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Abstract  Exploring and detecting the causal relations among variables have shown huge practical
values in recent years, with numerous opportunities for scientific discovery, and have been
commonly seen as the core of data science. Among all possible causal discovery methods, the
approaches to causal discovery from non-temporal observational data can recover the causal

structures from passive observational data in general cases, and have shown extensive application
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prospects in a lot of real world applications. After 30 years’ rapid progress, causal discovery
from non-temporal observational data have been considered as an important research direction of
causal discovery. In this survey, we discuss three hot research topics including causal direction
inference, false discovery rate control on high-dimensional data, and latent variable detection in
partially observational data. Around the above research topics, we extensively review and analyze
recent achievements in several aspects of causal discovery, especially focusing on causal models
and their basic assumptions, constraint based approaches, casual function based approaches,
hybrid approaches, and the related benchmarks and tools. A typical constraint based approach is
a two-phase method, firstly utilize the conditional independence tests to learn the causal skeleton
based on the Causality Markov Assumption, and then use the V-structures to determine the causal
directions based on Occam’ s razor principle. The typical constraint based algorithms include
Peter-Clark (PC) algorithm and Inductive Causation (IC) algorithm. The main limitation of this
class of methods is that they cannot distinguish the underlying causal structure from its statistically
equivalent structure, i. e. the algorithms return some undetermined causal directions. This limitation
is also known as Markov equivalence class problem. The casual function based approaches are
based on data generating process assumptions. After fitting the causal function model among the
variables, the causal function based approach inference the causal direction by employing the
causal assumptions, such as non-Gaussian assumption of the noise, the independence assumption
between causal variable and noise, and the independence assumption between the distribution of
causal variable and the causal function. The typical causal function based approach includes Linear
Non-Gaussian Acyclic Model (LINGAM), Post-NonLinear (PNL) and Additive Noise Model
(ANM). The disadvantage of the causal function based approach is the strict assumptions of the
data generation process, which are usually hard to hold in real world applications. Its difficulty
on high dimensional data is another disadvantage of this approach. The hybrid approaches try to
take full advantage of the constraint based approaches and the causal function based approaches,
using constraint based approaches to learn global causal structure and employing causal function
based approaches to learn the local causal structure and infer the causal directions respectively,
typical algorithms include SADA (Scalable cAusation Discovery Algorithm) and MCDSL ( Multiple-
Cause Discovery method combined with Structure Learning). The lack of theoretical analysis is
the main difficulty of these methods. Based on the review and analysis of the existing works, we
also give an outlook of some future research directions, include causal direction inference, false
discovery rate control on high-dimensional data, latent variable detection in partially observational

data, the relation between causality and machine learning and so on.

Keywords  causality; causal discovery; observational data; structure learning; additive noise

model; artificiall intelligence; machine learning
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A Rk Bl T WS K i R G R S
BB Z L BOMERT B ) S A PR OC &R LB R KRR A9 )
R SCHR(33-35 148 H PRR 0 2% 5 1] 1 32 30 %%~ 7
. R 7k B A BURTE TR A AT
T N — A HFR &S U K B 8 AT R R e
TR Ry B X 28 25 1) 27 2] B A o T RE IX 43 % H
B 19 S SR 5 5 2R 3 A U N A R A T v 4
7 1 56 R TR I 2, DT 43 e iR T Rk A v 4
R PPk AL, Tsamardinos 28 NG54 T T AR W
5 57 AR ZE A 2538 R (Greedy Equivalent Search)
JPEEDY A 4R i K- /M R 1 ik (Max-Min Hill-
Climbing . MMHC) = 5 i J5 12 516 18 1:d J&) T 245 1 2%
> i K- /N 5% # F (Max-Min Parents
and Children, MMPC) & 327 2% > R 3 06 5] [/, 4%
J5 FH BT AE DU 309 43 € L1 8 R Ty 00 TE 1] B 47
[o) . 33X B AN ASGE T e 4RO L T LR R
D7 o) 2% 22 o] 8 A 850

E R V€ SN RN O NS v B 100 o o P 7
XA BI0HR 4R RO AT RE 5 A AN RDULI Y 2 [R] B I AR
iU T AR IR SR 2 M U O 22 AR B R TR
B 1 HE TP 20 5, Kummerfeld 4 AN R T 5 264k )5
LYo, A S L S T — A FTEC
(Find Two Factor Clusters) %5 ¥, F§ TR 3] 2 A48 &
B, J5 22, Spirtes 4 NTE PC SR 5EA L 420 T
FCI(Fast Causal Inference) & 30 Hl Colombo
2 N\ FCI #4172kt 3k 19 RECI(Really Fast Causal
Inference) L3k 45, 3 B2 {ff T 5 R AH 56 181 o 52 31
TGRSR R LR LB, Zhang " P4 H T —
L B0 o ) S ) R B TR TR U PR T R 3R Rl et
A1 0 T i T e A S JBT Y AR 56 &R R B R 1 e
J1. Zhao 5§ NSH R FCT 5535 In LAk 2 36 F
Fie KR g P N By 7R R] G AN 2R 1 TR VA B 7 ANk 4
i e 1) B J5 7. Zhang % AN T T Gaussian-
Process Latent Variable Model (GPLVM)M 3k 4b
T IR ) D PR 722 0 WL 4 A B PR T 2 AR 2tk 0
T W52 7% 0 2Z (8] i VR P & Gk 18 0. 5 R LD
P 5T A BEAS TR Y S, Pearl 28 AU R B T A
78 & (instrumental variable) 5] #2 g AN 25 245k, B
AR R i R B ) i S T AR 4 R R Y vE D]
M G — A B 2 AR i ) 5 A R A A S
Bonet % A\ Rk Fp T H RGP A T oA it
(17 L. Glymour 48 A UPKE T HAS 45 204 S — A4
Bz Ak 4 e 78 5 235 A v m] 0 3 24 R G 1 R O A
B, BT, Evans 48 AU 8 DLIEDE 29 50k 3 1
J5 sk i1 % A ) JC 3 Bl (marginalized directed
acyclic graphs) 1 & 4 #f 1% & (Phylogenetic Trees
ModeD) #4748 5 [F R PR PEAL 351 B RGAS 5.

