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“Hari Seldon [..] brought 
the science of psychohistory 
to its full development. [..] 
The individual human being 
is unpredictable, but the 
reactions of human mobs, 
Seldon found, could be 
treated statistically.”
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Symbolic AI

Newell & Simon:
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Herb Simon, 1956Moravec's paradox, 1980s
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Classic AI

Image credit: W. Brendel / M. Bethge
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Learning AI (Machine learning)

Learning AI conferences
(NIPS + ICML + CVPR) 

Programmed by humans

Programmed by humans and
learning from experience
(Video: D. Büchler)
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image
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day (“environment”)

weather
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from Perona, 2017;
cf. Lopez-Paz et al., 2016

Human-level object recognition?
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Machine learning uses correlations rather than causality

from Perona, 2017;
cf. Lopez-Paz et al., 2016
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Adversarial Vulnerability

Image credit: http://people.csail.mit.edu/madry/lab/blog/adversarial/2018/07/06/adversarial_intro/

C. Szegedy et al. Intriguing properties of neural networks. arXiv:1312.6199, 2013
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Reichenbach’s Common Cause Principle

Z

YX YX YX

by permission of the 
University of Pittsburgh. 
All rights reserved.

P(X,Y)

(ii) Z screens X
and Y from each
other (given Z,
X und Y become
independent)

(i) if X and Y are de-
pendent, then there
exists Z causally in-
fluencing both;
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Structural causal models (Pearl, Spirtes, et al.)
<latexit sha1_base64="UtBtfPScSIeTgFcKcaI4bwCQ9VY="></latexit>

• Set of observables X1, . . . , Xn on a DAG G

• arrows represent direct causation
•Xi := fi(PAi, Ui) with
independent RVs U1, . . . , Un.

• distribution of the Ui picks up footprint of graph topology:
observational distribution p(X1, . . . , Xn) satisfies:

Conditioned on its parents, Xi is independent of its non-descendants (causal Markov condition)

—assay using conditional independence testing (for n > 2)

• (G, p) is a “graphical model” (Lauritzen, 1996), p(X1, . . . , Xn) =
Q

i p(Xi|Parentsi)
• interventions / mechanism shifts are modelled by changing functions (mechanisms);
entail interventional distribution
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Causality in differential equations

Consider the set of di↵erential equations

dx

dt
= f(x), x 2 Rd,

with initial value x(t0) = x0.

Picard–Lindelöf: locally, if f is Lipschitz, there exists a unique solution x(t)

=) the immediate future of x is implied by its past

Using dt and dx = x(t+ dt)� x(t):

x(t+ dt) = x(t) + dt · f(x(t)).

This tells us which entries of x(t) cause the future of others x(t+dt), i.e., the causal structure.
<latexit sha1_base64="IFoQDPa0zjnBes3wAezQiepYB3I="></latexit><latexit sha1_base64="IFoQDPa0zjnBes3wAezQiepYB3I="></latexit><latexit sha1_base64="IFoQDPa0zjnBes3wAezQiepYB3I="></latexit><latexit sha1_base64="IFoQDPa0zjnBes3wAezQiepYB3I="></latexit>

https://arxiv.org/abs/1911.10500
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Linking ODEs and SCMs

There is no reason why simple SCMs should be derivable in general.

Derive SCMs describing the interventional behavior of a coupled ODE system in

equilibrium state and perturbed in an “adiabatic” way (Mooij et al., UAI 2013)

Generalization to oscillatory systems (Rubenstein et al., UAI 2018)

Subject to appropriate conditions, structural models can arise from coarse-graining

of microscopic models, including microscopic structural equation models (Chalupka

et al. 2015; Rubenstein et al., UAI 2017) or temporally aggregated time series (Gong

et al., UAI 2017).
<latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="y0ajVu/vOI3lhGz0mlv7PO4hnlg="></latexit><latexit sha1_base64="l2oofBT0jMfhU68GgUxfYCaVRNQ="></latexit><latexit sha1_base64="l2oofBT0jMfhU68GgUxfYCaVRNQ="></latexit><latexit sha1_base64="Z08TTg+E5lEviFgmXYMvV47ZylA="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit><latexit sha1_base64="wkweAPSqctRQLK1UyDuQf6d/Zhc="></latexit>
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What is cause and what is effect?
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• intervention on a: raise the city, find that t changes

• hypothetical intervention on a: still expect that t
changes, since we can think of a physical mechanism
p(t|a) that is independent of p(a)

• we expect that p(t|a) is invariant across, say, di↵er-
ent countries in a similar climate zone
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Independent Causal Mechanisms 
Principle (ICM): 
The causal generative process
is composed of autonomous 
modules that do not inform 
or influence each other.
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Independence of input and mechanism

Daniusis, Janzing, Mooij, Zscheischler, Steudel, 
Zhang, Schölkopf: 
Inferring deterministic causal relations, UAI 
2010

?

