
Seminar: Advanced topics in causality and 
causal ML research
Lecture 4: Causality-inspired ML/RL 

Lecturer: Sara Magliacane UdS - Summer 2026



Causality + machine learning (non-exhaustive list) 

2

1. Machine learning (ML) helps causality 
• Causal discovery - learning causal graphs from data 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness, interpretability
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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 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness, interpretability
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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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

“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
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Causal Hierarchy [Pearl 2009, 2018] 

Most ML

Causality

“Full” causality can be not necessary or too expensive ->
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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 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

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

9

• Transfer learning: 


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

10

• 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

11

• 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)


≈

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

from “real” interventions

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL



12

ICML 2012 
Test of Time 
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13and many many more....

Causality allows us to reason systematically about distribution 
shifts
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EMS 2023 

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

and many many more....
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Unsupervised domain adaptation - toy example

• Task: Learn a model Y = (X1, X2) on the source domain so that it can reliably 
estimate Y in target domain

̂f

{Source domain

Target domain

No labels in target

X1 X2 Y
Wildtype 0,1 2 0
Wildtype 0,2 3 0
Wildtype 1,1 2 1
Wildtype 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 ?

{

X1 X2 Y
Wildtype 0,1 2 0
Wildtype 0,2 3 0
Wildtype 1,1 2 1
Wildtype 0,1 3 0
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1. We add a context variable C to distinguish the domains

{Source domain

Target domain

C X1 X2 Y
1 3,1 2 ?
1 3,2 3 ?
1 4 2 ?
1 3,2 3 ?

{

C X1 X2 Y
0 0,1 2 0
0 0,2 3 0
0 1,1 2 1
0 0,1 3 0

Domain adaptation from the graphical perspective
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1. We add a context variable C to distinguish the domains


2. We consider the data as coming from a single distribution P(X1, X2,Y, C)

{Source domain

Target domain

C X1 X2 Y
0 0,1 2 0
0 0,2 3 0
0 1,1 2 1
0 0,1 3 0

{

Domain adaptation from the graphical perspective
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Domain adaptation from the graphical perspective

1. We add a context variable C to distinguish the domains


2. We consider the data as coming from a single distribution P(X1, X2,Y, C)

C X1 X2 Y
0 0,1 2 0
0 0,2 3 0
0 1,1 2 1
0 0,1 3 0

X1 Y X2

C

We can represent P(X1, X2,Y, C) 
with an (unknown) causal graph
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

Step 1: Known causal graph
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context
Aka stable features, invariant features etc.
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

Y ⊥⊥d C |X1 ⟺ Y ⊥⊥ C |X1

• Separating features: sets of features that d-separate Y from the context

(under Markov and faithfulness assumptions)
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C Source

Target

X1

Y

Y ⊥⊥ C |X1 ≡
P(Y |X1, C = 0) = P(Y |X1, C = 1)

Y ⊥⊥d C |X1 ⟺ Y ⊥⊥ C |X1

• Separating features: sets of features that d-separate Y from the context

(under Markov and faithfulness assumptions)
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Separating features = safe for (adversarial) domain adaptation

Source

Target

X1

Y

Y ⊥⊥ C |X1 ≡
P(Y |X1, C = 0) = P(Y |X1, C = 1)

Y /⊥⊥ C |X2 ≡
P(Y |X2, C = 0) ≠ P(Y |X2, C = 1)

X2

Y
Source

Target

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

Y /⊥⊥d C |X2 ⟺ Y /⊥⊥ C |X2
(under Markov and faithfulness assumptions)
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Separating features = safe for (adversarial) domain adaptation

Source

Target

X1

Y

Y ⊥⊥ C |X1 ≡
P(Y |X1, C = 0) = P(Y |X1, C = 1)

Y /⊥⊥ C |X2 ≡
P(Y |X2, C = 0) ≠ P(Y |X2, C = 1)

X2

Y
Source

Target

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

{X1} is a separating feature, {X2} and {X1, X2} are not -> arbitrarily large error
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

X3

 ?Y ⊥d C |{X1, X3}
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

X3

 (separating features are not necessarily parents of Y)Y ⊥d C |{X1, X3}

 ?Y ⊥d C |{X1, X3}
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

X3

 ?Y ⊥d C |{X1, X3}

Intervention on every variable except Y =   
domain generalisation
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Separating features = safe for (adversarial) domain adaptation

