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Human-level object recognition?
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Machine Iearmng uses correlations rather than causality
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Adversarial Vulnerability

“airliner”

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

(i) if X and Y are de- (i) Z screens X
pendent, then there and Y from each

exists Z causally in- other (given Z,

: X und Y become
ﬂueIlCll’lg bOth; . by permission of the
lndep el’ldent ) University of Pittsburgh.

All rights reserved.
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Structural causal models (Peari, Spirtes, et al.)

e Set of observables X, ..., X,, on a DAG G
e arrows represent direct causation non-descendants

parents (causes) of X

N

S |
o X, = fi(PA; U;) with ‘/ \ y\, .

independent RVs Uy, ..., U,. ‘ ./ descendants
e entailed distribution p(Xy,...,X,) satisfies ”causal Markov condition”

o (G, p) is a “graphical model” (Lauritzen, 1996)
e Causal factorization p(Xi, ..., X,) = ][, p(X;|Parents;)

e the p(X;|Parents;) are “independent” from each other.
Can ntervene on some and the other terms remain nvariant
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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.




Independence of input and mechanism

 No noise on effect variable

* Assumption: y = f(x) with invertible f @ @
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) Daniusis, Janzing, Mooij, Zscheischler, Steudel,
4 Zhang, Scholkopf:

Inferring deterministic causal relations, UAI
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Causal independence implies anticausal dependence

Assume that f is a monotonically increasing bijection of [0, 1].

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

Postulate (independence of mechanism and input):
Cov (1Og flapa:) =0

Note: this is equivalent to

[ 1o i = [ 1os sy,

since Cov (log f',p;) = Ellog f" - p.] — Ellog f'|E|p.] = Ellogf" - p.] —
2 [log £

Proposition: If f = Id,
Cov (log f_ll,py) > 0.
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Uy, U,y uniform densities for =,y
vy, v, densities for x,y induced by transforming wu,, u, via f ~* and f

Equivalent formulations of the postulate:

Additivity of Entropy:
S (py) — S (pz) =S (vy) — 5 (ug)

Orthogonality (information geometric): ol | "
(
D (ps || v2) = D (ps || uz) + D (ug || v2) L
{
which can be rewritten as 4 X
D (py 1y) = D (p [ 12) + D (v || 1) —

Interpretation:
irregularity of p, = irregularity of p, + irregularity introduced by f



Algorithmic structural causal model

e for every node z; there exists a program wu; that computes z;
from its parents pa; a.
P3;

U.
/ J
e all u; are jointly independent (
e the program u; represents the causal mechanism that generates ( pa J ) U J)
the effect from its causes

e u; 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 € Scholkopf, IEEE Trans. Information Theory 2010)
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Gedankenexperiment

Particles scattered at an object

e incoming beam: ‘cause’
. L .
e scattering at object: ‘mechanism

e outgoing beam: ‘effect’, contains information about the object
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Independence assumption

e s initial state of a physical system

e ) 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

Theorem [non-decrease of entropy]|. Let M be a bijective map on the set of
states of a system then (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, Scholkopf. 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

e example 1: predict protein from mRNA sequence
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Source: http://commons.wikimedia.org/wiki/File: Peptide_syn.png causal mechanism @

e example 2: predict class membership from handwritten digit

i anticausal
. Y
3 3 ﬂ 0 9 ?ld
N N v
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Covariate Shift and Semi-Supervised Learning

Assumption: p(C') and mechanism p(F|C) “independent”
Goal: learn X — 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

Causal learning

p(X) and p(Y|X) independent X ;0 Y
1. semi-supervised learning impossible id
NX NY

