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Causal questions are ubiquitous: healthcare

https://www.nature.com/articles/s41577-021-00592-1

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://www.nature.com/articles/s41577-021-00592-1
https://uvadl2c.github.io/


Causal questions are ubiquitous: climate change

Causal Data Science - Introduction UvA - Spring 2023 - Period 4

3https://www.bbc.com/news/science-environment-58600723
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Causal questions are ubiquitous: biology

Causal Data Science - Introduction UvA - Spring 2023 - Period 4

4https://www.science.org/doi/abs/10.1126/science.1105809
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A working definition of causality in machine learning
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Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning
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[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning
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[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064

NL eats more chocolate => nothing changes

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning
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[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064

NL eats more chocolate => nothing changes

Chocolate does not cause Nobel prizes

… and similarly for other countries (and other values)

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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In a hypothetical universe:

NL eats more chocolate => more Nobel prizes
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[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064

A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064

A working definition of causality in machine learning

NL eats more chocolate => more Nobel prizes
CH eats more chocolate => more Nobel prizes

In a hypothetical universe:

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

Chocolate causes Nobel prizes
Based on experimental data

… and similarly for (some) other countries
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A working definition of causality in machine learning

Intervention

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning

Intervention

Challenge: estimate the causal effect of an intervention, when we do not 
have (all possible) interventional data (e.g. observational data)

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning

Representation: We can represent causal relations in causal graphs: nodes 
are random variables, edges causal relations

Chocolate Nobel 
prizes

Intervention

Challenge: estimate the causal effect of an intervention, when we do not 
have (all possible) interventional data (e.g. observational data)

Informal definition: A variable X causes another variable Y, if changing (the 
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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Causality in ML: foundational books (non-exhaustive)
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Causality + machine learning (non-exhaustive list) 
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1. Machine learning (ML) helps causality 
• Causal discovery - learning causal graphs from data 
• Causal effect estimation - matching, weighting, double ML 
• (Causal) representation learning 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

https://arxiv.org/pdf/1705.08821.pdf, https://arxiv.org/pdf/1802.05664.pdf, https://arxiv.org/pdf/1605.03661.pdf, https://
crl.causalai.net/, https://www.youtube.com/watch?v=Obuu3w809CI&ab_channel=ConnorJerzak and many many others

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/pdf/1705.08821.pdf
https://arxiv.org/pdf/1802.05664.pdf
https://arxiv.org/pdf/1605.03661.pdf
https://crl.causalai.net/
https://crl.causalai.net/
https://www.youtube.com/watch?v=Obuu3w809CI&ab_channel=ConnorJerzak
https://uvadl2c.github.io/


Causality + machine learning (non-exhaustive list) 
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1. Machine learning (ML) helps causality 
• Causal discovery - learning causal graphs from data 
• Causal effect estimation - matching, weighting, double ML 
• (Causal) representation learning 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

https://arxiv.org/pdf/1705.08821.pdf, https://arxiv.org/pdf/1802.05664.pdf, https://arxiv.org/pdf/1605.03661.pdf, https://
crl.causalai.net/, https://www.youtube.com/watch?v=Obuu3w809CI&ab_channel=ConnorJerzak and many many others
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1. Graphical models and d-separation [Pearl 1988] are a 
principled way to reason about invariances and distribution 
shift 

2. Example in unsupervised domain adaptation 


3. An application in fast adaptation in RL

DSM MLCI 2022-2023Causality + machine learning

Outline 
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Model-based
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

“Full” causality can be not necessary or too expensive ->

E.g. need many 
experiments or strong assumptions to 
identify the causal graph or the causal 

variables

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

“Full” causality can be not necessary or too expensive ->
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

“Full” causality can be not necessary or too expensive ->

In this talk: examples in 
domain adaptation, but lots of 

related work
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect

1+2 =?

3 taps
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect

5-2=?

1 tap …

😐
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect
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5-2=?

2 tap …

😐
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect
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5-2=?

3 tap …

😐😳
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<STOPS>

🥳

Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect
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5-2=?
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect: VQA

[Jabri et al. 2016] "Revisiting visual question answering baselines.” https://arxiv.org/pdf/1606.08390.pdf

Only using answers!
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Why is it important that ML algorithms are robust to distribution 
shift: the “Clever Hans” effect: NLI

Edited from slides by Tom McCoy, [McCoy et al, 2019] Right for the Wrong Reasons: Diagnosing Syntactic Heuristics in Natural 
Language Inference, https://aclanthology.org/P19-1334.pdf

MNLI

(standard)

HANS 
(balanced)
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Causality vs Transfer learning
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• Transfer learning: 


• How can I predict what happens 
when the distribution changes?
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Causality vs Transfer learning
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• Transfer learning: 


• How can I predict what happens 
when the distribution changes?

• Causal inference:


• How can I predict what happens when 
the distribution changes after an 
intervention?


• Perfect intervention do(X): 


• do-calculus [Pearl, 2009]


•  Soft intervention on X  change 
of distribution of P(X| parents)


≈
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Causality vs Transfer learning
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• Transfer learning: 


• How can I predict what happens 
when the distribution changes?

• Causal inference:


• How can I predict what happens when 
the distribution changes after an 
intervention?