YX

• No noise on effect variable
• Assumption: y = f(x) with invertible f
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Causal independence implies anticausal dependence
Assume that f is a monotonically increasing bijection of [0, 1].

View px and log f 0 as RVs on the prob. space [0, 1] w. Lebesgue measure.

Postulate (independence of mechanism and input):

Cov (log f 0, px) = 0

Note: this is equivalent to
Z 1

0
log f 0(x)p(x)dx =

Z 1

0
log f 0(x)dx,

since Cov (log f 0, px) = E [ log f 0 · px] � E [ log f 0]E [ px] = E [ log f 0 · px] �
E [ log f 0].

Proposition: If f 6= Id,

Cov (log f �10, py) > 0.
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ux, uy uniform densities for x, y
vx, vy densities for x, y induced by transforming uy, ux via f �1 and f

Equivalent formulations of the postulate:

Additivity of Entropy:

S (py)� S (px) = S (vy)� S (ux)

Orthogonality (information geometric):

D (px k vx) = D (px kux) +D (ux k vx)

which can be rewritten as

D (py kuy) = D (px kux) +D (vy kuy)

Interpretation:

irregularity of py = irregularity of px + irregularity introduced by f
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Algorithmic structural causal model
• for every node xj there exists a program uj that computes xj

from its parents paj

• all uj are jointly independent

• the program uj represents the causal mechanism that generates
the e↵ect from its causes

• uj are the analog of the unobserved noise terms in the statistical
functional model

Theorem: this model implies the causal Markov condition
(replacing Shannon entropy with Kolmorogov complexity).

(Janzing & Schölkopf, IEEE Trans. Information Theory 2010)

xj

uj

xj

paj

=T(paj,uj)
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Gedankenexperiment
Particles scattered at an object

• incoming beam: ‘cause’

• scattering at object: ‘mechanism’

• outgoing beam: ‘e↵ect’, contains information about the object



Bernhard Schölkopf

Independence assumption
<latexit sha1_base64="TsMF6eErZ7m5EpYzgDaUujMDBj4="></latexit>

• s initial state of a physical system

•M the system dynamics applied for some fixed time

Independence Principle: s and M are algorithmically inde-
pendent

I(s : M)
+
= 0,

i.e., knowing s does not enable a shorter description of M and vice
versa.
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Thermodynamic Arrow of Time
<latexit sha1_base64="0kPkn9p4GtIJRrA+xm790i1G4V0="></latexit>

Theorem [non-decrease of entropy]. Let M be a bijective map on the set of

states of a system then I(s : M)
+
= 0 implies

K(M(s))
+
� K(s)

Proof idea: If M(s) admits a shorter description than s, knowing M admits a shorter description of s:

just describe M(s) and then apply M�1.

Janzing, Chaves, Schölkopf: Algorithmic independence of initial condition and dynamical law in ther-

modynamics and causal inference. New J. of Physics, 2016
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Using cause-effect knowledge

X Y

NX NY

φ
id

prediction

Source: http://commons.wikimedia.org/wiki/File:Peptide_syn.png causal mechanism '

X Y

NX NY

φ
id

prediction

• example 1: predict protein from mRNA sequence

• example 2: predict class membership from handwritten digit

causal

anticausal
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Schölkopf, Janzing, Peters, Sgouritsa, 
Zhang, Mooij, 2012, cf. Storkey, 2009; 
Bareinboim & Pearl, 2012

X Y

NX NY

φ
id

prediction

causal mechanism '

X Y

NX NY

φ
id

prediction

Covariate Shift and Semi-Supervised Learning

Causal learning

p(X) and p(Y |X) independent

1. semi-supervised learning impossible
2. p(Y |X) invariant under change in p(X)

Anticausal learning

p(Y ) and p(X|Y ) independent

hence p(X) and p(Y |X) dependent

1. semi-supervised learning possible
2. p(Y |X) changes with p(X)

