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I How do we formulate the idea of “causation”?

EEREFTELRETEAIIEHEEIETE ?

> EIERREGERSE

> IR B2 TR B TH#ERAMED (correlation/association)
BRREREEAFHENIETE » WEEHRE ?

> MF] 8 TR Y FTREERHEE] (counterfactual)
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d A rough sketch of causation

Causation — Association
Association — Causation or Common Cause or mixed structures
Association can help us to do prediction!!

Causation can help us to make decision!!

The idea of counterfactual may help us to define causality

(as a philosophical stance).
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! A Brief History of Causal Models

» Graphical model for association

> Sewall Wright
— computational geneticist
— path analysis (1921, 1934)

» Peter Spirtes, Clark Glymour, and Richard Scheines
— philosophers (0w0???), CMU
— causal discovery (Causation, Prediction, and Search, 2000 [SGS])
= +Pitts: TEGRAD program/causal discovery center, causaMGM (NAR, 2020)

» Judea Pearl

— computer scientist, UCLA
— do(-) operator (Causality, 2009)
= axiomatization links to Lewis and Robins

» Potential outcome framework
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: Graphical model for association — Sewall Wright

CORRELATION AND CAUSATION

By SEwaALL WRIGHT

Senior Animal Husbandman in Animal Genetics, Bureau of Animal Indusiry, United
States Department of Agriculture

PART I. METHOD OF PATH COEFFICIENTS
INTRODUCTION

The ideal method of science is the study of the direct influence of one
condition on another in experiments in which all other possible causes
of variation are eliminated. Unfortunately, causes of variation often
seem to be beyond control. In the biological sciences, especially, one Journal of
often has to deal with a group of characteristics or conditions which are A gl‘i cultural
correlated because of a complex of interacting, uncontrollable, and often
obscure causes. The degree of correlation between two variables can be Researc h, 1921
calculated by well-known methods, but when it is found it gives merely
the resultant of all connecting paths of influence.
The present paper is an attempt to present a method of measuring the
direct influence along each separate path in such a system and thus of
finding the degree to which variation of a given effect is determined by
each particular cause. The method depends on the combination of
knowledge of the degrees of correlation among the variables in a system
with such knowledge as may be possessed of the causal relations. In cases
in which the causal relations are uncertain the method can be used to
find the logical consequences of any particular hypothesis in regard to
them. .




d Graphical model for association — Sewall Wright
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F1G. 1,~Diagram illustrating the interrelations among the factors which determine the weight of guinea
pigs at birth and at weaning (33 days).
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d Graphical model for association — Sewall Wright
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! A Brief History of Causal Models

» Graphical model for association

» Potential outcome framework
» Jerzy Neyman
— mathematical statistician
— potential yield (1923)
» Donald Rubin

— statistician, Harvard
— causal inference using missing data approaches (1978)
= establish counterfactual notation

» James Robins

— epidemiologist, Harvard
— causal mediation (1992)
= counterfactual is not a possible world




l Potential outcome framework — Jerzy Neyman

Statistical Science

On fhe Application of Probability Theory to
Agricultural Experiments. Essay on
Principles. Section 9.

Jerzy Splawa-Neyman

Translated and edited by D. M. Dabrowska and T. P. Speed from the Polish original, which
appeared in Roczniki Nauk Rolniczych Tom X (1923) 1-51 (Annals of Agricultural Sciences)

Comment: Neyman (1923) and
Causal Inference in Experiments and
Observational Studies

Donald B. Rubin




l Potential outcome framework — Jerzy Neyman
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d Causal Models in Philosophy — Terminology

fEBIRSR (token, actual, singular, or individual causation)

MR F B R BERAIEFEF

#FRAR (type, general, population, or average causation)

IE = E WA E

FREZ1EMED (subjunctive conditional) / Pearl: counterfactual

MR 2 iR EFHEE » IAZHILEFT
> HIES ERIETD” N ‘REBFHEDT” (counterfactual conditional)
> EEXEEON A ERERELETRESHR REE WSS R

