Learning And Mining from DatA
http://lamda.nju.edu.cn

ERia{F i




Contents LAIVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

e Causal Inference
— Structural Causal Models
— Causal Bayesian Network(Causal Graph)

— Pearl’'s Causal Hierarchy(The Three Layer Causal Hierarchy)

* |nterventions
 Counterfactuals

— Causal Hierarchy Theorem
* Causal Learning

» Causal Reinforcement Learning

http.//lamda.nju.edu.cn



Books

[
-

‘ l
f

J

'

|
Soces

CAUSAL INFERENCE
IN STATISTICS

A Primer

Judea Pearl
Madelyn Glymour
Nicholas P. Jewell

=
@ WILEY

JUDEA PEARL

WINNER OF THE TURING AWARD

AND DANA MACKENZIE

IS
BOOK OF

WHY

a"’ ol | ,,,

THE NEW SCIENCE
OF CAUSE AND EFFEEE

LAIVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

Jonas F‘éters, Dominik Janzing, and Bernhard Schalkopf

http.//lamda.nju.edu.cn



Causal Inference LAIVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

The science of “why”.
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Causal Inference(cont.)
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Causal Inference(cont.) ITA.,M%

 Reichenbach’s common cause principle: If two random variables X
and Y are statistically dependent (X I/ Y ), then there exists a third
variable Z that causally influences both. (As a special case, Z may
coincide with either X or Y .) Furthermore, this variable Z screens X
and Y from each other in the sense that given Z, they become

independent, X LY | Z.

»  O—0 OO
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Causal Inference(cont.) ':A,,.MP&
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Judea Pearl Donal

Resolving disputes between J. Pearl and D. Rubin on causal inference.
Why i1s there a dispute between Judea Pearl and Rubin with respect to the theoretical
frameworks used in causal modelling?
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https://statmodeling.stat.columbia.edu/2009/07/05/disputes_about/
https://www.quora.com/Why-is-there-a-dispute-between-Judea-Pearl-and-Rubin-with-respect-to-the-theoretical-frameworks-used-in-causal-modelling
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Definition(Structural Causal Models): A structural causal model M (or,
data generating model) is a tuple (V, U, F, P(u)), where

« V={V,,...,V,} are endogenous variables.
« U={U,,...,U,} are exogenous variables.

« F={f,,..., f.} are functions determining V, for each V,, V, < f(Pa;, U)),
where Pa, c V, U, c U.

* P(u) is a distribution over U.

JJ
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e SCM: X Y

- U={XY}
- V={Z}
— F={f), f, :Z=2X+3Y Y

* This model represents the salary (Z) that an employer pays an
individual with X years of schooling and Y years in the profession.
X and Y both appearin f,, so X and Y are both direct causes of Z. If X
and Y had any ancestors, those ancestors would be potential causes
of Z.
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LAVIDA

=xamplez e
« SCM:
— V = {Height, Sex, Performance} U,
—U={U,, Uy, U3}
- F={f, 5} U, Sex Us
. Sex = U, \/\/
* Height = f,(Sex, U,) Height | Performance

* Performance = f,(Height, Sex, Us)

http.//lamda.nju.edu.cn
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Causal Bayesian Network(cont.) ITA.,.MP%
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« Bayesian Network 1] = F JE A 25 17 .
* Fork(tail-to-tail)

- plab | ) = BAPOIPE) _ ) cxp(h 1

» Chain(head-to-tail)

-pla,blc) = p(Cla)i((IZ;C)p(a) =p(alc)p(blc) y b

* Collider(head-to-head)
- p(a,b) = p(a)p(b)

— p(a’b | C) — p(a)p(t;)(lz)(cla,b) —+ p(a | C)p(b | C)
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Causal Bayesian Network(cont.) ITA.,M%
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* Definition(d-separation): A path p is blocked by a set of nodes Z if
and only if

* 1. p contains a chain of nodes A—B—C or a fork A«~B—C such that
the middle node B isin Z (i.e., B is conditioned on), or

« 2. p contains a collider A— B « C such that the collision node B is not
in Z, and no descendant of B is in Z.