X1 Y X2

C

• Separating features: sets of features that d-separate Y from the context

X3

Under every possible distribution shift (except directly on the label Y), the 
separating set of feature are the causal parents

 ?Y ⊥d C |{X1, X3}

Intervention on every variable except Y =   
domain generalisation
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Observed parents are not enough under latent confounding

X1 YX2C

Y ⊥⊥ C |X1

Y /⊥⊥ C |X2

Y ⊥⊥ C |X1, X2
•  is invariant,  is notP(Y |X1) P(Y |X2)

H

• 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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Separating features = safe for (adversarial) domain adaptation

Source

Target

X1

Y

Y ⊥⊥ C |X1 ≡
P(Y |X1, C = 0) = P(Y |X1, C = 1)

Y /⊥⊥ C |X2 ≡
P(Y |X2, C = 0) ≠ P(Y |X2, C = 1)

X2

Y
Source

Target

X1 Y X2

C

Y /⊥⊥d C |X2

• Separating features: sets of features that d-separate Y from the context

{X1} is a separating feature, {X2} and {X1, X2} are not -> arbitrarily large error

Step 2: Unknown graph and no 
labels in target!
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Y ⊥⊥ C1 |X1?

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

https://arxiv.org/abs/1707.06422

{Source domains

Target domain{

Unsupervised multi-source domain adaptation - toy example
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Domain Adaptation by Using Causal Inference to Predict 
Invariant Conditional Distributions

32

Y ⊥⊥ C1 |X1?

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

• We assume we can model all the domains in with a single unknown 
acyclic causal graph with multiple context variables [Mooij et al. 2020]
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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? 
Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL



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

• 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
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? 
Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL

A big limitation: 
scalability !



• 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

Y ⊥⊥ C2 |{X1, C1 = 0} ⟹ Y ⊥⊥ C1 |X1

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

What if the causal graph is unknown? 

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
0 0 0,1 1 0
0 0 0,2 1 0
0 0 1,1 2 1

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL

This assumes no new edges in the target
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1. Machine learning (ML) helps causality 
• Causal discovery - learning causal graphs from data 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness, interpretability
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Causality inspired ML: what can causality do for ML?

37

This is just a sneak peak, a lot more causality+RL…

https://crl.causalai.net/
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Domain 1

Domain 2

… 

Source domains

…
Domain n

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

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

Target domain

{ot, at, rt}t=0,…,T

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL

Simplifying assumption: 
no new edges/types of 

changes in target 
domain

https://arxiv.org/abs/2107.02729
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ballt

playert−1

advst−1

at−1 rt

timeslice t-1 timeslice t

Domain-shared representation

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

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

• Learn a factored MDP 
(symbolic inputs)
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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

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

• Learn a factored MDP 
(symbolic inputs) with latent 
change factors that are 
constant in each domain, but 
vary across domains 

• Assume it holds in target

Causality-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL
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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-inspired ML - Sara Magliacane (UvA) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL
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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
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https://arxiv.org/abs/2107.02729


43

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) KNAW and VVL causality webinarUdS - Summer 2026Seminar: Causality & Causal ML - Causality-inspired ML/RL
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ICLR 2022
Domain 1

Domain 2

… 

Source domains

…

https://arxiv.org/abs/2107.02729

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

• Identify the dimensions of the state and change factors that 
are necessary and sufficient for policy optimisation

rt

s1,t

s3,t

s2,t

s1,t−1

s3,t−1

s2,t−1

s1,t+1

s3,t+1

s2,t+1

rt+1

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
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ICLR 2022
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… 

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

• Identify the dimensions of the state and change factors that 
are necessary and sufficient for policy optimisation
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AdaRL: What, Where, and How to Adapt in Transfer RL
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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: AdaRL consistently outperforms the baselines thanks to the graph

AdaRL: What, Where, and How to Adapt in Transfer RL
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning

https://arxiv.org/abs/2203.16582

1 2 3 4
Continuous

1 2 3 4
Across-episode

1 2 3 4
Within-episode

Episodes
Continuous

1 2 3 4
Continuous

1 2 3 4
Across-episode

1 2 3 4
Within-episode

Episodes
1 2 3 4

Continuous
1 2 3 4

Across-episode
1 2 3 4

Within-episode

Episodes

Discrete

episode

Different functions, e.g. sine, linear, damping

episode

Non-stationary environments 

(wind changes)