<latexit sha1_base64="iazAmj3RSVTdeFKzDmLjDlJAEf4="></latexit>

Assumption: p(C) and mechanism p(E|C) “independent”
Goal: learn X 7! Y , i.e., estimate (properties of) p(Y |X)

Semi-supervised learning: improve estimate by more data from p(X)
Covariate shift: p(X) changes between training and test
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• Experimental Meta-Analysis confirms prediction
Schölkopf et al., ICML 2012; von Kügelgen et al., UAI 2020, Jin et al., submitted

• All known SSL assumptions link p(X) to p(Y|X):
• Cluster assumption: points in same cluster of p(X) have the same Y
• Low density separation assumption: p(Y|X) should cross 0.5 in an area where 

p(X) is small
• Semi-supervised smoothness assumption: E(Y|X) should be smooth where 

p(X) is large



Independent Causal Mechanisms in NLP
(with Zhijing Jin & Julius von Kügelgen)

Common NLP tasks:



ICM in NLP: Findings

Causal direction corresponds to shorter description of machine translation data 
in terms of minimum description length (MDL):

(with Zhijing Jin & Julius von Kügelgen)



ICM in NLP: Findings

Implications of ICM for SSL and DA confirmed by NLP meta-study:

Semi-supervised learning (SSL): anticausal > causal.

Domain adaptation (DA): causal > anticausal.

(with Zhijing Jin & Julius von Kügelgen)



Simpson's paradox in Covid-19 case fatality rates
(v. Kügelgen, Gresele, https://arxiv.org/abs/2005.07180 / IEEE Trans. AI)

Simpson’s paradox: opposite trends 
in grouped and aggregated data.
Here, it stems from a difference in 
case demographic:

Case fatality rates (CFRs) in Italy are lower
for each age group, but higher overall.

Thanks to Elias Bareinboim

https://arxiv.org/abs/2005.07180


Mediation analysis
Only for linear models can total causal 
effect (TCE) be decomposed into direct 
effect (DE) and indirect effect (IE),

TCE = DE + IE
Due to interactions, DE and IE are not 
uniquely defined in general, but depend 
on the state of the mediator.
• Natural Direct Effect (NDE): case 

demographic kept as in China while CFRs 
per age group changed to those in Italy.

• Natural Indirect Effect (NIE): CFRs per 
age group kept as in China, while case 
demographic changed to that in Italy.

MA

C
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|  3 months  |

ICML 2015
Astrophysical Journal 2015
PNAS 2016 Q-E[Q] = Y – E[Y|X]

Causal models for exoplanet detection

Discovered 21 new explanets. One of them received the name K2-18b. 
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The Milkman Problem



Credits: ESA/Hubble, 

M. Kornmesser
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Herb Simon, 1956



Toward causal representation learning

<latexit sha1_base64="4OsizRCWoV3KZGovuTytt9h5Qrk="></latexit>

Core Problem of Statistical Representations: Representation learn-
ing only includes statistical information — it does not capture interventions,
reasoning, planning.

Core Problem of Causal Representations: SCMs are usually at the
symbolic level — they assume the causal variables are given.

https://arxiv.org/abs/2102.11107
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Independent mechanisms and the disentangled factorization
<latexit sha1_base64="nWExTFueSohIUejnKAIcWis4Ga4="></latexit>

Factorization

• independent noises in the causal graph:

p(X1, . . . , Xn) =
Yn

I=1
p (Xi | PAi)
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<latexit sha1_base64="onwyyqBgfzuaA2FoRpKBYk+tawk="></latexit>

Disentangled (causal) factorization

• independent noises in the causal graph:

p(X1, . . . , Xn) =
Yn

I=1
p (Xi | PAi)

• independent mechanisms: changing one p (Xi | PAi) does not change the other
p (Xj | PAj) (j 6= i); they remain invariant

(Janzing & Schölkopf, IEEE Trans. Inf. Th. 2010; Schölkopf et al., ICML 2012),

cf. autonomy, (structural) invariance, separability, exogeneity, stability, modularity: (Aldrich, 1989; Pearl, 2009)

Special case: If the graph has no edges, disentanglement reduces to statistical independence:

p(X1, . . . , Xn) =
Yn

I=1
p (Xi)

In general, the causal factors will not be statistically independent, and independence-based
methods struggle to find them (Träuble et al., ICML 2021)

https://arxiv.org/abs/1911.10500
https://arxiv.org/abs/2102.11107

Independent mechanisms and the disentangled factorization

https://arxiv.org/abs/1911.10500
https://arxiv.org/abs/2102.11107


Bernhard Schölkopf

Entangled factorizations

https://arxiv.org/abs/1911.10500

<latexit sha1_base64="H+VUhfInEADiNGABc87b/7HoXD4="></latexit>

Disentangled (causal) factorization

p(X1, . . . , Xn) =
Yn

I=1
p (Xi | PAi)

Entangled (non-causal) factorizations
e.g.,

p(X1, . . . , Xn) =
Yn

I=1
p(Xi | Xi+1, . . . , Xn).