4 B S e BRIRE AR  TEEMRERAT -

IEMEHED (indicative conditional) / Pearl: intervention
MNRHRREEET » RAZELHIALF
> ERFEHONIHEREFLEREHR SBREE” WEH  MERY
Bt 3 e BB A% » TJEENBERAMD -




| Causal Models in Philosophy

BTAREREER  BfRIMESK  —SHEFtSRENER
HRIBIR ; —2HMEK oK REHAE T:‘ﬁﬁ%ﬁﬂ o +3HHRY » R
REGRNETSEREDBHENRY

Hume EEXRRRRFR : “BANFIUER [El RE—S¥W' B
RS —FYIFTERE ; MATEHEAIEHRLINEY) » HREREZMELBNEY
ERE-RERZ » RUBNIEAESER » BEMELIFISHFE -

Lewis EEF5RIE R EERFR » Hume FTEBH “BRERZ” IRAMES—
X fiRMIEEEMHEIRRRBRE “REMEDH (regularity
analysis) B2 “EEIENDM” (counterfactual analysis) °

OgRUEY » RBMNTER T2 HELIRHKETS LAVERY » MERBERN
ERHENMSBCRARELEHBENERE -




k Causal Models in Philosophy — Logic of counterfactuals

> HRELERBERNED ) BHANDE—ERAIRHEEER -
V MBRUIBCRIFEREAF » MAFHRIALFT I
X MBUIRCRIFEEET ' MERSEEESS]
> HEEEER “EEE®” (material implication) T MIEEHRMN &
pr Bl gl e EFFIZEED p fl ¢ VERE » IOUREERAE &

p’ Bl gl BEE9FHER-

> ARERENEERE  ERURERE  FERGNHERND » EEF
HOEHERE - BEBRERB IR E T E R G DEREmRI A8
B ERERFFINMEFEREELER IS FEZRA ) BEFAMNASRE
LR BB EREER T BEEYREBEER -




k Causal Models in Philosophy — Logic of counterfactuals

> Lewis FTiIRHH) “RIFAHFREERM" (closest-world semantics) : #E
“TJEEHFR” (possible world) BV IS8 » SR H A LLER R 2 B8
LIERIERERIFHINITIE o
Galles £ Pearl FTiEHH) “fEBIERIEERER” (structural model
semantics) : MIAREMRRER « TANFERESEIEREBRITHE
TRV ©
FEUBENBEMBERERNEE » HAIER “p > ¢ RARERRIF
g MR pr B g BYDE




 David Lewis: Closest-world Semantics

ERUFALERNESRESSRERERFTFIN :
1. BREZE—ERER p & ¢ WIREHTR » BEERTERFG TN ARTENH
o
2. BRYRBHEACH  EEEFITHELER  RATURREMARRETG
FEELERSEFMUSE » EEEREREHFEER » WEHLIR
REHFRATIEMFERIBE M FRHMGER o (ELLNEREE—ELE
it AL EREE)
3. BEREHD “p> ¢ RE ) EEHEE X RIEBLHEBHRE p RERHER
PFiERE q RERIHR -
EE_TSREELCRIEEFELENRE  FEEERRESHEEE
PRIEERAYE R o




 David Lewis: Closest-world Semantics

EFRRLAEED MUK ARERAT » MABRAF T p B TR AT

TeFHF

5 73

2. 9wy
Wy ©

 RERBNTEHLER  p BB g RE - BRS d;

w3

. BRER

gR TRERAF ]+ W ER TR REER EREFE :
BEHR  p BE - g BE

BZRBNTELT  p RE » ¢ BIR 7 EEER d,
BLERENITEHT ' p RE ' ¢ BRE ' BHER -

HFEELUEERTRSSERERHRNEE » RIBERTIAR

TR d < d) < d3 > Al " p REBERKINTEHTS vy ' B
RERR—E ¢ REMER » B MBRAFRZATERATF » MASHIAL
FI1RE-




l Galles and Pearl: Structural Model Semantics

EREBIERNESR S EREREHET I ;
| BE—ERT p & g U5 N FERRET REEEES D0 AR
BRNARMEE - BREEHEN  BVEEER (81F p) ARER
B (BIE q) ' URBEREL p 8 ¢ 2EBRN—ESEIFMER (B
B p B g BIRMTSIERA /) °