• Perfect intervention do(X): 


• do-calculus [Pearl, 2009]


•  Soft intervention on X  change 
of distribution of P(X| parents)


≈

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Very general - can model also 
changes in distribution that are not 

from “real” interventions
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarCausality-inspired ML - Sara Magliacane (UvA, MIT-IBM) YES Causal Inference 2023

ICML 2012Not a new idea!

Causality vs Transfer learning
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34and many many more....

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Causality allows us to reason systematically about distribution 
shifts
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Causality allows us to reason systematically about distribution 
shifts, e.g. through graphs

Causality-inspired ML - Sara Magliacane (UvA, MIT-IBM) YES Causal Inference 2023

and many many more....
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36and many many more....

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Causality allows us to reason systematically about distribution 
shifts, e.g. through graphs

Even if unknown
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37and many many more....

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Causality allows us to reason systematically about distribution 
shifts, e.g. through graphs

Even if unknown

Even we have missing 
data

Without 
reconstructing the causal 

graph
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• Supervised multi-source domain adaptation


• Estimate  in Y = (X1, X2, X3, X4) from source domains and few labels in 
target domain

̂f ̂f

Causality inspired ML: what can causality do for ML? ANC seminar - 1st March 2022

A description of domain adaptation tasks:

X1 X2 X3 X4 Y

1200 1000 1500 9 -0.1
1201 800 1500 8 ?
1195 200 1499 7 ?
…. …. …. …. ….

2000 600 3000 7 -0,21
2190 450 3000 8 -0,16
2000 200 2999 8 -0,16
…. …. …. …. ….
1200 1000 1500 9 -0,17
1201 800 1500 10 -0,14
1195 200 1499 10 -0,07
1340 900 1498 …. -0,14

Causality & DL - Causality-inspired ML

{Source domains

{ Target domain

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Unsupervised multi-source domain adaptation


• Estimate  in Y = (X1, X2, X3, X4) from source domains and by exploiting 
the knowledge of the change from the unlabelled data in target

̂f ̂f

Causality inspired ML: what can causality do for ML? ANC seminar - 1st March 2022

X1 X2 X3 X4 Y

1200 1000 1500 9 ?
1201 800 1500 8 ?
1195 200 1499 7 ?
…. …. …. …. ….

2000 600 3000 7 -0,21
2190 450 3000 8 -0,16
2000 200 2999 8 -0,16
…. …. …. …. ….
1200 1000 1500 9 -0,17
1201 800 1500 10 -0,14
1195 200 1499 10 -0,07
1340 900 1498 …. -0,14

Causality & DL - Causality-inspired ML

No labels in target

{Source domains

{ Target domain

A description of domain adaptation tasks:
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Domain generalisation: required to work under any intervention


• Estimate  in Y = (X1, X2, X3, X4) from source domains, no idea about 
what happens in the target

̂f ̂f

Causality inspired ML: what can causality do for ML? ANC seminar - 1st March 2022

X1 X2 X3 X4 Y

? ? ? ? ?
? ? ? ? ?
? ? ? ? ?
…. …. …. …. ….

2000 600 3000 7 -0,21
2190 450 3000 8 -0,16
2000 200 2999 8 -0,16
…. …. …. …. ….
1200 1000 1500 9 -0,17
1201 800 1500 10 -0,14
1195 200 1499 10 -0,07
1340 900 1498 …. -0,14
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No data in 
target

{Source domains

{ Target domain
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X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 Y
Gene A 3,1 2 ?
Gene A 3,2 3 ?
Gene A 4 2 ?
Gene A 3,2 3 ?
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D X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

• Add a variable D to represent the domain 

D X1 X2 Y
Gene A 3,1 2 ?
Gene A 3,2 3 ?
Gene A 4 2 ?
Gene A 3,2 3 ?
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• Add a variable D to represent the domain  

• Consider the data as coming from a single distribution P(X,Y, D)

X1 X2 Y
Gene A 3,1 2 ?
Gene A 3,2 3 ?
Gene A 4 2 ?
Gene A 3,2 3 ?

D X1 X2 Y
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• Add a variable D to represent the domain  

• Consider the data as coming from a single distribution P(X,Y, D)

X1 Y X2D

• We can represent P(X,Y, D) with a 
(possibly unknown) causal graph

X1 X2 Y
Gene A 3,1 2 ?
Gene A 3,2 3 ?
Gene A 4 2 ?
Gene A 3,2 3 ?

D X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0
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Domain adaptation from a graphical perspective
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ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 = − 2Y + ϵ2

X3 = 2Y + 0.1ϵ3

D = 0
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ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
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Y = 3X1 + ϵY

X2 = 1
X3 = 2Y + 0.1ϵ3

ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 = 10Y + ϵY

X3 = 2Y + 0.1ϵ3

D = 0

D = 1

D = 2
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ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 =
−2Y + ϵ2 if D = 0
1 if D = 1
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X3 = 2Y + 0.1ϵ3
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Domain adaptation example
ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 = − 2Y + ϵ2

X3 = 2Y + 0.1ϵ3

ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 = 1
X3 = 2Y + 0.1ϵ3

ϵ1, ϵ2, ϵ3, ϵY ∼ 𝒩(0,1)
X1 = 10 + ϵ1

Y = 3X1 + ϵY

X2 = 10Y + ϵY

X3 = 2Y + 0.1ϵ3

{Source 
domains

Target domain

D = 0

D = 1

D = 2
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D = 0 D = 1 D = 2

Domain adaptation example
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D = 0 D = 1 D = 2

Domain adaptation example - X1
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Target domainSource domains
Domain adaptation example - X2
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Target domainSource domains
Domain adaptation example - X2
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Separating features intuition - X1
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d-separation [Pearl 1988 allows us to read conditional 
independences from a Bayesian network 

Separating features intuition - X1
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and many more....