http.//lamda.nju.edu.cn
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» Causal Bayesian NetworkfliBayesian Network 5% £ :
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Pearl's Causal Hierarchy
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 Observational studies: F #5177 2L EE AL XS 1856
o Interventions FEAFFH UL MR, &G E HERGR, HAP

Adjustment Formulai& f] T 52 4 Wl T S, Do-calculus?E (F fil B 5

A FAREA SEA VE R UE R

™~

ne Adjustment Formula
ne Back-Door Criterion

ne Front-Door Criterion

 Do-Calculus
 Conditional Interventions
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Observational studies LA,,,MM%
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The art and science of inferring causation without experiments

« This can only be accomplished if extras assumptions are added
» 1T Observational studiesH] H i &k 6 5256, 5140
— When experiments are impossible for unethical/practical reasons(The case for
smoking/lung cancer link)
— When there are many experiments to perform(biological systems)

extras assumptions{E /38 EF R E (H&IFZESCM, HJLFEATE |
In4ar 15 211X Esextras assumptionss&Casual Learning 2% (& 1) N 245
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Independent mechanisms LLAI,am.ngm..u.n.,lg%

* Principle(Independent mechanisms): The causal generative process
of a system’s variables is composed of autonomous modules that do
not inform or influence each other.

(physical) independence of mechanisms
Principle 2.1

/. 1o, ) /e N\

intervenability, e D independence
independence .

autonomy, . . of noises,

. of information .

modularity, . conditional

. : contained .

invariance, . : independence
(in mechanisms )

_transfer ) (of structures )
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Independent mechanisms (cont.) I:A.,M%

 Example:
— altitude A
— average annual temperature T

-« WEF L p(ant) = p(alt) p(t) = p(tla) p(a)
- Skbr b p(at) = p(tla) p(a)

. p(tla)7|°ﬂp(a) mﬁﬁ/\1ﬁﬁt%"146’]mechanlsms, A DA 3 R A N
byt DO RE ) SR A4

« Independent mechanismsﬁ%iET Interventions it % .
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The do operator (Pearl's notation) I:A.,M%
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- M%Z. P(A | B =b): the probability of A being true given an
observationof B=Db
— That is, no external intervention
— P(A | B = b)##r Nconditional distribution

« +fii: P(A|do(B = b)): the probability of A given an intervention that
setsBtob
— P(A | do(B)): some shorter notation for do(B) = true

— P(A | do(B))##x vinterventional distribution

http.//lamda.nju.edu.cn
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. 3 U
« Simpson’s Paradox z

Drug No drug

Men 81 out of 87 recovered (93%) 234 out of 270 recovered (87%)
Women 192 out of 263 recovered (73%) 55 out of 80 recovered (69%)
Combined data 273 out of 350 recovered (78%) 289 out of 350 recovered (83%)

X standing for drug usage, and Y standing for recovery, Z representlng
gender.

e Xk P(Y=1X=1-P(Y =1X=0)
e TTii: P(Y =1|ldo(X =1)) — P(Y = 1|do(X = 0))

UZ

\fy
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o p(y|x)RAAHIXFYPIAHFRM, p(y|do(x))ZRAs I ExXFyH]

A

RAIE

o« BEALX RIS SRR R AIARIE, FriE “adjustment” 2 iEd Aid

TP s, o S S X §I’J FoR o

o Wb EEAL AL AT BRI FERR A “manipulate”
T7&: pyldo(x)) = pn(y]x)
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The Adjustment Formula(cont.)