B BRI T AR R Jr AR SR R
T2 1 REAE 45 5 7T 5E 1Y 2% A0 b Sy ik 45 31 )
1Z B CH R BT SE PR b i RICR AR T 25
TS AS B 1 FBO L R I B2 B M AL BE
ARSI G TR R HE R C R AR BB T
Tt BN T R B, A DU TG v A A Ak B
PRLSR DG A% 5 J i 2% (R 7 P Fn V-S540 o 32 19 45
Mo 2] 7 s Jo ik o 2T B R O &R W 2% 8T vp BT A 34
(75 ) s AT B — 4 H IR v] R S M 2RI A 1] G B
Pl PRIt o] o i T 24 SRR 5 B A A 1 R AT R
S5 A 2A M R T A5 381 P — 79 PR SRl A 25 4 2 i T
R BRI BB 55 5 kY ST B A,

3.2 ETRRIBERNAE
B0 35 T 2 S 7 T A TE I L 2R AT R A 2R o
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AR 222 e 58 N PR SRAE AL 51 & 1) H 80 o3 A
FE 1 S A RE S A B T DR AR o R A, G S R Y )
ZE R 7 TR (Structural Equation Model, SEM)-
HFEA . A5 7 A R — A W] T Zon A o i
AUREZR . (45 BE ML AL 1 4 5 5 B 4 - Bl ML 4R A0 4
WA AR AR B 12 22 A8 B AR 5 — AL 45 4 J7 2 X L
TR LSRR B AT 1] BT 2 7 5B 1 TR OR 45 4
ik T AR HE TR TP A R R o, X Y
J AR HiE o, B R BN B W o, f o, Z R FE A
)3 v, 5877 AT R DB e R
v, = f(palv;),n),

Horp, paCo) R o, R E R ES 0 £
W P AR L BT A AR o AL R AR B pa (o) F LAY
A TS A A W R R B 0 M BRSO
DR 22 AR AR A Oy AR A g O R 2= E T
SERY T REFR R 0 I AN HUJR 5 R 2 A T 0 A A R
B TR TE Al 34 J7 72 70 101 732 5k 1) 2 A i 8 48 B
& DR ML Br ke g 1.

AR SEM al DL F 2 o0 28 & B s (H O AE AR
ZAFOLT - 28 M 10 45 1 5 B B RS R A 3 722 o 14 [
KI5 1. B LA AR Z2 0F 5851 A B SR BaE 7 AR BILAR L %)
SEM g7 §" 445 T B A B R £k g T i 2R
BRECREAY L R T 11 1 22 bk T IR R o B A 1 [
RGR KT AR 0524 48 LAk &
JCF 5 B (Linear Non-Gaussian Acyclic Model,
LINGAM)?Y | J534E 4 ¥ (Post-NonLinear, PNL) J5
PEDT AR LR M A5 0F R B9 0 R R 7S R (Additive
Noise Model, ANM) "0 I Ho Jg o), {5 B - JLAA] A
B HE Wr (Information-Geometric Causal Inference,
IGCD AR =00, P Ko F F 24 o0 F 3 F R A o 21
RAR LY 4.

3.2.1 LINGAM k&

LINGAM, BRZL P 3E v M T AR AL, (g Shimizu
SR NI Ay AR AR R R DL BT 9 2% (1) AE
. LINGAM #5851 SR WG HCHE 1) 77 A= B 4 250 il
ARLAE 3 AN A (1) A 1] [ T 3 ML v, s
(€L, p ARSI R U RIS T A9 2 BN
3 W I T A 722 % B S R i R O R
k(i) (2) A 26 P A5 v, o HOO N Y 5 R AR
LMK A SR R RS AR o FUE R s B o =

2 bijv;+n; e (3) MRS F i fHr—— M A

At o N 7 2 0 I B A o S —
%%%ﬁ\%ﬁﬂg)’ﬂ n; fﬁﬁ[ﬁrﬂ*ﬁﬁﬁﬂi» E[] /)(711 .

1, ,---,n,)):Hp,(n,).

1E ERL IR I3 A5 T LINGAM [ L)

R ER N

V=BV-+n @b
Hrp v g p 4ergBEALIE 5B O p X p BRI
n Ay p YE AR R T B AL P AR L PR S TG BR R R
W A7 76 BB PE R flif B'=PBP" Jy ™ # 1)
T =AM H X TR o 0.

LiINGAM #5& B f 5L ) SR i J7 ¥ 02 Shimizu 5%
NP SF R4y 43 B B 3 (Independent Component
Analysis ICA) "™ B fili 12 i ). B ICA-LINGAM
Bk WP el ICA OSSR vh 75 3] 3%
Y =WV g2 VS 4 i e WL X Y 2408
N7 RGBT 5 25 G XA 2t AR s A =X (DD L AT A
AW HU—B) Z A KRR xR K545
B’y g T = Al i kR R R AT 8 46 55y 3k B R]
W ARG R WT » i R — 1 B9 A3 53 1 ok 44
B fe 21 PR M 45,

LiINGAM FERER B ST 00 P e . — 282
HT G2 5 R AL AE C IS, Bl 40 Resampling .
olsboot Cordinary least squares bootstrapping) 5
Adaptive Lasso %, 75— FL T U1y ) 4% 4] B G
[0 25 g o — R 300 A5 N AETE WA G B 1 2R 5
TR0 SR A AR ST R L 9] PC BEE L ST
R REE M BASSUM (Bayesian Semi-Supervised
Method) 5 i () BY A e w7 45 ICA-LINGAM #
PIA SRR AR S B A 7 s,

Ul Uy U3 Uy Us Us Uy Uy eee UL Uy Us Uy Vs -
v 0] 1[0f0]1
A v |ololofo]o
ff[ U3 0]1{0f0]0]-
" v [OfO]T]0]1
0ojoj1fofo

Uy Uy U; Uy Uy

v, |010fofOfO
vs[1[0f0o]0]0

v ol 1lfofofo
v flfof1]0]0
of1f1]0]0

[ 7 ICA-LINGAM S 5 A B AR B K
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B LINGAM 75 252 R 7 TICA B3k m A 1R 1k
ST Ry F AL i 1 [n) 8L, Shimiza 28 AR F 5% 22 0k
SEVERYJE AR 1 T DirectLINGAM (Direct Method
for a Linear non-Gaussian SEM) & 30 8 ey
AR Darmos-Skitovitvh g #HUS™ 2 T A 4R AR
i (exogenous variable) [ H| W br ofE , B 5Bk B 5 42
AN T A AR RNH TG 15k 2E S B B AR
el ST 8 e AR ARG O VL M A A AR o, 1]
120 (2) ~ (DA .

v,=argmin T, (v;;V) (2)
Tev
Ty (o sV)= > MI, (o) (3)
PEVIi£]
rﬁ’)ZvE—COU(U”vj)‘vj (4)
var(v;)

Horp T 3RR WA A2 B 57 A 1 7 B2 ML 3R 7
AR A A (BB v, OB — A i A A AR
52 T AT AR 22 o SR 2 AL ol
L A LINGAM B 0B R 1 L Al v 1
BT 3 SR i 32 VT 3t 2 AR A A A A 1 % A A B A
A 7 R R ) 7 BRI A A L A 0 RS TR
P s fi il o fie /s — AR 1T I 7 9 ok 58 B BT L.