Causality allows us to reason systematically about distribution shifts
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Which variables d-separate Y from D now?

X1 X2 X3 Y

? ? ? ?
? ? ? ?
? ? ? ?
…. …. …. ….

2000 600 3000 -0,21
2190 450 3000 -0,16
2000 200 2999 -0,16
…. …. …. ….
1200 1000 1500 -0,17
1201 800 1500 -0,14
1195 200 1499 -0,07
1340 900 1498 -0,14
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Intervention on every variable except Y =   
domain generalisation

X1 X2 X3 Y

? ? ? ?
? ? ? ?
? ? ? ?
…. …. …. ….

2000 600 3000 -0,21
2190 450 3000 -0,16
2000 200 2999 -0,16
…. …. …. ….
1200 1000 1500 -0,17
1201 800 1500 -0,14
1195 200 1499 -0,07
1340 900 1498 -0,14

Which variables d-separate Y from D now?

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://uvadl2c.github.io/


X1 Y X2D
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• Which sets of variables d-separate Y from D? (List all)

Common misconceptions 1: An invariant feature need not be causal
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Common misconceptions 1: An invariant feature need not be causal

X1 Y X2D
Y ⊥⊥ D |X1

Y ⊥⊥ D |X1, X2
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Common misconceptions 1: An invariant feature need not be causal

X1 Y X2D
Y ⊥⊥ D |X1

• Y|X1,X2 is invariant  invariant features are not necessarily parents of Y⟹

Y ⊥⊥ D |X1, X2

Invariant feature across “many different datasets” is not enough in general to find 
causal parents, need more assumptions
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Common misconceptions 1: An invariant feature need not be causal

X1 Y X2D
Y ⊥⊥ D |X1

• Y|X1,X2 is invariant  invariant features are not necessarily parents of Y⟹

Y ⊥⊥ D |X1, X2

Invariant feature across “many different datasets” is not enough in general to find 
causal parents, need more assumptions
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• How do you get (some of) the parents?
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Common misconceptions 1: An invariant feature need not be causal

X1 Y X2D
Y ⊥⊥ D |X1

• Y|X1,X2 is invariant  invariant features are not necessarily parents of Y⟹

Y ⊥⊥ D |X1, X2

Invariant feature across “many different datasets” is not enough in general to find 
causal parents, need more assumptions
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• Invariant Causal Prediction [Peters et al. 2016] under causal sufficiency:

S* = ⋂
Y⊥⊥D|S

S ⊆ Pa(Y) {X1, X2} ∩ {X1} = {X1}
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Common misconception 2: Parents are not enough under latent confounding
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X1 YX2D

H

• Which sets of variables d-separate Y from D? (List all)


• Note: you cannot have H in the conditioning set, because it’s latent

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://uvadl2c.github.io/


Common misconception 2: Parents are not enough under latent confounding
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X1 YX2D

H Y ⊥⊥ D |X1

Y /⊥⊥ D |X2

Y ⊥⊥ D |X1, X2

• Y|X1 is invariant, Y|X2 is not, even if X2 is a parent
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Common misconception 2: Parents are not enough under latent confounding
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X1 YX2D

H Y ⊥⊥ D |X1

Y /⊥⊥ D |X2

Y ⊥⊥ D |X1, X2

• Y|X1 is invariant, Y|X2 is not, even if X2 is a parent

Even if we knew all the parents, under latent confounding this wouldn’t 
necessarily help transfer
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Common misconception 2: Parents are not enough under latent confounding
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X1 YX2D

H Y ⊥⊥ D |X1

Y /⊥⊥ D |X2

Y ⊥⊥ D |X1, X2

• Y|X1 is invariant, Y|X2 is not, even if X2 is a parent

Even if we knew all the parents, under latent confounding this wouldn’t 
necessarily help transfer

• Conclusion: causality (e.g. using the causal parents, learning the 
complete causal graph) is neither necessary or sufficient* for transfer, 
what we care about are conditional independences/d-separations
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• Graphical models and d-separation [Pearl 1988] are a principled way to 
reason about invariances and distribution shift 

• Not a new observation, known since [Schoelkopf et al 2012]


• Even with unknown causal graphs

DSM MLCI 2022-2023Causality + machine learning

Takeaways 1/3
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• X, Y and changes can be represented by an unknown causal graph


• Allow for latent confounders  

• Avoid parametric assumptions, allow for heterogeneous effects across 
domains


• Instead of modeling changes between each domain, distinguish the 
change between the mixture of sources and the target

DSM MLCI 2022-2023Causality + machine learning

Desiderata for a causal domain adaptation method
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X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 Y
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 0

X1 X2 Y
Gene B 0,2 1 ?
Gene B 0,3 1 ?
Gene B 0,3 2 ?
Gene B 0,4 1 ?