2. p(Y|X) invariant under change in p(X)

o : causal mechanism
Anticausal learning ’

p(Y) and p(X|Y') independent . ;
hence p(X) and p(Y|X) dependent QQD ?d Scholkopf, Janzing, Peters, Sgouritsa,

i

NX NY

Zhang, Mooij, 2012, cf. Storkey, 2009,

1. semi-supervised learning possible Bareinboim & Pearl. 2012

2. p(Y|X) changes with p(X)
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* Experimental Meta-Analysis confirms prediction
Scholkopf et al., ICML 2012, von Kiigelgen 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) 1s small
* Semi-supervised smoothness assumption: E(Y|X) should be smooth where

p(X) 1s large
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Independent Causal Mechanisms in NLP
(with Zhijing Jin & Julius von Kugelgen)

Common NLP tasks:

Prompt for annotators

Given the English sentence above, can
° you write its Spanish translation?

process

Cause: [En] This is a beautiful world. > /'Annotation
(Noise)

Effect: [Es] Este es un mundo hermoso.

Category

Example NLP Tasks Effect = CausalMechanism (Cause, Noise)

Causal learning

Summarization, question answer-
ing, parsing, tagging, data-to-text
generation, information extraction

Anticausal learning

Author attribute classification,
question generation, review sen-
timent classification

Other/mixed (depend-
ing on data collection)

Machine translation, language
modeling, intent classification
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Causal Direction of Data Collection Matters:
Implications of Causal and Anticausal Learning for
NLP

EMNLP 2021 (Oral)
arxiv.org/abs/2110.03618
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http://arxiv.org/abs/2110.03618

ICM in NLP: Findings

(with Zhijing Jin & Julius von Kugelgen)

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

Data (X—Y) MDL(X) MDL(Y) MDL(YIX) MDL(XIY) MDL(X)+MDL(YIX) vs. MDL(Y)+MDL(XIY)

En—Es 46.54 105.99 2033.95 232093 2080.49 < P426.92
Es—En 113.42 55.79 3289.99 3534.09 3403.41| < B589.88
En—Fr 20.54 53.83 503.78 535.88 524.32| < p89.71
Fr—En 53.83 21.6 705.28 681.12 759.11|>[702.72
Es—Fr 58.26 55.66 701.04 755.5 759301 <B11.16
Fr—Es 56.14 54.34 665.26 706.53 721.401 < [760.87




ICM in NLP: Findings

(with Zhijing Jin & Julius von Kugelgen)

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

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

Task Type Mean ASSL (+std) According to ICM

Causal +0.04 (£4.23) Smaller or none
Anticausal +1.70 (£2.05) Larger

Domain adaptation (DA): causal > anticausal.

Task Type Mean ADA (£std) According to ICM

Causal 5.18 (+6.57) Larger
Anticausal 1.26 (£1.79) Smaller




Connecting Causal Inference and NLP

Focus of Our Lab (Jin et al., 2021a) EMNLP oral

e Independent Causal Mechanism (ICM)

e Causal representation learning

e Robustness, domain adaptation, ...

e Logical fallacy detection

%

v
"~ (Jin et al., 2021b)

Causality

e Causal discovery for text data

e Causal effect estimation for text data

1. Causality on COVID policies (Jin et al., 2021c) EMNLP Findings
2. Causality on changes of slang (Keidar et al., 2021)
3. [More ongoing work]
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Symbolic Al

https.//wmfligkr.com/photos/insideview/8178747734, CC BY-NC-SA 2.0



https://www.flickr.com/photos/insideview/8178747734

Classic Al Machine learning:
Symbols provided a priori Representations learnt from data
Rules provided a priori Only include statistical information.

