing data problem
= And often comes with heterogeneous data problem E

Some solutions:

= Data imputation'
= Learning partial graphs and combining them (many indeterminacies left)-
= Likelihood maximization while enforcing sparsity”

(Kyono et al. 2021) ?(Danks. 2002) 3(Huang et al. 2020) 61



Causal Representation Learning

Problems:

= The data we have is often not the data we want to infer causality on (e.q.
satellite images)

= |nstead, the (high-dimensional) data is created as an emission of a (low-
dimensional) causal structure
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Causal Representation Learning

Problems:

= The data we have is often not the data we want to infer causality on (e.q.
satellite images)

= |nstead, the (high-dimensional) data is created as an emission of a (low-
dimensional) causal structure

Some solutions:
= (Given enough interventional data, we can learn the underlying causal structure
= |nvariance-based approaches can give us (partial) identifiability

= Multi-modal data can be incredibly potent to obtain more thorough
identifiability of the underlying causal model
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Cyclic Causal Graphs

Problems:

= |n many cases, data (at the scale we can measure it) does not follow an acyclic
causal model

= |nstead, data which is best modeled via a cyclic causal graph (e.g. equilibrium
data of a biological process)
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Cyclic Causal Graphs

Problems:

= |n many cases, data (at the scale we can measure it) does not follow an acyclic
causal model

= |nstead, data which is best modeled via a cyclic causal graph (e.g. equilibrium
data of a biological process)

Some solutions:
= Explicitly try to model the cyclic causal structure (this is usually very hard)
= | everage equivalences between latent variable models and cyclic causal models

= Fit explicit time-based models which entail the right correlation structure in the
equilibrium state
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Text and Causality

Problems:

= For many things, RCT data is impossible or radically incomplete

= |nstead, since time immemorial, people have made decisions based on a Google
search "how to X reddit”

= Now in the era of LLMs, can we leverage these to obtain (average or individual)
treatment effects of various interventions, using only those self-reports in text

form?
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Text and Causality

Problems:
= For many things, RCT data is impossible or radically incomplete

= |nstead, since time immemorial, people have made decisions based on a Google
search "how to X reddit”

= Now in the era of LLMs, can we leverage these to obtain (average or individual)
treatment effects of various interventions, using only those self-reports in text
form?

Some solutions:

= How big are the resulting biases? How can we deal with those?

= When people start asking ChatGPT instead of reddit, how much better or worse is
this?

= How do we even begin to measure this?
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Conclusion

= (Causal discovery from observational data is fundamental for
decision making, trustworthy Al, etc.

= Most technics make a lot of assumtions (sufficiency,
faithfulness...) that do no always hold in the real-world

= That is not inevitable, and those challenges can be
opportunities

Find slides and references on tutorial website: https://eda.rg.cispa.io/events/cdrw25sdm/

[=]

Tutorial website
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Thant qou!

= (Causal discovery from observational data is fundamental for
decision making, trustworthy Al, etc.

= Most technics make a lot of assumtions (sufficiency,
faithfulness...) that do no always hold in the real-world

= That is not inevitable, and those challenges can be
opportunities

Find slides and references on tutorial website: https://eda.rg.cispa.io/events/cdrw25sdm/

[=]

Tutorial website
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