• Unsupervised multi-source domain adaptation


• We interpret the change in the target domain as a soft intervention

DSM MLCI 2022-2023Causality + machine learning

Domain Adaptation by Using Causal Inference to 
Predict Invariant Conditional Distributions NeurIPS 2018
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X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 Y
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 0

X1 X2 Y
Gene B 0,2 1 ?
Gene B 0,3 1 ?
Gene B 0,3 2 ?
Gene B 0,4 1 ?

• Unsupervised multi-source domain adaptation


• We interpret the change in the target domain as a soft intervention
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Domain Adaptation by Using Causal Inference to 
Predict Invariant Conditional Distributions NeurIPS 2018
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X1 X2 Y
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 Y
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 0

X1 X2 Y
Gene B 0,2 1 ?
Gene B 0,3 1 ?
Gene B 0,3 2 ?
Gene B 0,4 1 ?

• Unsupervised multi-source domain adaptation


• We interpret the change in the target domain as a soft intervention

DSM MLCI 2022-2023Causality + machine learning

Domain Adaptation by Using Causal Inference to 
Predict Invariant Conditional Distributions NeurIPS 2018

C1 = 1

Now the graph is unknown!
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Joint Causal Inference from Multiple Contexts

80

• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

DSM MLCI 2022-2023Causality + machine learning

https://arxiv.org/abs/1611.10351
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3

Joint Causal Inference from Multiple Contexts

DSM MLCI 2022-2023Causality + machine learning

https://arxiv.org/abs/1611.10351
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3
X1 X2 X3

Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 1

X1 X2 X3 do(X3) = 1

https://arxiv.org/abs/1611.10351
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 1

X1 X2 X3
Gene B 0.2 1 0
Gene B 0.3 1 1
Gene B 0.3 2 1
Gene B 0.4 1 1

X1 X2 X3

X1 X2 X3

X1 X2 X3 do(X3) = 1

DSM MLCI 2022-2023Causality + machine learning

Soft intervention 
on X2

https://arxiv.org/abs/1611.10351
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

DSM MLCI 2022-2023Causality + machine learning

X1 X2 X3

X1 X2 X3

X1 X2 X3
X1 X2 X3

C1C2

C1 = 1

C2 = 1 Soft intervention on X2

U

do(X3) = 1
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

DSM MLCI 2022-2023Causality + machine learning

X1 X2 X3

X1 X2 X3

X1 X2 X3
X1 X2 X3

C1C2

C1 = 1

C2 = 1 Soft intervention on X2

do(X3) = 1
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

DSM MLCI 2022-2023Causality + machine learning

X1 X2 X3

X1 X2 X3

X1 X2 X3
X1 X2 X3

C1C2

C1 = 1

C2 = 1 Soft intervention on X2

do(X3) = 1 System 
variables

Context 
variables

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 1

X1 X2 X3
Gene B 0.2 1 0
Gene B 0.3 1 1
Gene B 0.3 2 1
Gene B 0.4 1 1

X1 X2 X3

X1 X2 X3

X1 X2 X3 do(X3) = 1

DSM MLCI 2022-2023Causality + machine learning

Soft intervention 
on X2

https://arxiv.org/abs/1611.10351

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

C1 C2 X1 X2 Y
0 1 0,2 1 0
0 1 0,3 1 1
0 1 0,3 2 1
0 1 0,4 1 1

C1 C2 X1 X2 Y
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 1

X1 X2 X3
Gene B 0.2 1 0
Gene B 0.3 1 1
Gene B 0.3 2 1
Gene B 0.4 1 1

C1 C2 X1 X2 X3
0 0 0,1 2 0
0 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We represent different distributions (including interventional) as an unknown joint causal 
graph (possibly cyclic or with latent confounders)


• We add context variables so we can disentangle changes in distribution across the datasets

C1 C2 X1 X2 Y
0 1 0,2 1 0
0 1 0,3 1 1
0 1 0,3 2 1
0 1 0,4 1 1

C1 C2 X1 X2 Y
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1

X1 X2 X3
Normal 0,1 2 0
Normal 0,2 3 0
Normal 1,1 2 1
Normal 0,1 3 0

X1 X2 X3
Gene A 3,1 2 1
Gene A 3,2 3 1
Gene A 4 1 1
Gene A 3,2 3 1

X1 X2 X3
Gene B 0.2 1 0
Gene B 0.3 1 1
Gene B 0.3 2 1
Gene B 0.4 1 1

C1 C2 X1 X2 X3
0 0 0,1 2 0
0 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0System 

variables
Context 
variables
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• We add context variables so we can disentangle changes in distribution across the datasets 
(and optionally background knowledge, e.g. context variables are uncaused)


• We can reuse any standard method for observational data that fits any chosen assumptions 

C1 C2 X1 X2 Y
0 1 0,2 1 0
0 1 0,3 1 1
0 1 0,3 2 1
0 1 0,4 1 1

C1 C2 X1 X2 Y
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1

C1 C2 X1 X2 X3
0 0 0,1 2 0
0 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We add context variables so we can disentangle changes in distribution across the datasets 
(and optionally background knowledge, e.g. context variables are uncaused)