Non-stationary rewards 

(target changes)

• 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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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
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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 51
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
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• 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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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
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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: FansRL consistently outperforms the baselines thanks to the graph
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• An environment is composed of different objects


• Each object is associated with a class with specific attributes


• Object can differ in latent parameters (e.g. size or mass)

• The objects may have interactions with each other 

• Sparse and dynamic


• Only a few attributes (related to physical process) interact. 
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Static Static Dynamic
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OpenAI-Fetch (trained on 1-Push & 1-Switch)

Block-stacking (unknown mass and number of objects)
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Summary: Factored world models with changes

57
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• Pros: 

• These methods can leverage the similarity of the structure across environments, 
non-stationary regimes or objects to adapt more efficiently to new settings


• They can be applied to realistic RL benchmarks and seem to outperform the 
baselines 

• Cons: 

• When learning from images the variables are not guaranteed to be disentangled 
or meaningful -> the learned graphs can be denser than necessary
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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 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness, interpretability
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Interpretability and “correct” concepts
• Concept Bottleneck Models (CBM) [Koh et al. 2020 and following] provide interpretability by 

design by training the model to explicitly use human-provided concepts
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Interpretable concepts

“pedestrian”✓
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Input data

Concept 
encoder

Concept labels
(Example image generated with ChatGPT)

Type of obstacle

Color of obstacle

Interpretability and “correct” concepts
• Concept Bottleneck Models (CBM) [Koh et al. 2020 and following] provide interpretability by 

design by training the model to explicitly use human-provided concepts
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Interpretable concepts

“pedestrian”✓

61

Input data Task

Interpretable 
classifier Decision

Concept 
encoder

Concept labels Task label

✓“Brake!”

(Example image generated with ChatGPT)

Type of obstacle

Color of obstacle

If Type=pedestrian 
 Brake;⟹

Interpretability and “correct” concepts
• Concept Bottleneck Models (CBM) [Koh et al. 2020 and following] provide interpretability by 

design by training the model to explicitly use human-provided concepts
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Interpretable concepts

“pedestrian”✓
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Input data Task

Interpretable 
classifier Decision

Concept 
encoder

Concept labels Task label

✓“Brake!”

(Example image generated with ChatGPT)

Type of obstacle

Color

Problem: CBMs can learn “wrong” 
concepts, especially when there are 

spurious correlations between 
concepts.

• Concept Bottleneck Models (CBM) [Koh et al. 2020 and following] provide interpretability by 
design by training the model to explicitly use human-provided concepts

Interpretability and “correct” concepts
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Input data Interpretable concepts

Interpretable 
classifier

Concept 
encoder

Concept labels

“traffic cone”

Type of obstacle

✗
Task

Decision

Task label

“Go” ✗

https://www.flickr.com/photos/darkdiva/14022904161

Color of obstacle

If Type=pedestrian 
 Brake;⟹

Interpretability and “correct” concepts
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• Problem: Current CBM methods can potentially learn the “wrong” concepts, especially 
when there are spurious correlations between the concepts in the training dataset. 


• Problem 2: Current CBMs require many concept labels, which might be expensive
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Input data Interpretable concepts

Interpretable 
classifier

Concept 
encoder

Concept labels

“traffic cone”

Type of obstacle

✗
Task

Decision

Task label

“Go” ✗

https://www.flickr.com/photos/darkdiva/14022904161

Color of obstacle

If Type=pedestrian 
 Brake;⟹

Interpretability and “correct” concepts
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• Problem: Current CBM methods can potentially learn the “wrong” concepts, especially 
when there are spurious correlations between the concepts in the training dataset. 