Bl AR BRI A 3 AL v o o il 2
WRRER:
Vs 0 0 07w e;
v |=11.2 0 O||vy|+]e|.

v, 0 0.9 0
R (2) ~ (O B th AR oy L LIy

r o o01[n"] Te
)= e ]
AT AR I 2 LINGAM = A~ JE A FRAE il 3
T ke dE i H 5E R AT
B XA A e 357 JC PR 7R v L A AR e ) A
OB A& TAE. Hyvarinen 26 A £ DirectLINGAM
IR T RIAR e Y O v A A AR R L TR R
J 5 4E 28 1 B T 5 Tashiro Al Shimizu % AN 42
th ParceLINGAM 51 . 32 2858 £ M i Ak 11 19 4h 4
715 e R ) Pk S P AR R B A R A TR I
AR K BB s 7E AT IR MBS | Hoyer
NS LINGAM BLRL, 48 38 T4tk S
44T 1 IvLINGAM (latent variable LINGAM)
HEZE | {H 2 B o 0 B 2 1 7 A i SR AR .
PE 9 P28 0 80 IR & R kBRI ICA-
LiNGAM #l DirectLiNGAM J5 £ 4 HAG B . M
FVETERE M X ICA-LINGAM B 3OR B 22 Hi 4RO

Uy €

T ICA BIEA G RV s R AL A G R A
Jai B B LA 5 AR Direct LINGAM F3 7k B¢ g b fiff TR
TaX AN BB . GRS 7E A B 0 A5 TR Y R 3 AR WOF .
R R A S R R I . M5 2 2% B A
JZ . DirectLINGAM Wi+ 8 2 3 & OGmp®” M? +
p' M) i ICA-LINGAM (W5 24 B J& OGnp® + p*) .
XL m FRIRFEARANKL p RRFEARYE S M G 5 /)
T om) FTN FEAZ A ST A B rP AR 2o i 1 S K 1 Bk
3.2.2 PNL K&k
PNL J7 ., B J5 A 2k 75 ik, & 1 Zhang %
AT . X PNL AR A FE o>, H
RS ML o] LA LR 28 SRR
v; = f>(f1(v;) +n;)
o SRR B o, FUME S AR B o, B RST S SRR
SE 6T PRER, £ 2 T S e T BRI HL 0.
AR AR B e A S R R AR —— 1 R
s TR AELAEAVE T T T LA 220 e U8 I B ) I £k
PEAR TG RSB IAT Tz i3 M N m R ATT T A
BENR o 2 o, B a2 28 (5) o, A8 4 M
7 Tl — RS RE T AL M 75l ST 1 R %
Ry AR BAFAE AR S5 ] ;=0 s ] PNL A
Al PARIR N

5

i
TE

v; =g, (g1 (v;) +n;) (6)
Forp, SRR S o o FIE P 28 By HOAH ST, g J2 A
P 502 1) ' T RRC o 2 3R P O T R B HL g2 0.
k(24 ] 2 S uE W], A T8RRI 1 R BRIy
A8 R G R 77 A o, Fil o, 1953 A A 5 AR
[ P 7E— MR 0 T i SRR 2 4 IR X (5) 77 A
I8 2 TR BN 2R T4 50 (6) AL ] L™ AR A
[7i) 1) 72 B A1 PR s PRI 2R 56 28 7 1) it ml AR ).
A2 U R A PN R R 7™ Az i1 K, A2 1 22 []
8 AR 5 2 LT 16 B A1 B0 1 AR J2 vl LRI il 1.
FE U A8 i 22 18] ) R 2R OC &R 5 1) ) 224 IR
PN BRIEAT 2w g o (0 A% 1 2 S 3 4 )
Wi 2 d-7r BRSNS AR5 - A PNL B AL U |
— b R R E Y TR T e X T R A Y
PRIR 254, SR T GV 1k ST 8 53 43 B 19 5 2 Al 1 g
PR KA AR B I S o, 2 S S R 4
RAR G o, RN Y MR P S o ORI PR ST G0 SR ST
LB o, Fo; B R SR 5G 2R 07 1) FI W v =00 lLZ
553, Zhang % ANV R PNL J5 ik WE B T 78
HE 3 T % i 47T 17 D0 T L PR BE AL AR i 22 ) Y PR
5 1w} 2 m] U1 ).
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XA AL G AR T 7 oo AR Y o8 A PR
KR GER U T BAT R P A R s A k2D
PRIUEAT R OC A B, sl f 1 %k B A7 R] BE 1Y A 2R 4
P 7 1 HE AT 95 2648 2R (R I AN 75 B R AT 040 1Y 1 4
B KR WA T 55 A B E T PNL g
S G TR 2 0 LI

PNLE“ 5B R 40 45 1 LINGAME 7 Ay
ANMYCHAROR UL, 2 s8R £ S HB S R
H on R AR e A I 0y =bj0, -+ (HEHp b R
oo, MR B o (] B B SR BE A ED , A Y T
LINGAM $i#Y:2Y f, ki 8 H £ o AE etk ek
B S0y = fCo) 4y oA TR 29 ANM LA
P, bk PNL a0 P /Y 45 18 o [+ & T
LINGAM ,ANM K BTG AR AR, 4671 Sk Fe AT xF
ANM Bk T/ 4.

3.2.3 ANM &%

LINGAM 2858 1k HOBe i P 4 Pk 19 ) 0, e JE 26
A BT - Hoyer %5 N7 HIE B 1 AR 2 R 20RT LAIR
A SR A B 2 B0 A T L RE Y B T R i 2 )
X AR M A B TR R R 5wl . Hoyer 4§
NFETR T I M B 7 ( Additive Noise Model,
ANM) AR T R 2tk 45 4 92 B T2 1 [ 1 [
X R KB CInIEL 8). ANM H ik Xt $dfe 7= 1k Oy
AT B A AR AL - 45 R A2 i R R s O T A
R — DR GX A R B R A —E SR & AERD
b 5 PR A Sy R g R . ANML AR RL AT LA
ik N

v; = f(v)+n, nl v,
Hrp f AL LR g n EBFEPLBESR 310 T 7
Az R P L SN AR A R R A R o, RIS i o, 22 [E] A
1E v B AR B R O A o 26 3% 6 R A8 i o,
AR P AR i A B ST T 45 RS B o, TN PR L
n AT X — B BRI SR T AR RE . ANM SR

p(flo)+nlv,)

