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ACTIVITY:

QUESTIONS:

|

EXAMPLES:

3. COUNTERFACTUALS

Imagining, Retrospection, Understanding

What if 1 had done ...7 ll"]i)f
(Was it X that caused Y? What if X had not
occurred? What if T had acted differently?)

Was it the aspirin that stopped my headache?
Would Kennedy be alive 1if Oswald had not
killed him? What if T had not smoked for the
last 2 years?

TY:

QUESTIONS:

EXAMPLES:

[ 2. INTERVENTION

Doing, Intervening

What if 1do ...2 How?
(What would Y be if T do X?
How can I make Y happen?)

If T rake aspirin, will my headache be cured?
What if we ban cigarettes?

=
M HAREL

1. ASSOCIATION

ACTIVITY:  Seeing, Observing
QUESTIONS:  What if 1see..?
(How are the vanables related?
How would seeing X change my belief in Y?)
EXAMPLES:  What does a symptom tell me about a disease?
What does a survey tell us about the
election results?
—
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3. COUNTERFACTUALS

ACTIVITY: Imagining, Retrospection, Understanding

QUESTIONS:  What if 1 had done ...2 Why?
(Was it X that caused Y? What if X had not

occurred? What if T had acted differently?)

EXAMPLES:  Wias it the aspirin that stopped my headache?
Would Kennedy be alive if Oswald had not
killed him? What if I had not smoked for the
last 2 years?

[ 2. INTERVENTION

TY: Domng, Intervening

QUESTIONS:  What if Ido ... ? How?
(What would Y be if 1 do X?

How can I make Y happen?)

EXAMPLES:  If I take aspirin, will my headache be cured?

What if we ban cigarettes?

(1. ASSOCIATION
ACTIVITY:  Seeing, Observing

QUESTIONS:  What if 1see..?

(How are the varables related?

M HAREL

How would seeing X change my belief in Y?)

EXAMPLES:  What does a symptom tell me about a disease?
What does a survey tell us about the

election results?

- -

Com‘lzzv‘:: Cou ™ H%zvow C‘"'ﬁ

Cbuﬂ‘le£0~L"]'0\O\\s
W‘onx- wou\\d L’\m\/!; \/mePLmQ.O' ‘\—(- ?

lm“:ﬂvvem-\giow S

L2

WV\ Ot'l:- l’\OtFFemg

Stedicttical aw a‘g‘ g1 ¢

C_OV\C/(‘\A'LOV]D{\S) r)redic/‘hom J Covnpves_siom

}mtwve,vr"iowz W[/lm’\‘ 1S ‘H/\Q, oqxts'kvi\om‘liov)
Z iL l —‘:ovoe VOVI&MQ, X ‘\'O ’\'0\\/& vmlua x?

&

.

L gvmwe

move -P‘m

O(— Y conditGioned on



ICM  Privel ple
rivel ple Imola‘pmelzv.cc of Counsal Modules

X «~ £,
YIX~ Py
ZIN ~ Fapy
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X ~ Px ]LQ.QPE X ~ ,PX
YIX~ Py =25 ¥ ~ 5,
ZIY ~ Pz,\(ﬂf_) ZIN ~ Pgyy

lnEevvention : Whet is +he distvibution ol L conditioved on
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Px‘zldo(xw):

X o~ Px keep X ~ Py
— -
YIX~ Py —=225% v~ S, P 0y () Py (218) dy

ZIY ~ Papy—=2y ZIY ~ Py,

lnEevvention : Whet is +he distvibution ol L conditioved on
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X, _
‘M‘-a PX‘ZIJQC‘(?%(A)—

X v Px keep X ~ Py
— -
YIX~ Py =255 ¥~ 5, Pu() 8y (8) Pury(214) oly

ZIY ~ Papy—=2y ZIN ~ Py,

My o P =
Z ~ f —Ly 7z~ P T2 MEMelr)
:

Yz~ Py —25y ¥~ s, P (x19)d4(8) Pl2)dy
XI\( ~ PXI\(% X,\f ~ P)(IY

lnEevvention : Whet is +he distvibution ol L conditioved on
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Causal de Finetti: On the Identification of Invariant
Causal Structure in Exchangeable Data

Siyuan Guo'?*  Viktor Téth'* Bernhard Scholkopf? Ferenc Huszar!
1University of Cambridge = ?Max Planck Institute for Intelligent Systems
{syg26,fh277}0@cam.ac.uk toth.viktor7400Q@gmail.com
bs@tuebingen.mpg.de

Abstract

Constraint-based causal discovery methods leverage conditional independence tests
to infer causal relationships in a wide variety of applications. Just as the majority
of machine learning methods, existing work focuses on studying independent and
identically distributed data. However, it is known that even with infinite i.1.d. data,
constraint-based methods can only identify causal structures up to broad Markov
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