• cannot intervene on p(Xi | Xi+1, . . . , Xn)

• changing one p (Xi | PAi) will usually change many of the p(Xi | Xi+1, . . . , Xn)
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Causal viewpoint on distribution shift

https://arxiv.org/abs/1911.10500

<latexit sha1_base64="9iYmcGRtxjgv1ESPz3caBnf8Xm0="></latexit>

Disentangled causal factorization

p(X1, . . . , Xn) =

Yn

I=1
p (Xi | PAi)

with independent mechanisms p (Xi | PAi).

Sparse Mechanism Shift Hypothesis: small distribution changes manifest themselves

sparsely in the disentangled factorization, i.e., they should usually not a↵ect all factors

simultaneously.

Here, a shift can be passive (e.g., distribution drift) or active (intervention, action).

Stated in (Parascandolo et al., arXiv:1712.00961 (2017); Bengio et al., arXiv:1901.10912 (2019), Schölkopf, arXiv:1911:10500

(2019)); see also (Schölkopf et al., ICML 2012, Schölkopf, Janzing, Lopez-Paz 2016, Zhang et al., ICML 2013, Huang, Zhang et

al., JMLR 2020)



Bernhard Schölkopf

Causal training
<latexit sha1_base64="aSlWDAOPEV1hyia12VhoZ0mqJwM="></latexit>

Sparse mechanism shift training: require that across domain shifts or ac-
tions/interventions, only a sparse set of causal representation factors changes.

ICM training: encourage independence of mechanisms

Counterfactual training: require that interventions produce valid images
(e.g., after reconstruction in an autoencoder).
For interventions on the Ui, this encourages statistical independence (cf. standard disentanglement).

For interventions on the Si, this encourages the mechanisms fi to be independently manipulable.

Structural training: embed SCM structure into decoder architecture and train
by reconstruction error



Structural Decoders

80

Convolutio
n

Fully-connected

Bilinear Upsampling

Vector Split

Adaptive Transform

Static features

Scale and offset each pixel of 
the conv features individually

...

...

➔ ~200-700k parameters

Leeb et al.
arXiv 2006.07796



Quantitative Results

81



Learning independent mechanisms 
(with Parascandolo, Kilbertus, Rojas-Carulla, ICML 2018)



Method



Accuracy of a CNN trained on MNIST for different test sets



Generalizing to Omniglot
characters



Recurrent Independent Mechanisms

with Anirudh Goyal, 
Alex Lamb,
Jordan Hoffmann,
Shagun Sodhani, 
Sergey Levine,
Yoshua Bengio

ICLR 2021
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Interventional Representations (Besserve et al., ICLR 2020)
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Interventional Representations (Besserve et al., ICLR 2020)
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Interventional Representations (Besserve et al., ICLR 2020)



Self-supervised learning provably isolates content from style
(https://arxiv.org/abs/2106.04619)

with Julius von Kügelgen*, 
Yash Sharma*, Luigi Gresele*, 
Wieland Brendel, Michel 
Besserve, Francesco Locatello

Data augmentation: very effective for self-
supervised representation learning.

Useful because transformations are typically 
designed to leave semantics intact:

Figures from:
SimCLR: A Simple Framework for Contrastive Learning of Visual Representations. 

Chen, Kornblith, Norouzi, Hinton (ICML 2020; https://arxiv.org/abs/2002.05709)

https://arxiv.org/abs/2002.05709


Self-supervised learning with data augmentations
provably isolates content from style

with Julius von Kügelgen*, 
Yash Sharma*, Luigi Gresele*, 
Wieland Brendel, Michel 
Besserve, Francesco Locatello

Formalise generation ! = #(%) and augmentation '! = #((%) processes 

as latent variable model with a content-style partition % = (), +):

• invariant content ): always shared between pairs (!, '!) of views;

• varying style +: may change across pairs (!, '!) of views.