>

flv)+n

8 ANM BRI ILAYLH] BB, i 2 B AL 1 o, F
WEFE n (Y Bl S P (22 S0k 27 D

J0F J7 12 0 0 i 32 T 2R 0GR T 1) w0 o 5 L
T X o Mo, BEAT R0 A 05 = fCod +ns SRR
FEXS IR 3 i AR R n=, — f(v) s )5 K AT
XEERR 2 Em S o ML WUER IS U o, F o 1Y
KEHNB N 0>,

1 bk AR 8] 7 gk AU S M A 5 TR E
ANM B35 R 1) 1 20 B8, A 91 IH Jy 18 5 [l
73 #2 (Gaussian processes for regression)® J& ANM
A v g B P ) [0 0 7 32 5 Al S A 3 T
F# 77 % (Kernel-based Conditional Independence
Test) ) [ AR LRV 45 10 2 57 PRI 30 2 ANML £58 21
rhR AT 3 3 2

e bR Dt PR AR g M R A e A L Sy i — SR
LA b 522 2 A AR R 0k e s AR e 3] 1
BRI R G 2 4 R 5 O S SR 0. Peters 5§
AP ANM Sk 7 ik — 29 e il 258
FORVECE . Jo R AT A B W A el b 3R T
— R G 5 S S M A 56 Y 1] 9 5 i (Regression
with Subsequent Independence Test, RESIT )M,
¥ ANM FLARYJE 8] T 2 4 A5 5 1 1 B0 3 Fh O
T8 154 22 [R] Oy 26 A5 D B RO 1Y 1 O

AFTF ANM, Daniusis fil Janzing & A2
FR LA Y A RE L 4R T TS R A PR
(Information-Geometric Causal Inference, IGCI) &
1255 I Dt R A ) 0 A R PR - SR e ORI A 1 kST
P ok ) DA [ 7 PR SR 06 R Clni&T 9O R TGCT
FAEAE PN R OC R J7 1) i BT DUR iR
B — 2 DR e o AR 2 TO M AR 1 5 R AR s A
I3 pCo) DL e WA 728 S ) A IF 261 R 2 f (o) /Y
SRR GE A AH S L XA BB AR IE T RE B 4R
b T A8 5[] A PR G AR L AR G RS i B T ) |
AT AT SEPE.

() 1 fCu)

-"'-.- v
;

>

.

i .

B9 IGCTEEAISEAPLHI B 12/ Cod Fl
P Co) B FEFp Al 7 OR I8 F SCRk[29 D
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IGCT 1y R PR BB 4% R 28 21
TAE A B 859 43X P AN R . 75 M 75 J7 18, Janzing 4§
NP8 W IGCT ik A8 /N 7 g st P AT AR AE — o
R P 5 72 72 B 0 A 5 oK 500G &R J7 T Sgouritsa
= AR HY L T35 5] I (Inverse regression) [ J7 24
CIRVEEE Al ey 4% &

B0 AN 58 4 WL B HCATE 11 B A8 o G DU ) it i
PRI 2R o B0 5 vk H A — 28 i L AR ST
(4 [ A8 e 460 7 187, Chaves 28 AN 45 A4 B FE AR
Z X (information equality) . Il /R EH & T %W
PR ¥ 28 Wi 1 ) OB I R R AR R S — A
A AZ S B0 T PRESR R HY T — R BT DL Sy Y
2R RN I LA S X B 1 R BT s AT
PRI SR 25 A S 7R 106 5 MR 56 40 A 1) i S 005 A7 TE A SF- 55 11
TEOLT B B e T 45 A AR A L, 3
BH = A4 1) 5 & (BB (information entropy) ) IR
BN XA AR B R LR 45
) S8 % 55 7 2 R AROR I BIF 5T B85 T — 5 1 L.

VS T ) AR 2k R 56 &R Y E i R R R B
S TR ok Sy Y O ¥R AN TGCT 158 i 4%
AR AR J5 X534 B A A R IS A B R AL A A
B T M ROl ST A T VR B A O AR R IR S R
Mg 75 08 P 7 e PRI FE A T MR A

BB - BT 2 ST A

R ] L i

ollo
ol ol
O3 b

(a) SEEEMIPIR R R M2 E

B3 S S R IUR
ALER AR G 5 I

BT B2 - T B R o A
TR (g I PR R 2 5

o3 A5 s T ICGT W M AE B LA £ B L AR B I 2R 52
M) 3= R T MR P ) PR SR T ) g S ) D 1 D A
7 i MR 5 43 A A DR L R B0 S PR L BRI ICGT
Ky vE F B T IO M A BRI RS L FLDR R R R
HEIREIE.
3.3 ETARMETEARIBREE A ZE

T AR B A PR 2R G 2R AR BRI A 2R e B0 2 1Y)
WEFEA W K A o 7 #1221 E LA — 2207 2k
PRIR R BB 25 5 e R, P AR TR B B R C R R B
J5 ¥ A R 3 e PR R R BB B AN L [ e R T
o AR T R R B A T R

Cai %5 NM4 PRLR G 2R R 3L Il 8043 1 Oy —F i)
IR 3 A 5 125 5K A o DA 4 e B8 1 RS f 2. At AT
P SADA #E %2 (Scalable cAusation Discovery
Algorithm) , 2235 ] T FUER 25 1 vh (4 75 3 J 7 19
WEE 5 BT S FEFEAS L 285/ 14 15 5 T o 8 1F ffy Hb 9 J31)
PR AS fE. HG 2 SRR R < i ol e SR PR 2R ) 4R
(Causal Cut)Kf i 4 7] & 73 i )i 2 A5 [7) 85 AR
BE X A 0] R AT 388 U1 0 A L 30 L [ R A 2 %
AN B XA R AE /NI IR, SR ] ANM G528 T A
R R BB 1) T vk BEAT SR L B JE 0 /N R R R AT S
If. I FaR G ARRAT LU R B 10 FR o3 i R g G
It =B B .