Causal Modeling:
Structural causal models
assume the causal variables

are given.

https://arxiv.org/abs/2102.11107, Proceedings of the IEEE 2021
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Independent mechanisms and the disentangled factorization

Factorization

e independent noises in the causal graph:

p(Xi,..., Xa) =], _ p(Xi|PA)
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Independent mechanisms and the disentangled factorization

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

Disentangled (causal) factorization

e independent noises in the causal graph:
p(X17 0o c 7Xn) — Hle p (X7 ‘ PAI)

e independent mechanisms: changing one p (X; | PA;) does not change the other
p (X, | PA;) (5 # 4); they remain invariant

(Janzing & Scholkopf, IEEE Trans. Inf. Th. 2010; Schélkopf 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:
n
p(X17 s 7XTL) — lel p (X1>

In general, the causal factors will not be statistically independent, and independence- based
methods struggle to find them (Trauble et al., ICML 2021)
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https://arxiv.org/abs/1911.10500
https://arxiv.org/abs/2102.11107

Entangled factorizations

Disentangled (causal) factorization

p(Xi,.. X)) =], p ([ PA)

Entangled (non-causal) factorizations
e.g.,
p(X17 SRR 7Xn) — H[—lp(Xi ‘ Xi—l—la SR 7Xn>

e cannot intervene on p(X; | Xiji1,..., Xp)

e changing one p (X; | PA;) will usually change many of the p(X; | X;i1,...,X,)

https://arxiv.org/abs/1911.10500
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Causal viewpoint on distribution shift

Disentangled causal factorization
p(X17 R 7X’Il) — HI:1 P <XI ‘ PA7)

with independent mechanisms p (X, | PA;).

Sparse Mechanism Shift Hypothesis: small distribution changes manifest themselves
sparsely in the disentangled factorization, i.e., they should usually not affect 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), Schélkopf, arXiv:1911:10500
(2019)); see also (Schélkopf et al., ICML 2012, Schélkopf, Janzing, Lopez-Paz 2016, Zhang et al., ICML 2013, Huang, Zhang et
al., JMLR 2020)

https://arxiv.org/abs/1911.10500
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Real Robot Challenge
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Real Robot Hardness of disentanglement

Learning independent mechanisms (Locatello et al., ICML 2019, best paper prize
5 p Challenge paper prize)

(Parascandolo et al., ICML 2018) P ;
: e auer et al.,
Orlglnal 1 ‘ Hybrid Original 2 2020)

style change

®

(f) Rotate (00*, 1807, 270%) (£) Cutout (h) Gaussian noise (i) Gaussian blur (3) Sobel filtering

Self-supervised learning provably isolates
content from style (von Kiigelgen et al., NeurIPS 2021)

Interventional Representations
(Besserve et al., ICLR 2020) ) | i




Causality for nonlinear ICA with Luigi Gresele*, Julius {2}

von Kugelgen*, Vincent

(https://arxiv.org/abs/2106.05200, NeurlPS 2021) Stimper, Michel Besserve |
e g Observe: nonlinear mixtures, x = f(s), of independent sources s
Goal: recover the unobserved sources (blind source separation)
" Problem: impossible in general [Hyvarinen & Pajunen, ‘99]
@ @ New: interpret mixing as causal process & constrain f using the ICM principle

e.g., cause-effect discovery

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

? ICM usually applied to cause distribution p, and mechanism pe (or f),

°1 @) A . Sy

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

contributions g of each source to observed

(}.\'I

Si 52
distribution be "independent” (not statistical) °)) Xy
. speaker.s’ positioqs not fine-tuned to room of E "lll""
accoustics and microphone placement !

os 2


https://arxiv.org/abs/2106.05200

=

Towards causal machine learning Toward Causal

Representation Learning
learn world models that are ”

(1) data-efficient

 use data from multiple tasks in multiple environments

 use re-usable components that are robust across tasks,
1.e., causal (independent) mechanisms

» disentanglement as a causal problem

causal ence

and relates th

aaaaaa

« bias RL to search for invariance / find models where shifts are sparse

(2) 1nterventional m

* move representation learning towards interventional representations: RXBaIS
“thinking is acting is an imagined space” (Konrad Lorenz) --- :

planning, reasoning, ... k 8

g\\\x\\\ a cf. Scholkopf, Janzing, Lopez-Paz 2016

\\% E ropean Laboratory for Learning and Intelligent Systems [CML 201 7 talk, htlpS//VlMGO Com/2382 74659