Allow causal dependence of style on content (Causal3DIdent dataset):

augmented view '! = counterfactual under soft style intervention on !.

Theory: Can identify* invariant content partition in generative and 

discriminative learning with entropy maximisation (e.g., SimCLR).

*up to invertible transformation



Nonlinear Invariant Risk Minimization
(with Chaochao Lu, Yuhuai Wu, José Miguel Hernández-Lobato, arXiv:2102.12353)

Nonlinear
Data Representation

Nonlinear
Invariant Classifier

!(#)

Problem

Assumption on Causal Graphs Assumption on the Prior

The prior is assumed to be a general exponential
family distribution leading to IDENTIFIABILITY.

This assumption is more general than the common 
Independence assumption in latent variable models.

https://arxiv.org/abs/2102.12353


Experimental Results 
(with Chaochao Lu, Yuhuai Wu, José Miguel Hernández-Lobato, arXiv:2102.12353)

Data Generating Process

Original Data Samples from VAE 
(Kingma et al. 2013)

Samples from iVAE
(Khemakhem et al. 2020)

Samples from iCaRL

• 2 Training Envs:
{!! = 0.1, !! = 0.2}

• 1 Testing Env:
{!! = 0.9}

https://arxiv.org/abs/2102.12353


Source-Free Adaptation to Measurement Shift via Bottom-
Up Feature Restoration (Cian Eastwood et al., https://arxiv.org/abs/2107.05446)

Source-free domain adaptation
-Development: train + equip model

-Deployment: adapt, no source data

Measurement shift (cf. Storkey, 2009)
-New sensor, same underlying features

Feature restoration
-Goal: extract same features, new env.

-Method: align (marginal) feature dists.



CausalWorld: A Robotic Manipulation Benchmark 
for Causal Structure and Transfer Learning

Evaluate different generalization aspects by 
intervening on a large range of different defining 
variables of the hierarchical causal generative 
world model of the robotic environment.

colors

friction

...

gravity

masses

133

Benchmark with many challenging environments and fully documented code: https://github.com/rr-learning/CausalWorld

Ahmed and Träuble et al., 
arXiv: 2010.04296, 

ICLR 2021



On the Transfer of Disentangled Representations
in Realistic Settings

Dittadi and Träuble et al., 
arXiv: 2010.14407, 

ICLR 2021Out-of-Distribution Generalization
of Downstream Tasks

VAE training colors

downstream
training colors

OOD1
colors

OOD2
colors

Disentanglement has minor role when
represent. function is OOD

Generalization error (OOD2)

MLP MLPGBT GBT

simulation real world

Task: predict value of non-OOD factors

• Train downstream task on
pre-trained representations

• Test it OOD but still in the VAE’s training
distribution (OOD1)

• Test it OOD w.r.t. the VAE itself (OOD2)

New Disentanglement Dataset

More complex and realistic, correlations
between factors, occlusions, sim-to-real

1 million simulated 1800 real (labeled)



Causal Curiosity: RL Agents Discovering Self-supervised Experiments 
for Causal Representation Learning

• Curiosity to discover causation in an 
environment.

• Reward-free

• Set of environments with interventions 
on causal factors 

• Use Kolmogorov Complexity as reward to 
RL agent

• Agents producing self-supervised 
experiments to test out mass, size etc.

Fig 1: Experiment Discovery

Fig 2: Performing experiments sequentially to learn causal representations. 
Representations used for downstream transfer.

Sontakke, Sumedh A., Arash Mehrjou, Laurent Itti, and Bernhard Schölkopf. "Causal Curiosity: RL Agents Discovering Self-
supervised Experiments for Causal Representation Learning." arXiv preprint arXiv:2010.03110 (2020). To appear at ICML 2021.