* Pm(y

* Pm(y
* Pm(z

* The Adjustment Formula:

p(7Ido(0)) = ) p(ylx, 2)p(2)

P(Y = 1|do(X = 1)) = 0.832
P(Y = 1|do(X = 0)) = 0.7818

x,z) =pylx,z)

x) = pm(2) = p(2)

x) = 2:Pm W, z|x) = X o (VIx, Z2) P (2| %)

LAVIDA
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¢ Dn91%) = Lo P 20) = Ly Py 1,2 ) (2f)
* pnlylnz) =plylez)
* Dulalt) = (@) =1(2)

+ The Adjustment Formula:

Pl = ) st

http.//lamda.nju.edu.cn
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The Adjustment Formula(cont.) LAVIDA

* Principle(The Causal Effect Rule):

* Given a graph G in which a set of variables PA are designated as the
parents of X, the causal effect of X on Y is given by

P(Y =y|do(X =x)= ) P(Y =y|X =x,PA = 7)P(PA = 2)

* where z ranges over all the combinations of values that the variables
in PA can take.

o B AT B2 E AR A LIS 52 3]
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Do-Calculus
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o fHFHZ=2HNIAINER B, MRIEE R BT T,

e Rulel: IR E 2B EWSY LK (FLETHEA B2 LAHAN AR =Z %%
), IBAYBINEZR 3 AT A BEW T 22
- p(yldo(x),z,w) = p(y|do(x), z)

o Rule2: MR EHEZIAN | MNXBIYRIFTE ETI1E, 4 LLZ A O
7T A EEH])D) . Nldo (X) 256 Tsee (X)

- p(yldo(x),z) = p(y|x, 2)

e Rule3: I MXBNY & E [E

HEEFR
- p(yldo(x)) = p(¥)

Rz, FATWA LR do (XD Mp(yldo(x))
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Counterfactuals
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Counterfactuals(cont.) ITA.,M%
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7 HEX—Fheye diseaseff]—Fitreatment
— 99% I AN T = a, AR
— 1% R AN 2R, H 17T &RH
. f)”TtE%HQ/\TLAEET A 72, SEEMNMEAKRH T, iFR X
BN EFESEA D, WREARE AR AR TE S ERE
« SCM:.
-V ={T, B} U ={Ur, Ug}
~T=U,
_B=T-Ug+(1-T) - (1-Ug)
A LUARYE i g 5753 U = Ug = 1
o B TRAFHEEo(T=0)RI ]
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Counterfactuals(cont.) I:A.,M%
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* |In such a deterministic model, every assignment U = u to the
exogenous variables corresponds to a single member of, or “unit” in a
population, or to a “situation” in nature.

o JEFSEE IR WBRAE R LS TAMAE R
» XFFAMEEREL, R ZEE Xp(u)iia].

PR DL ) S S S O
— BB LT G (R BIE 2 W A B
— T B MR QR B G S 2 A R LR = B D
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» SCMZLif | kT HRKEHER .

» Causal Graph UL K SR 2 86 i#) =~ = R ) 04 4R r] ELANSCM AR #E W
K, XA TEREGEIR 9 R SR AE T

observational distribution intervention distributions
P)%: P}Eﬁ;do(...), -
causal graph causal model counterfactuals
G e.g., SCM € P§IX=X;d0(---)’ »
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Causal Hierarchy Theorem LA,,,MMP?:

http://lamda.nju.edu.cn

 Theorem (Causal Hierarchy Theorem): With respect to Lebesgue
measure over (a suitable encoding of L3-equivalence classes of)
SCMs, the subset in which any PCH ‘collapse’ is measure zero.

collapse
@Lz LR 2

« Corollary: To answer question at Layer i (about a certain interaction),
one needs knowledge at layer i or higher.

» HAliEYl, RERGERIVEFARRERZ.

http.//lamda.nju.edu.cn
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Causal Learning LLAI.,,,..,,QM..“...!%

j<

R4 E TH R B WL 2254 (passive observations )HITEHL T, AA]HE%N

RIE

‘

PIATART T 40

Proposition 4.1 (Non-uniqueness of graph structures) For every joint distribu-
tion Px y of two real-valued variables, there is an SCM

Y:fY(X7NY)7 XJ-I—NYa

where fy is a measurable function and Ny is a real-valued noise variable.
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Discovering Causa

| Structure

* There are fundamentally three ways to get the DAG:

— Prior knowledge
— Guessing-and-testing
— Discovery algorithms

» Guessing-and-testing &= E AR #E DAG ) 5 AN 7 -
— WRAEEXFR MYy 1T, B XM 1z iby R A AR,
— ¥ Hd-separates3 2|11, AFmm 2 B )25 AL ¢ R
ko BARP L, BlanPCHYE, fast PCHLSE

« RAEDAGH] )51 ] LLF
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ple

complexity and credit assignment.

