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1.Constraint-based
HHIN-AORERIERFECHNT, KM (Conditional Independence, CI) DBREHLHABRTHS,

BRAT-YOERSIHHEBREAZERREIITICEE (faithful) THZHE. FHAEHIIEORE LSS TRERRTIV N EETT
$32ENTES (Marx & Vreeken, 2019) ,

LI T BIIR-ZOFE TR EHEORAFEMIMERTEL, TYI OB BEHDT 3,

2.Score-based

AZIPR-AOERZFEET NIV ALG, 2TORIEELERIEERIST (DAG) DZEMERRL. T-9eRES<GHHTEIITER
DI3ILEEET D,

— YIS, AAPR-AFEE DO EEHEREREFE D, (i) RFJI7 G OIFRFIREERITIRREEE AN HOIRFTE
BE. (i) (R R RIS 270D AT TH B, WREEAITEBOEAENECLLT, 2 TOREERDAGEE TH
BRERET 3, RERNBADTBEEIINA XIER SR ETHY. bIZ5. BDeu, BGe, MDLAEEA—ARIHAITEI#E L TH A
na,

3.FCM-based

B#HHIERET)L (Functional Causal Model, FCM) [CEI<KF %G, ZHMOERBHRESFEOBEBE R THIRT 3,
FCMTl. SEZHEZOHROBEBEE IR /A XABOFELTERT,

TR PEBISACEMDREERET LT FCMA-ADFEBRCFRIESAICET 2 R4 2DAGEHATHIENTES,

X=f(PAy) +E

4.Gradient-based

https://loop.cloud.microsoft/print/eyJwljp7InUiOiJodHRwczovL2Z1aml0c3Uuc2hhcmVwb2ludC5jb20vOmZsOi9yL 2NvbnRIbnRzdGOy YWdILONT... 1/10



2025/11/18 16:03 kAT
HETRE{LTHRDN TV EF BRELERNAMEALERL. R/ ZRENBERSIUEREERIST (DAG)
ORBEVEFEZEFI AL, DEEN-AD&REFEZAVTEL,

s R I E REFR

BE

KRN T-FEF —EHREICOI > URESNBAMEOE A THS,

INETISEERLLFER MIZASH (1.D) FEEFRECEFLRVNT-INSOERRRICFLIEEDTHS,
LAL. BEEROLLOHEF TR, T-FELELIEERS (3ELLD.) OFETHELNS,

IOESBT-FIL TR, FEMEHIMIRE (Cltesting)  BEARAETI/BHRHRARETI (SEMFCM) | ILYY
v—ER (Granger,1969) | B&UVTA-TZ1-I)NRYMI-ILGLICE NS KRERARERF ENFET 5,

BRRIUT -5

FBRINT-5EE, —EDREER CIEINE—EDEAEDE S THS.

B tIch T RRERTIZH X j OBLAMEL XAt & RENB,

FRFIT-FOFIE LT, /INFEFE L&, Bl RIET-Y. BHEOOBE. MEBE R JURAEBELENZETEN,
—MRIC. BERFIT I [EROLSIBRERE D,

i. (UYF (Trend) : T-9NREINICERXLQE TR ZMERERIIHE. FLYMEET LN, ZOEIBELELTLER
FeRid. LEERNS TREmICEDSILEHD,

ii. =8 (Seasonality) @ FRINT-YORAMRIGFEEIET, 790 A B - - AR LOREANVICETVWTRRA
WICEBT 256, EHUENFET D,

BIZIERRT-I TR BECHLELEMERN—RAITHB, RIS TR, COLBEHEEERALTEIVBRELRET N EBE
9%

ii. BCtER (Autocorrelation) : BZHEE (FHEECHELD (L HIERIEZOELEREDEOEMEEZRT,
BRIT-YLEE B RN THY, BENRESLURKCHELEZ S,

iv. EEMELIEEREM (Stationarity & Non-stationarity) : E&E L (L. HERBREOESSHNERFTBREICLHOTELL
B\ EEIRT,