• We can reuse any standard method for observational data that fits any chosen assumptions 

C1 C2 X1 X2 Y
0 1 0,2 1 0
0 1 0,3 1 1
0 1 0,3 2 1
0 1 0,4 1 1

C1 C2 X1 X2 Y
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1

C1 C2 X1 X2 X3
0 0 0,1 2 0
0 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0

X1 ⊥⊥ C2 |C1

X2 /⊥⊥ C2

X2 ⊥⊥ C1 |X3
…
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• We add context variables so we can disentangle changes in distribution across the datasets 
(and optionally background knowledge, e.g. context variables are uncaused)


• We can reuse any standard method for observational data that fits any chosen assumptions 

C1 C2 X1 X2 Y
0 1 0,2 1 0
0 1 0,3 1 1
0 1 0,3 2 1
0 1 0,4 1 1

C1 C2 X1 X2 Y
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1

C1 C2 X1 X2 X3
0 0 0,1 2 0
0 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0

X1 ⊥⊥ C2 |C1

X2 /⊥⊥ C2

X2 ⊥⊥ C1 |X3 X1 X2 X3

C1C2

…

DSM MLCI 2022-2023Causality + machine learning

FCI-JCI

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Additional background knowledge based on assumptions:


• A1 (“exogeneity”): No system variable causes any context variable.


• A2 (“complete randomised context”): No context variable is confounded with 
a system variable.


• A3 (“generic context model”): The context variables do not cause each other 
and they are assumed to be confounded.

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Y ⊥⊥ C1 |X1?

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

https://arxiv.org/abs/1707.06422

{Source domains

Target domain{
C1 C2 X1 X2 Y
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

NeurIPS 2018
Domain Adaptation by Using Causal Inference to Predict 

Invariant Conditional Distributions

• We assume we can model all the domains in with a single unknown 
acyclic causal graph with multiple context variables [Mooij et al. 2020]

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinar

X1 X2 X3

C1C2

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Causal domain adaptation: separating features

• Separating features: sets of features that d-separate Y from the context 
variable C1 representing the target domain

• {X1} is a separating feature set, {X1, X2} could lead to arbitrary large error

X1 Y X2

C1C2

Aka stable features, 
invariant features etc.

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Idea: we could test the conditional independence in the data 
Y ⊥⊥ C1 |X1? Y ⊥⊥ C1 |X2?

What if the causal graph is unknown? 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Idea: we could test the conditional independence in the data 
Y ⊥⊥ C1 |X1? Y ⊥⊥ C1 |X2?

• Problem: Y is always missing when C1=1, so we cannot test these

C1 C2 X1 X2 Y
0 1 0,2 0 0
0 1 0,3 0 1
0 1 0,3 1 0

C1 C2 X1 X2 Y
1 0 3,1 2 ?
1 0 3,2 3 ?
1 0 4 3 ?

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

What if the causal graph is unknown? 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Idea: we could test the conditional independence in the data 
Y ⊥⊥ C1 |X1? Y ⊥⊥ C1 |X2?

• Problem: Y is always missing when C1=1, so we cannot test these

C1 C2 X1 X2 Y
0 1 0,2 0 0
0 1 0,3 0 1
0 1 0,3 1 0

C1 C2 X1 X2 Y
1 0 3,1 2 ?
1 0 3,2 3 ?
1 0 4 3 ?

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Y ⊥⊥ C2 |{X1, C1 = 0} ⟹ Y ⊥⊥ C1 |X1

Idea: Invariant features in source domains are 
also separating in the target domain

What if the causal graph is unknown? 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Separating features in sources are also separating in target - 
counterexample

Y⊥⊥ C2 |{X1, C1 = 0} Y⊥⊥ C2 |{X2, C1 = 0}

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Y⊥⊥ C2 |{X1, C1 = 0} Y⊥⊥ C2 |{X2, C1 = 0}

Y⊥⊥ C1 |X1 Y /⊥⊥ C1 |X2

DSM MLCI 2022-2023Causality + machine learning

Separating features in sources are also separating in target - 
counterexample

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Idea: we could test the conditional independence in the data 
Y ⊥⊥ C1 |X1? Y ⊥⊥ C1 |X2?

• Problem: Y is always missing when C1=1, so we cannot test these

C1 C2 X1 X2 Y
0 1 0,2 0 0
0 1 0,3 0 1
0 1 0,3 1 0

C1 C2 X1 X2 Y
1 0 3,1 2 ?
1 0 3,2 3 ?
1 0 4 3 ?

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Y ⊥⊥ C2 |{X1, C1 = 0} ⟹ Y ⊥⊥ C1 |X1

Idea: Invariant features in source domains are 
also separating in the target domain

This is a strong assumption

DSM MLCI 2022-2023Causality + machine learning

What if the causal graph is unknown? 
Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Idea: we could test the conditional independence in the data 
Y ⊥⊥ C1 |X1? Y ⊥⊥ C1 |X2?

• Problem: Y is always missing when C1=1, so we cannot test these

C1 C2 X1 X2 Y
0 1 0,2 0 0
0 1 0,3 0 1
0 1 0,3 1 0

C1 C2 X1 X2 Y
1 0 3,1 2 ?
1 0 3,2 3 ?
1 0 4 3 ?