• Problem 2: Current CBMs require many concept labels, which might be expensive



• A framework that leverages Causal Representation Learning (CRL) to learn concepts with 
theoretical guarantees with few concept labels

65

Sample-efficient Learning of Concepts with Theoretical 
Guarantees: from Data to Concepts without Interventions
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Framework and assumptions 
• We assume a causal system with latent causal variables 

 for which we only observe entangled 
high-dimensional observations , e.g. images


• We assume concepts  correspond to the 
causal variables up to element-wise transformations 

• We assume a CRL method learns embeddings of the 
causal variables  up to permutation 
and element-wise transformations. Then:


G = (G1, …, Gd)
X = f(G)

C = (C1, …, Cd)

M = (M1, …, Md)

[C1, …, Cd] = [Tπ(1)(Mπ(1)), …, Tπ(d)(Mπ(d))]

G1 Gd

X

C1 Cd

…

…

f

gψ′￼
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Framework and assumptions 
• We assume a causal system with latent causal variables 

 for which we only observe entangled 
high-dimensional observations , e.g. images


• We assume concepts  correspond to the 
causal variables up to element-wise transformations 

• We assume a CRL method learns embeddings of the 
causal variables  up to permutation 
and element-wise transformations. Then:


G = (G1, …, Gd)
X = f(G)

C = (C1, …, Cd)

M = (M1, …, Md)

[C1, …, Cd] = [Tπ(1)(Mπ(1)), …, Tπ(d)(Mπ(d))]

G1 Gd

X

M1 Md C1 Cd

…

… …

f

gψ gψ′￼
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Framework and assumptions 
• We assume a causal system with latent causal variables 

 for which we only observe entangled 
high-dimensional observations , e.g. images


• We assume concepts  correspond to the 
causal variables up to element-wise transformations 

• We assume a CRL method learns embeddings of the 
causal variables  up to permutation 
and element-wise transformations. Then:


G = (G1, …, Gd)
X = f(G)

C = (C1, …, Cd)

M = (M1, …, Md)

[C1, …, Cd] = [Tπ(1)(Mπ(1)), …, Tπ(d)(Mπ(d))] Our task is to learn the alignment function  
(permutation + element-wise transformations) 
with error bounds based on how many labels

α

G1 Gd

X

M1 Md C1 Cd

…

… …

f

gψ gψ′￼

Ci = φ(M)β*i + ϵiLinear: GroupLasso
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Causality & DL - Introduction

CRL 
method

M1

M3

M2

Embeddings 
of concepts

Input data

https://www.flickr.com/photos/darkdiva/14022904161

Unsupervised

Interpretability and “correct” concepts v2
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✓
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Causality & DL - Introduction

Type

Color

Position

Causally Grounded Concepts

CRL 
method

M1

M3

M2

Embeddings 
of concepts

Input data

https://www.flickr.com/photos/darkdiva/14022904161

“pedestrian” ✓

Few concept labels

“orange”

Unsupervised

Interpretability and “correct” concepts v2

Guarantee: with X labels the 
concept error is   ≤ 0.01
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Causality & DL - Introduction

Type

Color

Position
CRL 

method

M1

M3

M2

Embeddings 
of concepts

Input data

https://www.flickr.com/photos/darkdiva/14022904161

Decision

✓“Brake!”Interpretable 
classifier

Task“pedestrian” ✓

Few concept labels Few task labels

“orange”

Unsupervised

Guarantee: with X labels the 
concept error is   ≤ 0.01

Causally Grounded Concepts

Interpretability and “correct” concepts v2
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Comparison to standard Concept-Bottleneck Models 

Added a randomly 
generated binary 

label from concepts 
to standard CRL 

datasets
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Summary: Concepts with guarantees
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• Pros: 
• Principled framework for learning concepts from raw data based on CRL

• Error bounds on the concepts based on the number of concept labels 

• Cons: 
• Strong assumptions: it assumes concepts are 

• Weakly correlated -> this impacts the theoretical bounds

• Continuous -> requires discrete CRL + LogisticLasso approach

• 1:1 with causal variables -> concepts could be coarser -> causal 

abstraction
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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 
• CRL - learning causal variables from observations 
• Causal effect estimation - matching, weighting, double ML 

2. Causality (in the most general definition) helps machine learning 
• Robustness, Transfer learning 
• Reinforcement Learning 
• Bias mitigation, fairness, interpretability
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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Questions?
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https://xkcd.com/2048/



Until May 21st: organize in groups + choose a paper from list
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• Organize in groups of 4 by next week (May 14th)


• Spend a bit of time checking the different topics and choosing one 
specific paper/project 


• Each member of the group should read carefully the paper and any 
related material (e.g., the suggested reading material for the topic)


• We will discuss your questions regarding the paper…


• … but also ideas for extensions