 AA—ERE > EERASES fNEHSRENADE » BE BN
BERR /) BHNERE O

3. EEHEMD p > ¢ BRE BERE » g EFENARE p REZEN
B EFERNHRE -




l Galles and Pearl: Structural Model Semantics

BRERELENGS » p B IB2RIR‘RAFI g [FSHF] :
1. FE—EER » SRMESE p BRRMESE ¢ WESHE {(E, R} ' 18
BRLERAR fp=;g8:q=p°
2. MApREBIf:p=HK-~
3. ENA p REMBERTEE ¢ BRERER » AL MR 281 TRk
FMAEAMFT RE -
EMEEREREARANZE  ERFEBERGNERBERKESEH ‘T
ABIEIR” (realization by intervention) FT&ERY » FEHRE R DIERIE
RO tARERBELINEEFRFREHWERMNTARRE » AMiliiEE
HEMERE=ERN °
BiiE Pearl 8B3T Lewis IRIBAHFRERRETLIAERA TR M FINGE
BIRTGESREE MR -




Intervention

Statistical vs Causal Models
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Fig. 1. Difference between statistical (left) and causal models (right) on a given set of three variables. While a statistical model specifies a single probability
distribution, a causal model represents a set of distributions, one for each possible intervention (indicated with a ® in the figure).
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Causal model

(Bernhard Schélkopf. Causality for Machine Learning. 2019)
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| Theories of Actual Causation

RIZHIME Hume RYESE » {85 X SR EA R AY AN 1L 282 75 0] 97 B8 5 48 i 158 R 4 D RY
ERSEHERE  BEEfNENERBRASTMDIEE ?

> ERME » lRE—
| ZIE)EARASEEEE
) ENEEEERE ) ZTEE )
5 AN GRS &S 57 =max(h £

(@) BA—  HAZ
BB \EERE (MFZXRELHE) EEFPKRENRR » BZ » fi¥%

HHhEAFEARBLER  NENUERZEINUES BN - BE - =2
HTESRESEMEZEBEBRRRARIE ?




l Theories of Actual Causation — David Lewis

RER Lewis IVIEH » MRBPVBANE—MHE (X=x) BERS—HF
(Y=y) WEER  BARUERESCHESHT TR
EHR Wil X=xB Y=y NEERR » SEAES :

1. XH Y BAERE

2. EER wB ' X=xB Y=y

3. BEEEX AxREBEY £y BB X=X >Y=y & whARE
BEATURER NEERE B EFRE NEE BN

L ChEET Al ‘BB BT REREE

2. s REBHRE  \EET AEEEFKE

3. BERMHD “)\EREGCE > BERRK AREHRHM/E
BATURR ‘SERERE T ‘EFRE WEE ' BAR :

1. “BE B BT E2H

2. ARBHRE  ZXRECEEEPKIE

3. ERFMSG ‘EXEETAE > EREK AREHFPSRRE




l Theories of Actual Causation — David Lewis

HREFRIRMBIRT —LiFE » EROVERE “BrIZEEE” (Preemption)
“BERE” (Overdetermination) °

> ERME ' RAZ : “BRIEE”
L EERBMABEEEE
2. EERELBRNEA » MRINHE
EIEE  HHRE ; BUOR)
BAERIE MM EEGHE ZE=1-1#H; P =max(MH, £ E)
3. NBMEEFETHE .
4. NENEEEET &S
BB NEEABRDASEFPKRIENRE - BIRBFILL ACT ZFLER
WE - ZMASTBREDEETHE IARE "BFKE WRE » @5 :
1L R CERT ERRRR
2 EREHRE \EETEEEESRE
3. BEEAD NEEEEE > BRER EREHRAE