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

X1 /⊥⊥ X2

X1 /⊥⊥ C1

X1 ⊥⊥ X2 |Y, C1 = 0
X1 /⊥⊥ X2 |C1

…
• Idea: Can we use all other in/dependences?

What if the causal graph is unknown? 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We search for separating features that d-separate Y from  (target) 

• We assume no extra dependences involving Y in target domain C1=1

C1

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

NeurIPS 2018
Domain Adaptation by Using Causal Inference to Predict 

Invariant Conditional Distributions

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We search for separating features that d-separate Y from  (target) 

• We assume no extra dependences involving Y in target domain C1=1

C1

C1 C2 X1 X2 Y
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1 Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0

Perform allowed CI tests

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

https://arxiv.org/abs/1707.06422

NeurIPS 2018
Domain Adaptation by Using Causal Inference to Predict 

Invariant Conditional Distributions

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We search for separating features that d-separate Y from  (target) 

• We assume no extra dependences involving Y in target domain C1=1

C1

C1 C2 X1 X2 Y
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

X1 Y

C1C2

Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0

Perform allowed CI tests All possible compatible graphs

Y ⊥⊥ C1 |X1?

X2

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

https://arxiv.org/abs/1707.06422

NeurIPS 2018
Domain Adaptation by Using Causal Inference to Predict 

Invariant Conditional Distributions

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• We assume that there exists an acyclic causal graph that fits all the data 
(Joint Causal Inference) 

• We assume Y cannot be intervened upon directly 

Assumptions [Magliacane et al. 2018] 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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A ⊥⊥ D |B, Y, C1 = 0 ⟹ A ⊥⊥ D |B, Y, C1 = 1
Y ⊥⊥ A |B, C1 = 0 ⟹ Y ⊥⊥ A |B, C1 = 1A, D, B ⊂ V∖{Y, C1}

• We assume that there exists an acyclic causal graph that fits all the data 
(Joint Causal Inference) 

• We assume Y cannot be intervened upon directly  

• We assume no extra dependences involving Y in target domain C1=1

There can be extra 
independences in the target

Assumptions [Magliacane et al. 2018] 
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Assumptions [Magliacane et al. 2018] 
• We assume that there exists an acyclic causal graph that fits all the data 

(Joint Causal Inference) 

• We assume Y cannot be intervened upon directly  

• We assume no extra dependences involving Y in target domain C1=1

A ⊥⊥ D |B, Y, C1 = 0 ⟹ A ⊥⊥ D |B, Y, C1 = 1
Y ⊥⊥ A |B, C1 = 0 ⟹ Y ⊥⊥ A |B, C1 = 1A, D, B ⊂ V∖{Y, C1}

C1 ⊥⊥ Y |B?
• Note that this does not assume anything about the separating set test :

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

DSM MLCI 2022-2023Causality + machine learning

A small example that we proved by hand
Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://uvadl2c.github.io/


C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Perform allowed CI tests

A small example that we proved by hand
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C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1 X1 Y X2

C1C2

X1 Y X2

C1C2

X1 Y X2

C1C2

A small example that we proved by hand
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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X1 Y X2

C1C2

C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Perform allowed CI tests All possible compatible graphs

A small example that we proved by hand
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X1 Y X2

C1C2

Y ⊥⊥ C2 |X1, C1 = 0

Y /⊥⊥ C2 |C1 = 0

X2 ⊥⊥ C2 |Y, C1 = 0

Y ⊥⊥ C1 |X1

• We can prove untestable separating test without reconstructing the graph:

Perform allowed CI tests All possible compatible graphs

True in all possible compatible graphs

C1 C2 X1 X2 ?
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

C1 C2 X1 X2 Y
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

A small example that we proved by hand
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

Inferring separating sets automatically
     Query Y ⊥⊥ C1 |X1?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?

Y ⊥⊥ C1 |X1

Y /⊥⊥ C1 |X1
Theorem prover

Not identifiable

Provably separating

Provably not separating

DSM MLCI 2022-2023Causality + machine learning

We can test incrementally each set of 
features selected by standard feature 

selection (e.g. random forests)

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://uvadl2c.github.io/


A simple causal feature selection algorithm

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

Select new set S S= {X1, C2}

DSM MLCI 2022-2023Causality + machine learning

A simple causal feature selection algorithm
Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://uvadl2c.github.io/


Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

Theorem prover

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Select new set S S= {X1, C2}

A simple causal feature selection algorithm
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?
Y /⊥⊥ C1 |S

Theorem prover Not identifiable

Provably not separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Select new set S S= {X1, C2}

A simple causal feature selection algorithm
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?
Y /⊥⊥ C1 |S

Theorem prover Not identifiable

Provably not separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Select new set S S= {X1, X2, C2}

A simple causal feature selection algorithm
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

Y ⊥⊥ C1 |S

Theorem prover

Provably separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Learn (S) 
on source 
domains

̂f

Select new set S S= {X1, X2, C2}

A simple causal feature selection algorithm
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?
Y ⊥⊥ C1 |S

Y /⊥⊥ C1 |S

Theorem prover Not identifiable

Provably separating

Provably not separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Learn (S) 
on source 
domains

̂f

Select new set S
Iterate until empty

A simple causal feature selection algorithm
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?
Y ⊥⊥ C1 |S

Y /⊥⊥ C1 |S

Theorem prover Not identifiable

Provably separating

Provably not separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Learn (S) 
on source 
domains

̂f

Select new set S

C1 C2 X1 X2 Y
0 1 0,2 0 ?
0 1 0,3 0 ?
0 1 0,3 1 ?