Discovered Behaviors - Mujoco

Heavy

Light
Hop Pirouette Leap Pushup



Lifting Behaviors

Rotate Behaviors

Discovered Behaviors - CausalWorld



Discovered Behaviors - CausalWorld

Dribble Pushing along y

Pushing along x Roll



Causal Influence Detection for Reinforcement Learning
(with Maximilian Seitzer and Georg Martius, arXiv:2106.03443)

Observations 
• Real-world agents have limited interventional range

• Causal influence of agent on environment occurs 

only sparsely

Idea
• Use causal influence to speed-up reinforcement 

learning

Method
• Define measure of causal action influence as a 

conditional mutual information

• Estimate it from data using neural networks

Robot can control object

Causal influence on object impossible



Results

• Focusing on states with causal influence (exploration and 

prioritization)

Ø Highly increased sample-efficiency on robotic 

manipulation tasks

• Maximizing causal influence as intrinsic motivation

Ø Agent quickly discovers interesting behaviors (grasping, 

lifting)

Brockmann et al. OpenAI Gym, arXiv:1606.01540

Causal Influence Detection for Reinforcement Learning
(with Maximilian Seitzer and Georg Martius, arXiv:2106.03443)



Causality for nonlinear ICA
(https://arxiv.org/abs/2106.05200)

Observe: nonlinear mixtures, ! = #(+), of independent sources +
Goal: recover the unobserved sources (blind source separation)

Problem: impossible in general [Hyvärinen & Pajunen, ‘99]

Recently: use auxiliary variables [Hyvärinen et al., ‘16, ‘17, ‘19]

New: interpret mixing as causal process & constrain f using the ICM principle

ICM usually applied to cause distribution ,! and mechanism ,"|! (or #),

e.g., cause-effect discovery

But: in nonlinear ICA, cause (source distribution) is unobserved

Independent mechanism analysis (IMA):
• ICM at level of mixing function

• contributions 
$%
$&"

of each source to observed 

distribution be ”independent” (not statistical)

• speakers’ positions not fine-tuned to room 

accoustics and microphone placement

with Luigi Gresele*, Julius 
von Kügelgen*, Vincent 
Stimper, Michel Besserve



Independent mechanism analysis with Luigi Gresele*, Julius 
von Kügelgen*, Vincent 
Stimper, Michel Besserve

IMA Principle: the influences of each source on the 

observed distribution are independent in the sense that:

Geometric interpretation: corresponds to an 

orthogonality condition on the columns of the Jacobian.

Contrast function:

• ≥ 0, with equality iff. # is an orthogonal coordinate transformation
• invariant to reparametrisation of the sources by permutation and 

element-wise invertible nonlinearities

%!"# &, ($ = * +
%&'

(
log /0

/1%
(2) − log 4) 2 (* 2 52



Independent mechanism analysis with Luigi Gresele*, Julius 
von Kügelgen*, Vincent 
Stimper, Michel Besserve

Theory

Can rule out (in the sense that /'() is larger for) 
well-known spurious ICA solutions:
● Darmois (inverse CDF) construction
● Measure-preserving automorphisms (MPA)

Consistent with existing identifiability results for 
linear ICA, and conformal maps.

Experimental results

Even when assumptions are not perfectly satisfied, 
IMA seems useful to distinguish spurious solutions 
and recover the true sources



Generative models as “causal digital twins”
<latexit sha1_base64="tgubukm8REIg1uUXQJmqV48TVrw="></latexit>

Disentangled (causal) factorization https://arxiv.org/abs/1911.10500

• independent noises in the causal graph:

p(X1, . . . , Xn) =
Yn

I=1
p (Xi | PAi)

• independent mechanisms: changing one p (Xi | PAi) does not change the other
p (Xj | PAj) (j 6= i); they remain invariant (implies intervenability)

Image

Object Appearance

Intrinsic Properties

Position

Orientation Lighting Orientation

Object Appearance
Position

Intrinsic Properties





fish identities position# of objects

Tangemann, Schneider et al., 2021

Training set
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Towards causal machine learning
learn world models (aka digital twins) that are
(1) data-efficient 

• use data from multiple tasks in multiple environments
• use re-usable components that are robust across tasks, i.e., causal 

(independent) mechanisms
• disentanglement as a causal problem
• bias RL to search for invariance / find models where shifts are sparse

(2) interventional
• move representation learning towards interventional representations:     

”thinking is acting is an imagined space” (Konrad Lorenz) ---
planning, reasoning, …

cf. Schölkopf, Janzing, Lopez-Paz 2016
ICML 2017 talk, https://vimeo.com/238274659
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● 120 international exchanges
● 70 institutions and companies
● jointly advised by 116 ELLIS 

Fellows, Scholars and 
Members

Connecting Europe

international
>70 countries

diverse
>90 nationalities

competitive
< 5% acceptance

> 1,300
applications

joint supervision
>100 Fellows and 

Scholars recruiting
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Thank You