©
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55 SADA 77 i B AL, Chen 48 AV 4RI T
MCDSL ( Multiple- Cause Discovery method combined
with Structure Learning) J5 2 . ¥ i 4k B SRR 19
R F K BLIR) 853 Ry 4548 °F 2] (Structure Learning
Phase, SLP) fl J5 [n] 2% 2 (Direction Learning Phase,
DLP) A B B o T3 Sh—Fh i 42 52 0 1 2 T 20 i)
5 R T PR R R O B 0 O TR R RS L RS
a2 2T B B o 1) 2% A 0 <7 P G 2% % 1) 0 I B T 4
Ji PR AR S5 2 7 ] 2 2 B B (T AR A AR SR A
ANM (iR A J7 5. Hao 58 NP SR A T 5 & B3 i
R R TR E AT 854 2 > R ANM 17
J5 1wy ) i) B R R R PR 2R R R & U7 2 (H Y brid
Approach for large scale causality discovery, HYA),
W TR S AR B A R R R

RER Tk —ERE FSH 7T AR T kA
AT Y (R AR A A T PR AR e RO AL 1) Ty vk 2
AR A R R ILRE ) B L s B L J 9L B 4R A
P R OC R R B T T By vk B X ER A A
i Ak T RS 2D B B, 3 3k T I A PR 0 BT S Y ()L
B0, Lh Cai % AW 42 SADA R E 1 4310 7
2 A ) o i B P T RE S I AR R A L R
BOF 1) B0 5 B DR 5L SR i PE B 355 Chen 45 W5k
F18 AR 7y B3 751 D T s 2 G A R 0E R I BE B 5 5 1 R
JFH 8 R R BB Y — BOPE FIAR 25 1.

3.4 RIESEN
3.4.1 Bt

A1 PR 2R G 2R i BLBIE 5 v feit T 1) A B — i
3 SR AR A S P 5 e A R L S ) B 4R A S S A
B R AV EHR A I S H AR TR R 4R

AL A= A 4 4R 1 7 2R O SO A — 2
HRAE — 5 B R0 B3 vk (a0 #D A 3l AR iy Can
LINGAM B3 i i 05 SO 42D 5 o — R 2R I 2
SRR ) 4% 45 46 AE LAY (CBn SADA 75 5 v 3R Y B s
) XA B AR AR S IR A R U 1Y 45 R HEAT X
R A T 20 Fr R0 1 2% TP BE L (HLJ2 iy T a2 A A
A LR AN B LS A 3 ) 3

FLSC R B R IR T S g 5 R BRI K
MUPE S AEZ HAT 2 TT A B S 8520 HLRR A B 5ot 46
— P S T 1T R U L T R I R WL S B4 Y
Hdn A HdE T i e WL B i PRR 56 R R By
EARESE. HHTE N Ry S O AT AL S Y
NI ERE F LA/ LUT LA

(1) o7 i a) /Y AR G & & BB 4 . Rl
FF PRS2 18] A 2R 6 R & AF 2 s htep//

webdav. tuebingen. mpg. de/cause-effect;

(2) — 8B FF PR 2R 5 A 43 A Cli Bl s 27 > 0380
B % 4% 45 http.//www. causality. inf. ethz. ch/
workbench. php?page=index;

(3) NIPS 2008 Workshop on Causality %[ 7i%
T 5 7 5 B A0 Bk A 3% 98 (Causality
Challenge #1: Causation and Prediction).

2 38 € 1 U B O B ISR AT A B BN TR
JGFRR0HR » 32 A MR 4R 552 o Bl A5 400 15 3 1Y 5 TR 5%
LB 36 4 (REsimulated Gene Expression Dataset,
REGE-D) 3% 19 HIV I 3 5p 41l 38 19 i 5. 24
Y1 TAEML I 5035 4 (SImple Drug Operation mecha-
nisms, SIDO) \ F F & 852 Wi &5 A 19+ 25 48 357 i
I 3 & B3 (Census Is Not Adult, CINA) .
T & B 9 I DR iy 56 R 40 20 B (Measurement
ARTIfact. MARTD 4. s 654 S #0605 1 Il 254K
s 00 3 A A58 Uk £ g htep: // www. causality.
inf. ethz. ch/challenge. php;

(4) NIPS 2008 Workshop on Causality & [7]i%
B 513 7 2 TR B A 75 9 Causality
Challenge #2: Pot-Luck).

IR MEE R AR N T 40l by R 2R R
H {5 5 M 2% (Causal Prote-inSignaling Networks
in human T cells, CYTO) . & &8 45 # K 5 W 4%
(LOcal CAusal NETwork, LCANET) i % iR (=5
[ 4% ( Abscisic Acid Signaling Network, SIGNET) .
HAx 15 B 55 f 38 19 $96 % (Target Information
Equivalent Dataset, TIED) | 3] 5| J5i X 25 5 F1 45 547
H (Distinguishing between cause and effect, Cause-
EffectPairs) 4. 33 46 K i 52 £ 55 A S B2 48 1) 40805 4R
MESC 5 1 ECYE 4 http: //www. causality.
inf. ethz. ch/challenge. php;

(5) NIPS 2013 Workshop on Causality: Large-
scale Experiment Design and Inference of Causal
Mechanisms % [ ] 15 ¥ 1) — A~ R x5 R 56 &R 550
At Pk % 5 38 (Causality Challenge #3: Cause-effect
pairs).

8 o AR R R N W 7 NS SN2
Ur AR U AR G 2 B R A A B R B A R A
235 SR [A] S5 I R ) PROR OC &R Y LSS AR
. mAEN B BREC M — XA & (v, o ) I
AT HE ofll o, Z A HEIR KR (DB Z
[6] B PRR 5G 2R AT RE O o o WY BRI 5 0 02 o, Y R
30 A1 vy 52 [ Y 5L IA A8 B 5 0 5 o FT o, 2 HLAH
MSE ). e FE A9 Y £ . http: //www. causality.
inf. ethz. ch/cause-effect. php?page= data.
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3.4.2 ML

HETHR X R K AR EAR NG — &
WL PEH J7 ¥ R R PROR O &R WE ST R AR O i
FEAT LN JLF

(1) ¥ ¥ iR 2 MSE(Mean Squared Error)

MSE F 20 F 5 & 2 50l 7 9 e o f 2. B
R B2 R iy gAY ) PR eR BB R LINGAM 2R 58
PR L MSE N SRR A k. e
XN

MSE= pi i} Z/; by — B s
Horp p R BIE L P T A 2 B A 0 Rfm
RO Z L8 0 N I E R R A L ATER S I A
1 » Dy 7% DS 56 2% 90 248 36f 7 1) 146 5 0 o b 55 0 AT
55 7 B A

(2) Y R (precision) | 4 [A] F (recall) flZ¢ &
PEM 5 45 Fo{H (F) -score)