« Causal Inference(Cl) is great at leveraging structural invariances
across settings and conditions.

e Causal RL=CI+RL

* Our goal: Provide a cohesive framework that takes advantage of the
capabilities of both formalisms, and that allows us to develop the next
generation of Al systems.

http.//lamda.nju.edu.cn
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ELIAS
BAREINBOIM

Elias is interested in understanding the
principles of Al (including learning,
inference, and decision-making) through
the lens of causal reasoning.

Based on these insights, his lab currently
develops the foundations and algorithms
for the next generation of human-friendly,
robust, data-efficient, and society-aligned
artificial intelligent systems.

Learn more about the computer science PhD programs:

¢s.columbia.edu/education/phd

Towards Causal Reinforcement Learning(ICML, 2020 )

http.//lamda.nju.edu.cn



RL - Big Picture LAIVIDA
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Parameters context / state
about the env.

action | Environment

reward

 Receive feedback in the form of rewards.
* Agent’s utility is defined by the reward function.
* Must (learn to) act so as to maximize expected rewards.

http://lamda.nju.edu.cn



Causal RL - Big Picture LA.,MDQ‘A
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context / state

action’ | Environment
\Y|

Causal Diagram Structural Causal Model

observational, interventional, counterfactual

http://lamda.nju.edu.cn
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* Goal of RL: Learn a policy m s.t. sequence of actions n(.) = (X1, X2...,
Xn) maximizes reward E. [Y|do(X)]

1. Online learning (— do(x))
» Agent performs experiments herself

* Input: experiments {(do(Xi), Yi)}; Learned: P(Y | do(X))
2. Off-policy learning (do(x) — do(x))
* Agent learns from other agents’ actions

* Input: samples {(do(Xi), Yi)}; Learned: P(Y | do(X))

3. Do-calculus learning (see(v) — do(x))

* Agent observes other agents acting
* Input: samples {(Xi, Yi)}, G; Learned: P(Y | do(X))

http://lamda.nju.edu.cn



Online Learning
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Nagentr] LI SR AT

Explainable Reinforcement Learning Through a Causal Lens

Prashan Madumal, Tim Miller, Liz Sonenberg, Frank Vetere

The University of Melbourne

Victoria, Australia,

pmathugama@student.unimelb.edu.au, {tmiller, l.sonenberg, f.vetere}@unimelb.edu.au
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Online learning improved by CI ITA.,M%

http://lamda.nju.edu.cn

Near-Optimal Reinforcement Learning
in Dynamic Treatment Regimes

Junzhe Zhang Elias Bareinboim
Department of Computer Science Department of Computer Science
Columbia University Columbia University

junzhez@cs.columbia.edu eb@cs.columbia.edu
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context-specific RL LAnMDQ‘A
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« Contexts& MM HFRELH) BN, 7] PAZE 7 M contextfldecision f) Bk
A

» Challenge:
high-dimensional C

(decision) X Y (reward)

Deep learning
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Off-Policy Learning

o JHITE

PR REIPW,

{behavior g K AE 1B 1TH 5 24
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* E[Y | do(X)] can be estimated from non-experimental data (also called
natural / behavioral regime)

 Do-calculus learningi& F T-off-line learningfsetting

Il
q

do-calc
inference

“‘—> .—:‘Q
Z Y

Passive-world Do-world

data-collection (Post-interventional)

X V4
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Challenge of CRL ITQM%

http://lamda.nju.edu.cn

1. Generalized Policy Learning (combining online + offline learning)
2. When and where to intervene? (refining the policy space)

3. Counterfactual Decision-Making (changing optimization function
based on intentionality, free will, and autonomy)

4. Generalizability & robustness of causal claims (transportability &
structural invariances)

5. Learning causal model by combining observations (L1) and
experiments (L2)

6. Causal Imitation Learning

http.//lamda.nju.edu.cn