ELRF RN ERBIR Xi-X] 2555, ERORKZ t LBWTINDBRILT BH5E IATO t'#t [LBVWTERILT 3154E. 20K R
JBEETHB,

— 7. FEEBRRINTRIOFMENRYILLY, HBRFRTO Xi-Xj MEDOK = CIIRILLEWRTEEMEN' S S,

HAI5I054E

SELBERIIE RS F7, Full-time Causal Graph
TEBRIIRRISIE, BRRRIVIBSICEERRIVIOMAZERL, RRBOEENYST LICEARENG,

BRI, EVI-IVEL (CM) EHETRENZILNHD,
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EHFEE ST, Summary Causal Graph
EWREIFTIE ZHEORRBEROAHERL. BENKRTELIAREICERIRN,

PIVIURL

Full-time Causal Graph
1. PCMCI / PCMCl+
ERHER | KMAFSHMIIMRE (MC) (ICEIEIRIN-Z (Constraint-based) DFHRIIERERF %,
R : BRITT-YICEEARRET, B - R ROM A TR S JURBRRBERERE TES,
2R : —HORRARPERTES . RERRBEROBICERANDZ,
2. VarLiNGAM
ERIER . BEAERTETI SEM) (BEHHRERRETIV (FCM) ICEIGEAVRIER SVAR £ )b,
AT HRSSUNBERNRZEBCHEECE. AREEOE LI FIHE,
AR AR IEHIAT =S COHBRARTEE T, BIEIEERZ R,
3. DYNOTERS
ERAIESE | NOTEARS [CHRI 2@ GRBEIEDAITAN-AFE (Mo ATeeLIEKEHIHIEER)
BT . BRTERINT-FICEAT-III T, HEBLUVBKIY I ZRIFFICFE A6,
SR TYY-BYTUVT (ROAERE) (C5B<. ERET-YICERmE,
4. NAVAR
ERNER . JLYyYv-EE (Granger causality) [CEIEEEET I,
RAT 1 EENARS T, FFREOHERBREEE AR,
8T © NNAMEDN, PYF-80 U0 (&OBIRERR) ([C55<. ARRRIENTEL\,

Summary Causal Graph
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1. oCSE

B

E

XEE

R BEBODBVWYYIIVETERELTRARESZHE TS,

1B JSONEBSE, SERHNFERCRGS,

2. NBCB

FER . RERRIYMIE-RIE (Optimal Causation Entropy) (CEIIERERNTTO-F,

HIGRIESE | HIN-RE )M AR-AEHAEDEEN\1IUYrEE (RBEIVME-FIE) .

R VVIJEEE (MEC) ICHIFIENT, SYFRREBEHTENATHE,

8RR . BB eRRIIEREYST (Full-time Causal Graph) ZHETE TSR,

3. PCTMI

EMRAVER | SO CEIHIRN-ZFIET, PCEERFELLBZITARMFIEEAEDELED,

KA TIWVIVZALOEEMENMEL SENICAREELEENS,

4. GrangerPW

ERIER ¢ JLYIv-ERICEIEENERIN DT F L,

R 1 ERARS T, HREBROGEZEENICRE TES,

= Method
PCMCI
]
PCMCI+
2
LPCMCI
3
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Outcome
Graph

Full-time
graph with
lagged edges

Full-time
graph with
lagged and
contemporane

ous edges

Time-series
Directed
Maximal
Ancestral
Graphs
(DMAGs)

Assumption

S

Data
stationarity,
causal

sufficiency

Causal

sufficiency

Causal
faithfulness,
absence of

selection bias

Technique
Used

Constraint-
based,
momentary Cl
(MCI) test

Constraint-
based, MCI

test

Constraint-
based

= Advantages

Handles high-
dimensional;
applicable on
linear/nonlinea
rcontinuous/di

screte data

Detects both
contemporane
ous and
lagged causal

links

Handles large-
scale time-
series data,
latent
confounders,
and
discrete/contin
uous data;
incorporates
prior

knowledge

Disadvantag

es

Contemporane
ous edges not
identified;
some causal
links remain

unoriented

Some causal
links remain

unoriented

May lead to
wrong
conclusions if
faithfulness is
violated; can't
distinguish all
members of
MEC
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VarLiNGAM
4