IR AR IR Al R R R B e
B iy PR G A M 45 &1 v e 3 8O R
2 TR A PRR OC AR I 2% BT v T AR TR AR R AN A
TE B 1B HE DR S I A R BB 5 A [l RO AR i A o
2 A0 1E B R0 8 R A Bl o T B TR o )
2 ) b EOE IE B A 2 KR e, P e A Y 1]
FEAEM A PR MR . FOEES TR AP
WS H ARV R O R R LB iy Bk i 45, |
TR P % Ml 7R PR SR R FIORSE A R 2 TR B T PR AR
PRBGR & 8 7 1 (n SADAM) | MCDSLP ") 45 2 1
XA Ty RN SR B PR REE AT PEAN . 3 A S HGE i
PR 22 A0kl 6

TP
TP+FP’
TP
TP+FN’
_ 2XRecall X Precision
' Recall + Precision

Hop, TP FRR IR KR M A B Ar e, H 2] 2
45 RABAFAE L W I 5 FP 3o PR OC & M 45 A
B AAFAE T2 2 B 45 RAFAE N B FN R
AN PUR IR AR B A AEAE L T o 2] B B9 45 R
e uNpuk /@

(3) ROC # T i L AUC(Area Under the
ROC Curve)

AUC 72— P ok B H5t 70 S5 0 4 I B s o it
AU PR SR eR RO A e, 0 ) A PRLR OC R R B

Precision =

Recall =

J5 1 (4 NIPS 2008 Workshop on Causality [ 7a 3%
FREIPEOY T2 e R T XA PR B 5. ROC i
2% (Receiver Operating Characteristic curve) & —4%
YT bRyl £ il 2R R R AR bR R R AR B O B
WA R IE 25 B9 He B, BR AR BH P4 % FPR (False
Positive Rate) ; YA A BR K 75 A 5 Sy 1E S 4546 I 4y 1E
K e, B B fH M % TPR(True Positive Rate) ,
Hats I

TPR— P
TP+FN
FPR=-—1
FP+TN

Hrp, TP FP #1 FN fE R K & & I vF i b
5 IR B — DA 48 bn v i & L TN R BRER G
RN A B AFAE % 20 B 45 R A A7 AE 1

AUC JZ45 4L T ROC Hi 2k T 75 AR 23 1 R Y K
/N AUC SR F BB IR 3 0k SR I DA H (B Jd % A T
0.5 | 1.0 Z[0]. AUC R8O . 375 IE 58 8 &
3.4.3 BT HA

TERF IR R, 22T R T —Se ik T A
FIFTEM b TR SRS E RBESE. Horh
9 PR R 5 2R R I R R s T AL IR

(1) Glymour 28 AJF & ) Tetrad IV T. H (£ &
IC.PC,LINGAM % [H 3 % & & B )« http.//
www. phil. cmu. edu/projects/tetrad/ ;

(2) Zhang % A\ 32 ! i) KCI-test (Kernel-based
Conditional Independence Test)[® . http://people.
tuebingen. mpg. de/kzhang/KCl-test. zip;

(3) Shimizu 2 A 4 H i 22 4 A & i 0 26 462 7
(LINGAM) J H - @17, https. //sites. google.
com/site/sshimizu06/lingam

(4) Hyvarinen 28 A\ 42 H #9001 57 58043 81 (Inde-
pendent Component Analysis, ICA) A 3 & 3%
FastICA™ . http.//research.ics. aalto.fi/ica/fastica/ ;

(5) Hoyer & A4 i 193 I 7 JF 4 M1 00 19 fin
e Mg A2 R ( ANMD P L hittp: //webdav. tuebingen.
mpg. de/causality/additive-noise. tar. gz;

(6) Rasmussen 28 A 3% W 119 5 T 5 827 [0 05 oo 72
(Gaussian Processes) i) GPML (Gaussian Processes
for Machine Learning) T. B4 . http://mloss. org/
revision/download/558/ ;

(7) Zhang Ml Hyvarinen % A2 i /9 J5 3F &t
(PNL) P 5 455 #1E5250 http.//webdav. tuebingen.
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mpg. de/causality/CauseOrEffect_NICA. rar;

(8) Daniusis 25 A2 H 1015 B - JLART RIS 4k I A
B AGCDY ; Janzing 4§ A 4 5 19 A% : http://
webdav. tuebingen. mpg. de/causality/igci. tar. gz;

(9) Mooij &5 A $i& H Y 32 50 PR 05 i) A8 46 AR
BT (GPI-MML)Y!  http.//webdav. tuebingen.
mpg. de/causality/nips2010-gpi-code. tar. gz;

(10) i Colombo % N\ JF % 1y m] FH F b 28
KA FCI A M RFCI & 2% R 4 pealg 177,
http://CRAN. R-project. org/package=pcalg;

(A1) FH K & &+ 0 (Center for Causal
Discovery) JF & B8 A1 T H, Hop £l T IR 2 5
P A T ] DL EEE A APL http: //www.
ced. pitt. edu/data-science/software/.

DL B RUR G 2k BT 2 i B E R L B 55 Oy 2
H TR TSR AL T AR R S Bl TR 4 B ] W] LA
FIRTHE N 3 2655 1 282 RGN 5 2 K24y
FEFR LA 3 AR TR I A LS %
2% 3.

%3 TERRXRAUKMANTAESR
! R LD
Tetrad IV T. H
PR R KB O
pealg f387]
LINGAM J& H 47" 26400
PNL25-26]
ANM7]
IGCI28-29]
GPI-MML#5]

b
So

ARG

R B Y

KCI-testh83]
FastICAL$%]
GPML T H 4l

By T H 2

3.5 HAINA

AR R B TR B U A B ) R G R R EL
(R ARRZY AL /| TR 200 e N 2N s e N A W R
2 3 S5 I AT TN 22K, I AR R S R e
R AR — S A R I P R

AP B d SR R R EE e R X R
R IR N R 2 1 I AR 2R R A B A X
B o 2 > J5 PR 22 () 7 3 B L e S g i g R 2R 3 T
PR K RI2 W ) 5 S 3k 28 m) At i) i R O i 2 K
O FAE R R £ 0 H Aw. 76 B R AR AR e #5207 10
Koller 8 NFEX 5 M 7 K& QI TAEGE T
R ] & 8 (Markov blanket) J& 4 ) ¢ 1 4§ 1iF
E EAEYERERR LR LI L RN SR
e D R AR T 4. 5 R — 2y B ik AR
R [ B8 X R 7 3k 9 4T JF 8. Tsamardinos 4§

AP T MMPC 553 & B0 R 3550 45 74 v i 2 JR ]
REE o Ho v (i i A0 5517 a5 Cai 58 NP —
ol BT B UL A 307 24 B R 1 ——BASSUM Bk L 2 1
TR AT R B A AT . Lin 1 Cai B W 42
H T CASTLE(Causality Analysis model based on
STructure LEarning) 7, NG EZ ALY J7
2R A5 S EAEE 5 R 259 A B RO 1) 43+ &
R TS DR 2 BN (1 45 4 24 2] 1) 8T, Wang S
P& B RS 5 DU iy I 4% 25 /) 2% 2] M 45 6 1
IE I T 56 T T 9 s 1) o 2 2 i 5T v A At A
Wy 2 (0] R L AN 2D GR35t ) TR 2R O R IR
T — M AR, W Cooper %5 AV ] ALARM
I 28 A Ry 40 e 1) DR TR o T AR = SRR I [ A A T
FEWF I, Zhou 88 N 7 2 1) 90 2% # W7 )y 1T 1) SR
Dong % \"* #9589 12 Wi S0 53k » Zhao % A
TE 25 8801 43 B 1)@ L (9 i 9% 5.