l Theories of Actual Causation — David Lewis

> ERME - RA= : “BERE”
1. ZXR)NEMATEEZGHE
2. MARFHEEFEGHE

% P =max(ME, %
5 MANGEREBRT &S 7 = maR 25

(a) RA— ~ IRAZ

BEL FE—AZCEHEREPRIBENERE - BRI FILL ACT ZFH
EENE BAEHR VEETARE M “ZXETEE BIFE "BEPK
B WERER ' B :

1. R F “BR RRERH

2. HIREHEFE ) VBETAREEFKE

3. BRIEHS \EREGE > BERRK AREHARR
ERAZRIRA=ZMHEFR » ZAANEBREE : \EET AR TEFKIE
HIRERE » B1KEB Lewis WIEGRAIRNE °




d Theories of Actual Causation — Joseph Halpern

B SAVMSEERBKIRE » LB TR Halpern AR :

EHR Wil X=xB Y=y NEERE » SEKE
1. XH Y EREEE
2. AR wEB  X=xHY=y
3. BEMBEAHZNEEXMZ BEXcX R wh X =xH
Z=1zEH8:
31 BEX £x BB (X=x&Z=12) > Y# y GEHH whBE
32 XHRBEAFERERMG 3.1
ACT 5= B chiR BIRD 2 5 1 1 DROFT £ RBAIL X RIS » B AC2 B
E=EEGAEEFEINNFEENEET EREN Z NEEE -




d Theories of Actual Causation — Joseph Halpern

BUBRIZRESH » AC2 ¥IE “IVEBET AR ESEFRENER » BA :
1L Rl B ERERH
2. EREHRE ) \EETAEEESRE
3 BBANZTRELE FARSHNSRRE  AEEEET @z
ZREEETHRERE > EEEN EREHRORE -
BLUBERERM » AC2 ¥E “NBETAE M “EEETAE B2 ‘B
ERiE HWERE B
1 CiE R CER ERRESK
) EREHFE ) EET CHEEESRE
3. MBBMEX = (), 2T} MRZ =0 BE > BNTURESEH
EREED DEREREESTRECE > EEER EREURDS
BB {8} R {ZE} WBRHE AC2 0 3(a) WL -




| Theories of Actual Causation

> # ACT1 B AC2 TEY : AR AEMNRRE » RY ‘B &8 “R” 25
BRITAEESHAN ‘BR° WRERE -

> FREREEREREEDTHERS - PHIRERREDTIERN
BEFERARDGRHELEFHREZBHERER » BEREBREME
MEETFEEE—E ‘RARB REEER o AIt—2k » AREIFRAVEE
TEZ T8 P AR EERY - R ETH R EHR BT T RYKSER o
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: Sufficient condition: Markov condition / MC

> BB RHEMEBEERTURRARE R » UKD &GS “SHEEEM
BRAR  BRRMZHEEE » DWEEFEHR ‘BERMNBHER -
> BRENFEUHEESHERBILIA » Pearl B2 Verma EZEBERIFE S HN 2 i
E R E Markov 1§ » EBNMBREERNEE .
MCscreening off : P(X| PA(X)&Y) = P(X| PA(X))
MCFactorization : P(X1, X2, ..., Xn) = [ P(Xi|PA(X))
MCg-separation : d = directional » d-separation HEFE “WLERE” WE
BoBEE G ZE XE YRR Bl P(X, Y|Z2) = P(X|2) x P(Y|Z) °




| Sufficient condition: Markov condition / MC
| SEP HEBIT =18 MC TEERBIIHVER ;
> EFTHIE: B XA—RTERESO ' YAS—HHSTHNERGSD » Bl