DyNOTEARS
5

NTS-NOTEARS
6

NAVAR
7

TCDF
8

tsFCI
9

CD-NOD
10
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Full-time
causal DAG
(with causal

strengths)

Full-time

causal graph

Full-time

causal graph

Full-time
causal graph
(lagged edges
only)

Full-time

causal graph

Partial

ancestral

graph

Summary or
full-time
graph
incorporating
changing

modules

Linear DGP,
no
unobserved
confounders,
non-Gaussian
noise with
non-zero

variances

Acyclicity,
fixed and
identical
network
structure

through time

No latent
confounders;
fixed and
stationary DGP

Additive

structure

Temporal
precedence
(cause
precedes
effect)

Causal
Markov
condition,

faithfulness

Pseudo causal
sufficiency,
faithfulness,
no selection

bias

XEREE

FCM/SEM-
based

Score-based

approach

Gradient-
based, uses 1-
D CNNs

Granger-
causality-
based

Attention-

based CNNs

Constraint-
based, FCI
adaptation for
time series

data

Constraint-
based

Detects both
lagged and
instantaneous
temporal

edges

Scalable to
high-
dimensional
datasets;
produces both
lagged and
instantaneous

edges

Incorporates
prior

knowledge

Easy to
implement;
can detect
nonlinear

relations

Easy to
implement;
can detect
hidden

confounders

Handles
hidden

confounders

Detects
changing

modules

Hidden

confounders
not handled;
inapplicable
to nonlinear

data

Undersamplin
g not handled
well;
inapplicable
to nonlinear
data

Inapplicable
when latent
confounders

exist

Produced
score-matrix
analyzable
only via
CausaMe

platform

Performs
poorly on
short time
series; does
not ensure

acyclicity

Non-
stationarity
property is
not handled

Some causal
directions
may not be
identifiable if
identifiability
conditions not

satisfied
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TiMINo
"

oCSE
12

NBCB
13

PCTMI
14

Causal

summary time

graph

Summary

causal graph

Summary

causal graph

Summary

causal graph

AHEEIRC AR

1.SHD (Structural Hamming Distance)
EEINEIIIEEORRITICEHRS 210 ERIOEBM- Bk K5 | OREERI IBIZTHS,

Independent
noise,

identifiability

Faithfulness,

acyclicity

Adjacency

faithfulness

Causal
Markov
condition and

faithfulness

XEREE

FCM/SEM-
based

Optimal
Causation
Entropy

principle

Hybrid
(constraint
and noise-
based),
causation

entropy

Constraint-
based;
skeleton via
PC; ER
principle for

lagged edges

ENNSWEEHEETITNEDEELEL, SHD=0TREEL—HKEEK%KT 3,

Applicable to
multivariate,
linear,
nonlinear, and
instantaneous

cases

Requires
relatively few

samples

Not restricted
to MEC

Lower

complexity

Rigid model
assumptions;
sometimes
remains

undecided

Very long
runtime for

dense graphs

Does not
estimate a full-

time causal

graph

Does not
estimate a full-

time causal

graph

2.SID (Structural Intervention Distance)

HERZROBRN52DDDACDITSZ R BFFIRT, RN AD T DHEEEL L GHET 2,

ERIITROEYPN AN REECEZD

DAREISERRT B,

3.FDR (False Discovery Rate)
FEEINTCRRBEROIL, RIZFH (BEHE) 0FEERTEETHS,

BMEWVEE, RHOBIVY GRYOREREMR) HNIBNILERKT S,
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4.TPR (True Positive Rate)

EQRRBRODI5, ELRHENEIEERT,

ENEWNEE BT E<OELVARIYIZRDIoNTWSILERT,

5.FPR (False Positive Rate)
FEURVERBE®RZLE->UH2 I LHELEREERT,

EMEVEE, BORRBEREERLIKWEEELGETINTHEILERKT B,

6.F1 217 (F1Score)
FEEE (Precision) ¢BIRE (Recall) OFMFHT, MEDNTYAZFMI BIBIZETHD,