TE S8 U5 27 08, bl T DR 2R ) 2% A A J2 O Aff o Pk
e B )b BB T H 22— ok B BB AR 4 A1 3
(R 2 P L BEAILIE T 40 45t A SRR A SR M O B
1% FH 210 72 00 PR S R VE T XGRS T L XGRS 43
B XUBS 45 B ), Chen 28 AP BRI T —Fh 45 4 45
Fg 2 > F 5 1] 2 2 1R B 19 MceDSL 383, % B i
W38 5 13 451 Jy 5 4 Bl 54k oo B » & BB SR W 2 1
ZE R TETR T BOR E HE AT B B g
HAb 7 kA 5% Hu % AY S — Rk b &5 4
SR AR 38 3 1 o v Mg 7S RS A ik e v AR B A iR £
X — 1 PR SR G R k30 () R, A 0 42 B S R AL
PERE R AR R Z M B O R, O T i BRIk
TSR0 28 SR 0 DB T 4 A e TR A G R M Y AR AL
Zhang % NV7 25 4 P 56 R BG4 Y TR AR R AE ik
$&£(Causal Feature Selection, CFS) & 3k, % ¥ 1 &%
e FRAE 4.

Bt Z 4, Fire 88 NV 78 25 4 J P A5% 70 2 3L il
b Bl AR AL e HE BT N AT Sy R0 AR A A
W 22 6] e R SR 56 220 07 . Hours %8 AN F1) T R SR
PR U 5 I 28 P 130 %) 1 3 Ao 1)k B T IR OR
W7 T LA T R A X 4% T A R R B E SR S A0 T
TR R B — i A R, Hu 58 N9 T —
B 3L 2R 2 58 DL 3 B 4% (Bayesian Network
with Causality Constraints, BNCC) 2 ¥, 5 %% k& ¥
TRRAE I AR ) R R

B XoF 52 B 37 S5 v g BRI D0, R D 2R 3 AT AT
X b X PR SR o SO Y R AT T e 0 EL B G b e
PeSZ PRI . Hao 28 AV T/ L bR 3 = T Y
JC 2k W 45 11 RE 4 b 2 AR, EL AR AR 2 TA)AH OC 1
SR ) XE AL L 229K 4 B R A 2 TE) Y O &R RN A I



1484 it "

Bl

e 2017 4

L
&

e BUR T-45 #5 , A 8 8 [R] 5 4 Wy (Canonical Causal
Inference, CCD) 58 1 % Jit 48 A5 47 1 A1 2R #fk: Wy
R T — S 5 SR TG 2 W 45 46 b 1] A AR G &R
I AE B PR O R 56 35 1R 5 T8 7 = 56 08 B s o
B AT 3 T . Kummerfeld 28 AP 2 4 7 FOFC
(FindOneFactorClusters) & %, % 1-IH 1 &
BERY, Xof HA Pk i 2 SR AR AT PR RS IR T
PRl 48 b A2 18 2 o 2 T X 48 A A8 8 22 (8] ) PSR G
FRAEATHEWT L 3K 5 X KA bR AL = A A AR TR
ANFEAS thAls B — 1 AT R AR RN AR
25 iR R TR PR R OC R R BLAE TE FROR VA B
i £ 55 % i S {10 HCHI S A 00 L SR R G R R
FEAERR IR, Borboudakis 48 ANMW gk M ] AT T £
FiG 00 T 195007 - 45 6 S AF R 7 1 B2 — b
FHF R AR Y R SR LB FTIO Bk, ik
BT R ) B M R O L R N TR R
A ZE B B R AL U R R OC R R LY
Kusner 58 ANV 748 45 & 2 0 RAR B A ANM
PRUR G R R AR, A% O 2 AE ANM 85 7Y HE 22 (1)
FEAth b A B R S T CRD 2= 4y R R P R D
PSR U L Z X s AR R B R R A
JE B 2AZH 53 A I A R W P TS A 23 5 e PR 2R
KRR EER.

AR X B AR BT R T A I 0L S R Ay PR AR
KFRRIAE PR 50T HAT 8 20 H & ORI .
FRRRTERF B 5t R X BUA (1 [N SR oR B08E  30k 4 7
PCHE S T T A 3 TR 4R L BB A B A5 R AT
A5 SR AH R SE B I D0 Hh A7 78 B8 o 2 7™ L 5o
R T A3 B R e ) A5 E A L A8 T IR RE Y O 1
A G HA R RCR , HARE G B b .

4 KREMERAME

MH ISR T AR I R Y I
I FR R BLT5 0 B 7 A T AR BE 3l A% 1 A
HRAT o 1 SR A7 AR A DR G AR T 1) FHE T » e ZE %
B _E A R R B AR A R 58 A WL b Y B
Rk 3 A MERR. 45 5 24 il i BIF 7 XE SRR 5E BEAR
FRATTIN g 2 o T Ak I PP WL B30 1 PR SR O &R e B
BT 5E 77 [ Al BE 2= DA LR JLAS T T -

(1) PR2R 56 A8 07 1 FE W7 DR 235G 28 T 1) 9 Wi 19
R 7E T A BRI BE i DR SRS Sk [R] 18 A X B S 5 T
WLERE A RER K BERE J7 . AE BAARNS B0 - anfaf £
Xt B A L B R B A B A BRRE T SR — 2
IFa] LA 50 i T & 3T 88 DR 2R 5 AR A 0 A ) IR
RO FRTT 1 B 7 1 B 28 1R A UG BIF 5T B R

W T LINGAM,PNL, ANM % & £ )7 . (H 2,
AR T X B 7 A AL LA A R R B
R ) N 5 S AT AT BEAE AR B A R . R 0t fe
P& DR SR A W7 7 325 9 AT R M RN S AT SR R R Y
IR