RFEHERE - E X HBER » BMENSFHAE YRVAZE » BES
B PURE X YREHEERE - FAIIBBER ERE » XE YEH
IRIEFERAVERLE » BalRBRARBEREE (BIREHEMARERE R
E—EYEHFROILUEZRAVASE » 5#5 EPR E5ERA) ©
SHEREZINTEESE : BB X YHE ZA5FHtBuIo8s » HER
KRR c SKUNRAREENRZEE=EEH Al B U=X+Y R
W=Y+Z2' B8 U WERASEHRERINTFEEH YNEE
MR » BUtERE M I IEREE R R °
BRAERE R X YH ZREENEH 78 XHE YEERERA
XE Y BT ERRREFR SKXNMERRERDRE 7 REZEHN
EiRR 7 » REEE T REHNHESSERE c MItFHMMEER
7 REXE YEII AA ZWERAFRTE » BEMEERE Z NERT »
XIE Y EEELEBRRIKAZSHHEE -

E=REFRHE REAREBEEHEA -




d Necessary condition: Faithfulness condition / FC

> MC ZE3K d-separated F5ER#R M Im AV BB » FC F{R:E
d-connected BV B ¥t E#EET CAHREE -
> RS (Minimality Condition) : R ERE C BRENES VT
R P TITMEST MC» IBEFEHERIZE CRIFTE » EEBEIKRD
B VEKEEX pEHAINEHE MC /) - 195ER ' CEEFMBENENERUE
B BEBEEMARWE M 1868 -
BEIEHE (Faithfulness Condition, FC) : BEIEH LB IE 4B RIS 1
BERUEREH CEEEBIL » MUER d-separated ° IR TFER » 1T
EIRHEREEEENEEEAEE » BERGEZRBRE
1 » L REE T FiE d-connected M & ENEREHET E4ERT ©
> BEIFMLE “TEMBE” (perfect cancellation) HYIERLZ TARBIL ©
MERSHBE B DIFRIR » BIELIRIRINERANM I3 G ABIKHE » £S5t
B BNERMERLESEEX » bR REREBRER” AIER

40/65



d Necessary and sufficient conditions

> BREARZNERNEWEMMIEERNT - DRAENREFEEREMEEET
MEERKRARRER  FFUBFIBETENE RRARERHER & “BE
R{ER1EE” HBEbRIE  BIBER MC» BEERFC -
B TELFteR  RAMTLURERE - EHEE TS EALERTR
Rt BERERRBEEXNNERT »r MERERANRBHAR » EFL
AEEE KFEEEE AR - MWRBEZTZHERR "B ARG
B BAXJ/E-LEHMNRRRESRE -
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d Causal discovery — Judea Pearl

> EEAERENERT B MC B FC RIUMERERMFLLIN
“WESENERL - BNRENRENRRERRENR  BHRER
HERME S B LIS 2 — KBNS o

> ARERNHBATRNT : SENARBNESS V' BEENRBOK
RAER Py MAREWLRBETENERESE ¢ BREEEE
TR R BB AR - TENSANRESANEN -

> 40 Pearl 7E 1988 SEIRILMBERAVIEN R “WBHIEE" WEMR :
> VENSBUREHSE  BEEHTETENAREROZRE -
> R VENEHREERETTENE  HEORED G P BEDETH

BB EORE -

> BENREE BERR ) FUHENERE G 2—{8 DAG °
> CERBMNEES P BRE MC MREHES -
ANRER R L - BT P RR L E—MERE G




d Causal discovery — Judea Pearl

HERAVEEAWNT ¢
1. BRKEREIERE2EEE  BERNREEEARXIIREA o

Xl, O 0.0%) Xi717Xi7 X,'+1, QoD 7Xn
REGREA FRREA

REFRBANREZRARXEY » ARKEIEFHE R R ATENR T
a0 e MC BFIRDE » ERNBEERLAMER -
1.1 STEHEE X 0 SRR BRUEE P(X] X0, ..., Xio1) * REERICRRRE
ARER ) BERRUEREDETEMNE - BLERIRRARZEFRMEH R
KB IR PIRERTHER X AIRE ©
12 BRLEHVBEE BRI SRR » IR X FIRE -
2. ERLEMARE - #E X, —BRETEE X, MINUEE—RIE—NRRE
G ARERERERERINE » MAORREREBEIERS -