Bounded 
generalisation error

A simple causal feature selection algorithm
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Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |S?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?
Y ⊥⊥ C1 |S

Y /⊥⊥ C1 |S

Theorem prover Not identifiable

Provably separating

Provably not separating

     Standard feature 
selection

List of combinations of features ordered 
by source domain loss in predicting Y


L=({X1, C2}, {X1, X2, C2} , {X1, X2}, …)

Source domains data
C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1

C1 C2 X1 X2 Y
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1
0 1 3,1 2 1
0 1 3,2 3 1
0 1 4 3 1
1 0 0,2 0 ?
1 0 0,3 0 ?
1 0 0,3 1 ?

All data (including target)

Learn (S) 
on source 
domains

̂f

Select new set S

C1 C2 X1 X2 Y
0 1 0,2 0 ?
0 1 0,3 0 ?
0 1 0,3 1 ?

Bounded 
generalisation errorNo need to find causal graph or 

equivalence class, we only care about 
conditional independences/d-separations

A simple causal feature selection algorithm
DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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• Graphical models and d-separation [Pearl 1988] are a principled way to 
reason about invariances and distribution shift 

• Not a new observation, known since [Schoelkopf et al 2012]


• Even with unknown causal graphs, Missing data/zero-shot settings 

• Often we do not need to reconstruct the causal graph, we only need 
to infer missing conditional independences

DSM MLCI 2022-2023Causality + machine learning

Takeaways 2/3

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://icml.cc/2012/papers/625.pdf
https://uvadl2c.github.io/
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Inferring separating sets of features 

Logic encoding of d-separation 
[Hyttinen et al. 2014]

     Query Y ⊥⊥ C1 |X1?

All testable conditional 
independences from data

Y ⊥⊥ C2 |X1, C1 = 0
X1 ⊥⊥ X3 |X4

X2 ⊥⊥ C2 |Y, C1 = 0
…

Assumptions

?

Y ⊥⊥ C1 |X1

Y /⊥⊥ C1 |X1
Theorem prover

Not identifiable

Provably separating

Provably not separating

https://arxiv.org/abs/1707.06422

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

We can test incrementally each set of 
features selected by standard feature 

selection (e.g. random forests)

A big (current) limitation: 
Scalability 

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinar

No need to find causal graph or 
equivalence class, we only care about 

conditional independences/d-separations

Other limitations: the 
concept of separating sets might 

be too conservative

Other limitations: current only 
feature selection

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/1707.06422
https://uvadl2c.github.io/
https://uvadl2c.github.io/
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

AdaRL: What, Where, and How to Adapt in Transfer RL
ICLR 2022

Domain 1

Domain 2

… 

Source domains

…
Domain n

https://arxiv.org/abs/2107.02729

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

Simplifying 
assumption: no 
new edges in 
target domain

https://arxiv.org/abs/2107.02729
https://uvadl2c.github.io/
https://uvadl2c.github.io/
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

ICLR 2022

ballt

playert−1

advst−1

at−1 rt

timeslice t-1 timeslice t

Domain-shared representation

θs
k θr

k

Domain-specific parameters

Domain 1

Domain 2

… 

Source domains

…
Domain n

playert

ballt−1

advst

ballt,
{playert,

advst,
at, rt}t=0,…,T

ballt,
{playert,

advst,
at, rt}t=0,…,T

ballt,
{playert,

advst,
at, rt}t=0,…,T

https://arxiv.org/abs/2107.02729

When we learn from symbolic inputs, 
the causal graph can be identified, but 
we don’t have guarantees on what the 

latent change factors are

AdaRL: What, Where, and How to Adapt in Transfer RL

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/2107.02729
https://uvadl2c.github.io/
https://uvadl2c.github.io/
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

ICLR 2022

Domain 1

Domain 2

… 

Source domains

…
Domain n

s1,t

s2,t

s1,t−1

s2,t−1

ot−1 ot

θs
kθo

k θr
k

at−1 rt

Domain-specific parameters

Domain-shared representation

timeslice t-1 timeslice t

s3,ts3,t−1

{ot, at, rt}t=0,…,T

{ot, at, rt}t=0,…,T

{ot, at, rt}t=0,…,T
https://arxiv.org/abs/2107.02729

When we learn from images, we 
cannot identify the causal variables, 
so what we learn is not necessarily 

causal… but it is still useful

AdaRL: What, Where, and How to Adapt in Transfer RL

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/2107.02729
https://uvadl2c.github.io/
https://uvadl2c.github.io/
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

