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Motivation

Motivation and Applications

Fault localization:
• Causal model: set of loosely coupled services

• Vulnerable to unwanted changes, e.g., delays, attacks

• Interventions: root causes of the faulty operations

Biological applications:
• Causal model: gene regulatory networks

• Off-target genome sites can also be affected Courtesy of SJTU-BioX

How it helps interventional structure learning?
Interventional Structure Learning:
• Causally insufficient models are common yet understudied
• Known targets         → strong assumption
• Unknown targets    → not scalable methods
• Combine with scalable observational algorithms!

observational 
algorithm

infer interventional 
knowledge

full information in 
scalable fashion

Model

• Directed Acyclic Graphs (DAG): encode cause-effect relationships

• Causally insufficient systems: unobserved confounders

• Maximal Ancestral Graphs (MAG): ancestral and confounding relationships

• Interventions: forced changes on target variables

Augmented graph and interventional MAG

Objective
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� AugI � &UHDWH D QRGH �F � IRU HDFK SDLU RI VHWWLQJV� GUDZ HGJHV WR WDUJHWV
�-DEHU HW DO�� 1HXU,36¶���

� I�MAG(D)� 0$* RI AugI � ZLWK HGJHV EI

� AugI(D) DQG I�MAG(D) H[DFWO\ UHSUHVHQWV WKH VHSDUDWLRQ VWDWHPHQWV�

� (IIHFWLYH LQWHUYHQWLRQ WDUJHWV�

K , {i : (F, i) 2 EI}

� ´3DUHQWV�RU�VSRXVHV´ RI HIIHFWLYH LQWHUYHQWLRQV� ps(K)
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(VWLPDWH K DQG ps(K) IURP ⌃(1) DQG ⌃(2)

Results

Experiments
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7KHRUHP �� &RQVLGHU DQ REVHUYHG QRGH V 2 V� 7KHQ�

V 2 K () @S ✓ V VXFK WKDW [�S ]V,V = 0
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� &RQVLGHU D QRGH V 2 S� \ K�

S = S� \ an(V ) ! [�S ]V,V = 0

� &RQVLGHU K 2 K DQG J 2 V \ K� 7KHQ�

J 2 ps(K) () @S ✓ S� VXFK WKDW [�S ]K,J = 0
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� 0DUJLQDO 6(0V� XS ! (BS , ✏S)

� 3UHFLVLRQ 'LIIHUHQFH (VWLPDWLRQ �3'(� �S = ⇥(1)
S �⇥(2)

S �

� /DVVR IRUPXODWLRQ DQG VROXWLRQ WKURXJK $'00 �-LDQJ HW DO� -0/5 ������
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PreDITEr

ps(𝐾)𝐾

cc(𝐾) ps(𝑐𝑐(𝐾))
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� = ⇥(1)
V �⇥(2)

V

S� = {V 2 V : [�]V,V 6= 0}
(FRQWDLQV K, ps(K))
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S�

Pruning set

Results for restricting search to 𝑺𝚫
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� 6\QWKHWLF GDWD� (UG|V�5HQ\L UDQGRP '$*V ZLWK JUDSK VL]H p

� |L| = 5 ODWHQWV� |K| = 5 WDUJHWV

� &RPSDUH WR )&,�-&,��� �0RRLM HW DO� -0/5¶����� DW ���� VDPSOHV

Method PreDITEr FCI-JCI123 PreDITEr FCI-JCI123

Graph size 20 20 40 40

Precision 1.0 1.0 1.0 0.96
Recall 0.83 1.0 0.87 0.96

Runtime(s) < 1 80.9 < 1 1301.9

• Real data: Protein signaling network (Sachs et al. 2005).
• PreDITEr recovers most of the skeleton correctly (details in paper).

• Intervention target estimation in linear models with latent nodes.

• A consistent and scalable algorithm using precision differences. 

• Furthermore, refined the observational PAG to interventional PAG. 

Conclusions
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DAG : D
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I�MAG(D)
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I = {;, {X}}, (F,X), (F,W ) 2 EI

<latexit sha1_base64="0rRQ/wo4Ge7ok0ou9ZTCAzuI71Y="></latexit>

K = {X,W}
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ps(K) = {{Z}, {X,Y, Z}}
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� ,QWHUYHQHG K 2 K � ✏S LV QHYHU LQYDULDQW

� 1RQ�LQWHUYHQHG J � ✏S FDQ EH PDGH LQYDULDQW

� *RDO � VHDUFK IRU DQ S WR PDNH [�S ]J,J = 0

� 6WHSV � SUXQH� WKHQ FKHFN VXEVHWV RI WKH SUXQLQJ VHW
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� /LQHDU 6WUXFWXUDO (TXDWLRQ 0RGHO� X = [X1, . . . , Xp]> DQG ✏ ⇠ (N,⌦)

X = B>X + ✏

� 3UHFLVLRQ PDWUL[� ⇥ = (I �B)⌦�1(I �B)>

� 0RGHOV� B(s), ✏(s),⌃(s),⇥(s),⌦(s) IRU s 2 {1, 2}

� 6RIW ,QWHUYHQWLRQV� &KDQJH LQ QRLVH YDULDWLRQV RI WDUJHWV�

I , {i : �(1)
i 6= �(2)

i }

� &DXVDOO\ LQVXIILFLHQW V\VWHPV� I LV QRW H[DFWO\ LGHQWLILDEOH�
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7KHRUHP � �0DLQ UHVXOW�� *LYHQ WKH WUXH FRYDULDQFHV⌃(1) DQG �(2)� WKH DOJRULWKP
SHUIHFWO\ HVWLPDWHV

� (IIHFWLYH LQWHUYHQWLRQV K

� 3DUHQWV�RU�VSRXVHV RI WKHP ps(K)
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7KHRUHP � �6HFRQGDU\ UHVXOW�� *LYHQ WKH 3$* RI D 0$* M� WKH DOJRULWKP
SHUIHFWO\ UHFRYHUV WKH  �3$*�
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� .QRZLQJ K DQG ps(K)� DOO WKH LQWHUYHQWLRQDO NQRZOHGJH

� 0DUNRY HTXLYDOHQFH FODVV RI I�0$*¶V�  �3$*