FCT -9 REERIBECEH T ALV EEREN RN EETRT,

Datasets
Bi=T

SACHS : d=11, e=17, n=853

fii A
LUCAS: d=12, e=12, n=10000

ASIA: d=8, e=8, n=10000

Attention
Disorder

https://loop.cloud.microsoft/print/eyJwljp7InUiOiJodHRwczovL2Z1aml0c3Uuc2hhcmVwb2ludC5jb20vOmZsOi9yL 2NvbnRIbnRzdGOy YWdILONT... 7110



2025/11/18 16:03 NERRE
CHILD: d=20, e=25

BirthAsphyxia

HEPAR2: d=70, e=123

EMNE B EHEEEE

UE
CauseMe - Earth Sciences data

N=10~12, T=1000~5000
8/10
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DREAMS3

DREAMS3 challenge datasets: DREAM3 (Prill et al. (2010)) is a simulated gene expression dataset often used for
evaluating time-series causal discovery algorithms. It has five different datasets of E. coli and yeast gene networks
(Ecoli1, Ecoli2, Yeast], Yeast2, and Yeast3), each consisting of a maximum of 100 variables. Bussmann et al. (2021) used
this dataset to evaluate their approach. Every dataset has 46 time series and every time series consists of only 21

timesteps.

https://github.com/bartbussmann/NAVAR.
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Real Yahoo Services Network Traffic Dataset

This is a univariate time-series dataset containing the traffic to Yahoo services. The anomalies are labeled by humans.

This dataset consists of 67 different timeseries each containing about 1400 timestamps.

RERER
ASTA CHILD ALARM HEPAR?2
Methods SHD | TPR | FDR | SHD | TPR | FDR | SHD | TPR | FDR | SHD | TPR | FDR
PC 5 0.6 0.3 43 0.24 | 0.86 55 0.67 0.6 172 0.35 | 0.75
GES 4 0.63 | 0.38 34 0.38 | 0.89 56 0.74 | 0.61 70 0.5 0.23
LiINGAM T 0.25 0.6 23 0.28 | 0.63 43 0.43 | 0.55 111 0.1 0.32
Direct-LINGAM 4 0.5 0 28 0.12 | 0.82 40 0.39 0.5 110 0.1 0.07
NOTEARS 12 0.13 | 0.83 22 0.16 | 0.64 41 0.17 | 0.38 123 - -
DAG-GNN 7 0.25 0.5 24 0.24 0.7 39 | 0.196 | 0.31 | 123 0 1
GraN-DAG 7 0.13 0 24 0.04 0 44 0.044 | 0.75 122 | 0.008 0
GOLEM 11 0.25 | 0.75 49 0.2 0.88 60 0.26 | 0.71 157 | 0.05 | 0.89
MCSL 19 0.5 0.82 140 | 0.56 | 0.91 464 0.72 | 093 | 1743 | 0.45 | 0.97
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Syn-6 data fMRI data
Methods SHD | TPR | FDR | SHD | TPR | FDR
PCMCI 14 0.63 | 0.69 61 0.52 0.82
PCMCI+ 11 0.50 | 0.63 26 0.43 0.61
VarLiNGAM 15 0.50 | 0.73 30 0.48 0.66
DyNOTEARS 28 0.83 | 0.83 95 0.81 | 0.84
TCDF 10 0 1 27 0.38 0.64
2 ©
D @
D ® P b
\_\‘_‘—-——//
True Causal Graph

| =1 o =
®@ ©® €

GFCI

https://www.bnlearn.com/bnrepository/discrete-small.html#asia.

https://www.causality.inf.ethz.ch/data/LUCAS.html.

https://github.com/M-Nauta/TCDF/tree/master/data/fMRI.

& 3R

) A Survey on Causal Discovery Methods for I.I.D. and Time S...

The ability to understand causality from data is one of the major milestones of

human-level intelligence. Causal Discovery (CD) algorithms can identify the...

https://arxiv.org/abs/2303.15027

@ https://proceedings.mlir.press/v213/howard23a/howard23a.pdf

https://proceedings.mlr.press/v213/howard23a/howard23a.pdf
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