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“Happy is the human who has been able to learn the causes of things.”

- Virgil
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“Happy is the human who has been able to learn use the causes of things.”

- Virgil
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Core Lessons

1. Causal tools help beyond causal inference (structure learning, TE Estimation,
IV/PSM/RDD/DiD/etc.)

2. Exploiting causal information can improve learning transfer, learning efficiency,
and representation learning

3. There are opportunities to integrate into more general, traditional machine
learning methods and tasks
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Humans are causal

I Humans use interventions to learn unconfounded generative models to improve
performance (Gopnik and Sobel, 2000, McCormack et al., 2016)

I Causal-relational structure is an inductive bias for how the world works (Lake
et al., 2016, Battaglia et al., 2018)

I → Let’s build this intuition into ML

CIRM 2018 Causal Machine Learning 5



Causality is Bayesian

I Modern frameworks stem from Bayesian beginnings (Pearl, 2000)

I Naturally expressed in probabilistic statements with causal DAGs

I Uncertainty over M (X → Y or Y → X?)

I Uncertainty over Mdo(I ) (“counterfactual” or “interventional distribution”)
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Learning Transfer: Causal Relations

I Decode the generating process as (a) primitives (b) causal process (Lake et al.,
2013) (also see (Kansky et al., 2017))

P
(
ψ, θ(m)|I (m)

)
≈

K∑
i=1

wiδ
(
θ(m) − θ(m)[i ]

)
δ
(
ψ − ψ[i ]

)
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Learning Transfer: Generalization

One-shot classification

Character generation
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Efficiency: Confounding-aware Actions

Bandits w/ confounded reward / inclination process

Causal Thompson Sampling: account for
counterfactual reward under confounding
(Bareinboim et al., 2015) (also see
(Lattimore et al., 2016))

a← g(P(y |X = x),E(YX=x′ |X = x))
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Efficiency: Semi-Supervised Learning Improvement

Exploit the “Independence of Causal Mechanisms” assumption: P(X ) contains no
information about P(Y |X ) (Schoelkopf et al., 2012)

I Smoking → Cancer

I P(Y ) contains no information about
P(Y |X )

I Cancer → Smoking

I P(Y ) contains information about
P(X |Y )

I Having more samples from P(Y ) helps

CIRM 2018 Causal Machine Learning 10



Efficiency: Semi-Supervised Learning Improvement
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Representation: Learning Causal Features

1. Exploit the “anticausal” relationship to better classify objects (Lopez-Paz et al.,
2016), see also (Chalupka et al., 2014)

2. Learn causal directionality classifier given data Si =
{(

xij , yij
)}mi

j=1
∼ Pmi (Xi ,Yi )

with directionality label `i ∈ {←,→}
3. Classify NN features as “causal” or “anticausal”

4. Check ∃ dep(fac , lf )
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Representation: Learning Causal Features
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Representation: Interventional Sampling

Generating from interventional, not conditional distributions (Kocaoglu et al., 2017)

P(Image|do(Moustache = 1)) 6= P(Image|Moustache = 0)

1. Pass in a causal model M:

2. Train a “Causal Controller” that generates labels from Mδ or M
3. Train GAN that takes these labels and data as input
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Representation: Interventional Sampling
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Next Steps in ML Research

1. Causal tools help beyond causal inference (structure learning, IV’s, TE
Estimation, PSM, etc.)

I They play a role in the learning and doing process

2. Exploiting causal information can improve learning transfer, efficiency, and
representation learning

3. There are opportunities to integrate into more general, traditional machine
learning methods and tasks

I Bayesian modelling, active learning & Bayesian Optimization & RL, representation
learning, generalization

I Interventions, counterfactuals, causal models
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Packages, Data, and Papers

1. Upcoming review paper on this work

2. arXausality → my Github repo of all recent causal ML papers

3. Causal Learning Workshop @ NeurIPS 2018

4. Pyro,DoWhy, CDT → Packages for expressing and testing causal models

5. Causality Workbench → data & challenges for causal inference tasks
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https://github.com/logangraham/arXausality/
https://sites.google.com/view/nips2018causallearning/home
https://github.com/uber/pyro
https://causalinference.gitlab.io/dowhy
https://github.com/Diviyan-Kalainathan/CausalDiscoveryToolbox
http://www.causality.inf.ethz.ch/
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