ICLR 2022
Domain 1

Domain 2

… 

Source domains

…

Identify  ,  
from the estimated 

graph

smin
t θmin

t Learn optimal 
policy 
on source domains

π*(smin
k , θmin

k )Estimate graph over 
estimated sk, θk

https://arxiv.org/abs/2107.02729

AdaRL: What, Where, and How to Adapt in Transfer RL

Causality-inspired ML - Sara Magliacane (UvA, MIT-IBM) YES Causal Inference 2023UvA - Spring 2023 - Period 4Causal Data Science - Causality-inspired MLCausality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarCausality-inspired ML - Sara Magliacane (UvA, MIT-IBM) YES Causal Inference 2023UvA - Spring 2023 - Period 4Causal Data Science - Causality-inspired MLDL2 Causality: Causality-inspired RL UvA Deep Learning 2 (https://uvadl2c.github.io)Causal vs Causality-inspired Representation Learning Sara Magliacane (UvA, MIT-IBM Watson AI)Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/2107.02729
https://uvadl2c.github.io/
https://uvadl2c.github.io/
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Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

ICLR 2022
Domain 1

Domain 2

… 

Source domains

…
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Average final scores on Cartpole (MDP) with N_target=50 Average final scores on Pong (POMDP) with N_target=50

• Results: we consistently outperform the state-of-the-art thanks to the graph
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• Task: RL agent has to learn a policy that is robust to different types of non-
stationarity, including multiple simultaneous changes of different types
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Factored Non-Stationary MDP

• The latent change factors are not constant anymore and they model non-stationarity

https://arxiv.org/abs/2203.16582 136

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/2203.16582
https://uvadl2c.github.io/
https://uvadl2c.github.io/


FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
NeurIPS 2022

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

Learned maskLearned mask

Change factor 
inference network

Change factor 
inference network

Transition 
change factor 

dynamics

θs
t−1 θr

t−1

θs
t θr

t

Reward 
decoder

Reward change 
factor 

dynamics

hs
t−1, hr

t−1

Learned masks Learned masks

st−1

at−1 rt−1

st

at rt

̂st ̂st+1 ̂rt ̂rt+1

Transition 
decoder

Transition 
decoder

Reward 
decoder

τ
Trajectories 
collected with an 
initial policy (e.g. 
random)

s1,t−1

a1,t−1

rt

θs
1,t

s2,t−1

s3,t−1

a2,t−1

s1,t

s2,t

s3,t

θs
2,t

θr
1,t

θr
2,t

a1,t

a2,t

θs
1,t+1

θs
2,t+1

θr
1,t+1

θr
2,t+1

• The latent change factors are not constant anymore and they model non-stationarity

Factored Non-Stationary Variational AutoencoderFactored Non-Stationary MDP
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The biggest difference in performance is 
switching off learning the graph

• Policy learning: estimate latent change factors, learn policy as if they were observed


• Results: we consistently outperform the state-of-the-art thanks to the graph
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• Graphical models and d-separation [Pearl 1988] are a principled way to 
reason about invariances and distribution shift 

• Not a new observation, known since [Schoelkopf et al 2012]


• Even with unknown causal graphs, Missing data/zero-shot settings 

• Often we do not need to reconstruct the causal graph, we only need 
to infer missing conditional independences 


• These ideas seem empirically useful even if we cannot guarantee that 
we are learning the true causal variables or the true causal graph

DSM MLCI 2022-2023Causality + machine learning

Takeaways 3/3
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Sneak peak: Causal Representation Learning
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Can we learn causal variables from high-dimensional data?
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and many many more since….
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences
ICML 2022
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The paddles continue moving as 
usual (not counterfactual)
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences
ICML 2022

t-1 t-1 t-1 t-1 t-1

t t t t

It
2 = 0 It

3 = 0 It
4 = 0 It

5 = 0 It
6 = 0

Possibly 
noisy

It
1 = 1

Stochastic intervention 

(we don’t know where the ball will be)
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences
ICML 2022

https://arxiv.org/abs/2202.03169

CITRIS-VAE
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Also CITRIS-NF…

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

https://arxiv.org/abs/2202.03169
https://uvadl2c.github.io/
https://uvadl2c.github.io/
https://uvadl2c.github.io/


https://arxiv.org/abs/2202.03169

t

t t

CITRIS: Causal Identifiability from TempoRal Intervened Sequences
ICML 2022

DSM MLCI 2022-2023Causality + machine learningCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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iCITRIS: Causal Representation Learning for Instantaneous Temporal Effects
ICLR 2023

https://arxiv.org/abs/2206.06169
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UAI 2023

BISCUIT: Causal Representation Learning from Binary Interactions

Causal vs Causality-inspired Representation Learning Sara Magliacane (UvA, MIT-IBM Watson AI)

https://phlippe.github.io/BISCUIT/
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Call for Papers in CRL

UvA - Spring 2023 - Period 4Causal Data Science - Bayesian networksCausal vs Causality-inspired Representation Learning Sara Magliacane (UvA, MIT-IBM Watson AI)

https://crl-workshop.github.io/
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https://xkcd.com/552/

IKI 2022 - Causality lecture UvA - Fall 2022Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinar

(joint work with Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris Mooij, 

Biwei Huang, Fan Feng, Chaochao Lu and Kun Zhang) 

Causality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) Young Statisticians Europe webinarCausality & DL - Introduction UvA Deep Learning 2 (https://uvadl2c.github.io)Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023
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