d Causal discovery — Markov equivalence class

> MNRLBEREIEFHESEHMEEINH R SR E » SERIEHERINE
MC iR FC BERERERRDISEM » EEEBER THARERNER
B ARE—F  METESRAREFRESANECES » BeRE
RiEE L “Markov FEEB$E” (Markov equivalence class, MEC) »
Pearl FBiEERAREE L SENBERRTER ‘BN (pattern) ©
Bl BUMERMBE=EEH (X, V, 7} BEREEHRE YR XB ZE
|l HiE R TEEEHAERE  BARRTESERBRENERES :

XD YSZ o o Ve 7 i e

BRI E MC IR FC iEEREE=RERREM—EZEER » R4k
BRY YERBERHMER  AE=RARBMBERA—E MEC °

45/65



d Causal discovery — Recent development

RARBFBERTRZENE » KR Glymour £ 2019 FREI—KOEE 7 &
LTSETUD MK :

> FEHER “REREIDSE  BETBEBM PC IR FCIRRZEURERE
BESRKE MEC BIEE ;

> EREDREREN ‘WHEAREE” » WRSERENIA T HERD R

EUKEBRELL MEC ENIEEHNERE -

EEEME  H— EEDZNRARBARAESBIUELRERIBRL » M=
E#IRESZ MC IR FC FUHERAIE ; EZ » AREELD EZERERNREZEFTS
MC IR FC MRAREDR ' EBGES RSB ERNEHRIHIBR » FATRVE
ROBERNER -
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d Counterfactual learning for recommendation system
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k Counterfactual learning for
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Figure 1: Mainline and sidebar ads on a search result page. Ads placed in the mainline are more
likely to be noticed, increasing both the chances of a click if the ad is relevant and the risk
of annoying the user if the ad is not relevant.

source: Counterfactual Reasoning and Learning Systems: The Example of
Computational Advertising
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d Counterfactual learning for recommendation system

‘ user_intent u }—»{ query | ad_inventory v ‘

Figure 3: Causal graph associated with the structural equation model of Figure 2. The mutually
independent noise variables €; to €g are implicit. The variables a, b, g, s, ¢, and z depend
on their direct causes in known ways. In contrast, the variables u and v are exogenous
and the variables x and y depend on their direct causes through unknown functions.




d Counterfactual learning for recommendation system

user_intent user_intent user_intent

ad_inventory |

user_satisfaction user_satisfaction user_satisfaction

Figure 4: Conceptually unrolling the user feedback loop by threading instances of the single page
causal graph (Figure 3). Both the ad slate s, and user clicks y; have an indirect effect on
the user intent ;. associated with the next query.
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d Assumptions for causal inference: Exchangeability
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d Assumptions for causal inference: Consistency

REMMEEEHRMERE - MRRISET — @R BRORFETR -
[RMEBMENREREEREE P(IE™) ; MiSE R BN RRER -
BUMENEZEEE PR » It

P(RBE™™) = P(ADE™™ | R H5%) = P(RHE"" | #5)

) -
(i~ R) = p(REE T | WEt) = P(REEE T | AR

P(FRE"S | R iEs) MERMREN  BEABZNEREETR -

> P(Hfﬁ‘:F-f.'E}EEF§ WA MAMEARRBERNES » BEERRERFEE
AN NEEEBHRMRNATRRBERMASEMENEE]
AREEERIETIRREE HREAEMRATAER » FIUBRMEEBRRE
QEILER TEEHFAMANASEIMENEE | EESERER
“—B” (consistency) * B E Pearl 24 “4BM” (composition) °




d Assumptions for causal inference
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d Assumptions for causal inference
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