
*Causal structure Discovery .

• Does smoking cause leeugeaucer ?

Observational Data
lung cancer

Tes No smoking g
lungCancer

15% 85% Eats Eo , I}
smoking Tesoro6% 94%

correlation does not imply causality .
Alternative Explanation

gene
Eats

1 ↳
smoking leg cancer

people with specific gene is likely to smoke

AND get lung cancer.
→ those people would havegotten lung cancer
even if they did use smoke.

→ heaces smoking does not cause cancer.

Interventional Data
.

Randomized trials . gene
random 50% of population set smskeiy -I )~# Is
random 80% of population set smoking-O . smoking lung cancer

you can identify causality by intervention , but
ie can be unethical and/or expensive .



* All nodes are observed with observational Data
.

Recall : BN G- (V.E) is a DAG with pcxt.FI
,

Patel Xa;) .

Goal of causal structure learning is to recover G .

Def. Markov Equivalence class (MEC)
G
,

~

Gz ICG
.
) = ICED5¥
Frits.

- skeleton is the same
[
moral graph is thesame.

Claim : From observational data
,
we can only recover G up to les MEC.

proof : Gift implies
t PK) that factories as Gc also factorizes as Gz .

o. ¥9. . £4.
which ones are equivalent?

MEC on 3node graphs

* Hence G can only be partially identified.

*To resolve the direction of edges withinMEC,
we need to use interventional



.co#iuEdAlgoriekmESGS-AforIehm]
cheeks conditional Independences. Sprites- Glymour-Schemes 2001

step 1 . start with a complete undirected G.= CV,E)

Step 2- using given observational data, for all Li, EVXV

remove Li ;D from E if
⇒
S se. Xi IX; I Xs

.

Step 3 .

for all triplet Cios, k) se .

①

¥
Check if XIIXJ IX restock}
If yes, direct edges as

①

¥
Sleep4 . Orient remaining undirected edges by consistency

and recursively do ehls until no more can be oriented
.

Q
.
When does SGS algorithm fail to recover the MEC ?

ex> ICPC Xi ,Axs ) ) = { X. INXS
,
Xzttxslxi

, X. 1×31112}
① ① ① I ①

H T T "
I i

③ ③ ③←-30 ②→③ !
③ ③

possible grand truths . I SGS output



Recall
. Global Markov Property
If Xi and Xg are drseparated by S , then

X , it X; l Xs

Def. pox, is faithful wine G if
Xi IX, Ks torts ⇒ Ci ,D # E .

This justifies step 2 of SGS .

claim
. If X

"? - -

,
IN iid PG) ,

PG) is faithful to a graph G ,

all variables -in G are observed
.

Then SGS is cous2s@C.i.e,

alien PC Isas 443=0

. Constraint -based algorithms require- a lot of samples(
faithfulness . assumption



* Score- based Algorithms

Recall : log- likelihood score of a BAG

SCORE CG) =N¥
,
If C Xi j Xa.. ) - N Fi

,
Hpc Xi)

and without further assumption on G, the complete DAG has
the Wykese SCORE .

Def. Bayesian Information Criterion CBIC) score :
SCOREBtcCG) = SCORECG) - log

N

-
2-

dime

by- betelhood
-
how many Hes regained to describe bag
-
(Minimum Description Length (MDL)

where dem CG) = ¥
,

ayy→ * play
Principle.

• SCORE = OCN)
,
Dh -- OC byw) ,

→ Second term dominates
when there is woe enough souples.

properties :

① Scone equivalence : G ,
~ Gz tf SCOREBZCCG , ) = SCOREjacked

② consistency : If Gi is a perfect map for pcx ) .
Then as N-D

, G* is the vulgar maximizer
of SCOREare CG) .

③DecomposableHy : SCOREBae CG) = ¥
,

SCORE (Xi
,
Xa
,)

⇒Greedy Equivalence search CGES) .



Algorithm .
[Greedy Equivalence search]

Initialize G = (V, E --f)

phase f : t-I
,

- -
- -it

add an edge that maximizes SCORE .BzcCG⇐' ) .
phase 2: Ethel , - - - -

remove an edge that maximizes SCORE Bze (Get")

claim: As Nero, GES comedy finds MEC under faithfulness

* Permutation - based Greedy search Algorithm

Idea:

the # of MECs for n - node graph
explodes .

He
we instead search over all

permutations cand skeletons)

→ #MEC £1018 us
.
108=33,628,800

y
we apply Greedy search .



Greedy search for sparsest Permutation EGSPT Algorithm.
Initialize : Tl

"'
as arbitrary ordering.

Repeat : e-Is . . . .

for each permutation (ordering T tu ele neq@d state)

construct a DAG Gea by
(Th , a;) C-Ea 2=7 Hat # Hey l Xtc - - -Thu

, Their --Tej- I

Evaluate SCOREBzc CGa)

Them← the best scoring candidate permutation .

• the permutations are neighboring if they differ anally in
two adjacent positions.
e.f . (2

, 5,3 , I , 4)

( 2
,
3
.
5, I, 4)

• claim: Gsp is consistent under strictly weaker condition
than faithfulness.