(2) e g %k R FE W] BA IR X R
R IATY JRy BR /0N ] 481 5% B 22 4 HR 1 338 [n) A8, AH G
A B S R A 2% B RN s () 02 2% B 4 R X R R AR A
18 PR SR 56 2R & 0] A 3 B2 R Y 40 0 1 7 9 5 o R )
Rl Sl /N In) R JE B ) G I A B O TR B e 23
A R R B R A ) L. AT X 3k A ) R A 2 S T LA
LA BA 5 TH 7% 1 - — J7 T AT DL R g S 5 A
AR R 36 (GE T I ) S5 3 i i 28 5 & L 8
T VAL AR S L IR R B S — T Z AT A
FEWE I K FRATTRT LU 3 Se 2 ) Ry ER 45 4 . PR A AR
G JRy BE AR i« DAHR R B 5 A R AR DG R
I R 3 O R 5 28 T A5 3 S T AT A A R O R A5
T8 50 R KB 147 2 AR X 8809k 2k A7 el i A AR 1k
W2 3 A —Fp AT A7 Y S

(3) P /s Bk . B A it E UL S B TR A
- 35 A £y A Bl o LA O TE TR BB S R R R 4G
P 4y R . DRI AT A A Al 4k ) T L
A N E TFHEEAEX . TR ENMER L.
PRRBRAZ AT 77 7. %07 I M IF 9 © & 76 45 2
BRI U 136 43 R (R i) 5 sl 2
WA e RS R B A A R B
HELURA. (W) i B A R B B ARy Bk R R
B K 42 T A b 220 T AR 2T S5 A 5 L DL
1 O TIE P AR O R & B A R R TR 2R O R RGIE S M
DXL % 2] 1) B AR 15 25 480 B Sk 3 T F 54 R B 1)
M.

(DO 3L, HArH FRuEE R X R ZHHE
BRI A TR R R D X E &N KK A
TA T PR ] R SR G R S0 A i ) — N . AR O
HAETFRZS 5 TR G M B R ALH & A A3,
PRI o] PR 2% 19 5 96 R 36 TF B8 12 B 2 AR A5 TR SR
K Z L DA B ey AR B0 S DR R AL B A R e
IR bR PR A ST B X B AT I AR I, R AT AT
DA S5 T8 g H: il 450 350 B A 1 BF 5T 2 > L B2
Th N2 AT R 22 B B0 AIE 7 3 IR SRS 56 45 50
UE 7 B g8 100 A A R o B 4 O T 4 3l R G
FAE N E AR B i R L T R B2 E N Y R
() JEHE B S BN AT B T & R AR B % X
— DAL G 2 I P 40 ) 8 ) 22 5[] B T L i
5 s 25 e B — 26 8 1) 8, N Ay il AR 4 451 58 2 4L, DA
P A4 T 2K 3 — b 6 I 35 o L P 3K 28 S 3] 25 43 A
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Kk,

(5) LBl 2 > 55 GUBT TS AN & 5. TEHLA% 2
2GR L el JUAR A B 5 B K BRI A 2 ) b R B
FA T RAE S R KRR KRB p o) A
pCo; Lo B0 ST PE A B IR R BAOR UL BF R
RBUINRAEAE 0 225 o, B9 I HL B R N T
FEAE AR 221 Wi B 27 > v 19 JCAR I8 s AN BE 2 T+
RIMERRTE. I3 — > BT R BB S 27 2 4T
5 U A & 1Y 2% 2). Zhang 4 AUOOT R T
0 5 — AR B T A SR AL A R 220 1 A (] 58K 8] A A
SVURATIE A2 (Y SR B 3 I AR 5 . X 2 iU 5 R
WY DR OC AR IR 4t 1 RO L LI K dis 7 s i
FAE B S L = ~J v A Sk [8] B B AH 52 00 5% & T
AL T — AR T 05w R S LA o) A U R F
SR Bl L R R AR AR R PR OG R T F S B — A

T SCHY S A 1

(6) KRB P58 F SEPr 7 5 19 0 . H R A A
R A KB IE T A BT BRI B B SE B
R AU 9] 585 A T EL DR SR AL ) 6 9 DR R
WERHFTEH AT K — & B BH Ty . B8 KB LAY
FIR - Z2 URE T A 2 4 I A e 1) 221 i o
A A I S WF S B A4 B T 2 RO TP 2
P HOME R Rk SRR AT R S R K B
R SN 9 77 1 Tk fifk phe 14 1) AL 3 G 4 Bl A 5% 40
SR SR PRLIR O AR D BRBIE 5 A8 R PR R B 52
P ) RELAE 5 AT L LR O i At — 2 9 S Ee
PUREPOSENE RSB S IR PO 4 €/ AN 1)
A5 14T » a0 e DA B v v A B AE 1 1 I
RKREE. HATX I T AL ILA BT 4L KT
%[4&47'48]'

A S0 WS B8 1) 1 BE A THE T 2R T AR
Je WL H0HE 1 DR R G 2 2 B ) el Y S Y A 55, L4
For B T 24 AR T AR I UL B R R O &R R B
AT S BUIR L I B 3 1 R ¢ &R Ok BT vk A AR W R
I7 VR RS U Y SR TR LR E T 2E 1Y
Senb b FATIE A T AE % W 5T TR R T RE 1) F 5
7 1)« B 2 TR BF 5 4 23 TG D R O AR T 1) e
T e 2 R Y R R B AR A ) A S8 4 L R HiE
R S ARG I A5 T TR T AR JRE B RO i AT
B 5 oAb~ B A RS2 PR 5 55 A A 5 B T AR
WS 1 DR 2R SG R BT i i (S I 2
Y 8 P9 JRE 7S R B DR800 s A Y 10K 2% sk )

WFFE 2 BT 222 P 531 5 A O 7 B F 5
S B I

& % x #t
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Background

Causal discovery on the non-temporal series observational
data plays a crucial role on a variety of scientific domains,
and it generalizes the prediction tasks commonly studied by
machine learning. With numerous opportunities for scientific
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has attracted many attentions from Artificial Intelligence.
Unlike the mainstream statistical learning approaches, causality
learning tries to understand the data generation procedure,
rather than characterizing the joint distribution of the observed

variables only. There remain open and hot research topics on
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causal discovery regarding how to improve the discoverability
and reduce the false discovery rate on the high dimensional
incomplete observational data, which are generally applicable
on disease-causal gene discovery, adverse drug reaction mining
and other real world applications.

In this work, we summarize the existing literatures of
causal discovery methods on these challenges from four
aspects which include causal models and assumptions, the
constraint based approaches, the casual function based
approaches and the hybrid approaches. Based on the survey
of the existing literatures, we also point out some possible
future research directions.
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