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Abstract

Identifying and quantifying causal relationships from observed time series data is a core scientific
problem for understanding complex dynamical systems. However, real-world observational data are
often characterized by high dimensionality, nonlinearity, and limited sample sizes, which make tradi-
tional data-driven methods vulnerable to interference from redundant features and hinder the acqui-
sition of reliable causal inference results. To address this issue, this paper proposes a two-stage causal
inference method that integrates an Automatic Global Redundancy Minimization-based feature selec-
tion framework (AGRM) with Momentary Conditional Independence (MCI) testing. In the first stage,
Information Gain (IG) is first used to calculate feature scores among variables, and AGRM is then in-
troduced to remove irrelevant and redundant variables from the original time series from a global per-
spective, thereby accurately extracting the most relevant feature set for the target variable. In the sec-
ond stage, MCI testing is performed to infer causal relationships among variables, thus characterizing
the causal network structure of the time series. Finally, experiments are conducted on a synthetic da-
taset, where the true positive rate, false positive rate and computational time are adopted as perfor-
mance evaluation metrics. The results show that the proposed method can effectively characterize
causal relationships among variables, providing an effective approach for time series causal inference
that balances redundancy suppression and causal testing capability.
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fift RGN AL Z B RVE RINLE, X T8 S AT R ARRE DG BRI SO T TN 5 v Sk e ) B B
B ARG E, WX B RGN VORI S20 . T st e B s AR BB AL 5], (HIX KTy
Pt A T AWK, I BAEBE[6]. #hERLE[ TR S A T[S EAIIE 21 PR 5 LS 46 1R
file TR, BEAEMMEAR . B 8B AR LA BEBIL R I RS R R, A S [R5 51 508
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JEAEIX — 15 5T, PR SRR 7 1 W 32 B )02 VR [11] [12]« M T R B8 201 Ge 1 AH S 1tk 1A% G 20 0 5 1%,
DR SR HE 7 5 70 DU 5w (X 7 LS Bk BN [ A% 346 DA B 3 [ BR B e RO AH DG [ 11], AT R 2 R GeAlL
PR RE AR S OC R HE TR AL T T SRR 10]

MR FT[13], DA B )75 4 DR SR T 53 B HE AR R R ARZR MRS R ik SR DR R
FRUHE S DA R FHE T 25 A4 ST P A 56 1D TR SR 48 2 ) B . K RE R R 8B 11 RGEAE R DU e, S Pk
R R A S R [14], T AT ARG 36 1 DR SR X 4% 2% 31 03 i T 16 O A DG 5 B R0 IR SR O R 48
W7 7 THT EL A AR 15, DRI S8 7 s R B 8] 7 51 D] SR O R 4 7 1) J B0 5 7 i [16]. L, Runge 6 A$2H
(1) PCMCI B3k O o e A DG HARG AL (7] /5 41 ARG VR R SR T 73R 17]. %0738 Jaidnd 1
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P 5 [E R SC AR ) PCMCTT [18]RL A I 7] 2 Hidls &£ 1 J-PCMCTT [19]. & W] PCMCI BN
BT RIFFFEAE B A3 )1 R AU B R [20]-[22]
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WFE[24]. CAEPIFERM, FEAFA NI PC REVFAFEIT (M, DM BRId F2 b = A i Ge T A 6 R 25 2
HE— 2B R J5 SR AR 5 4y B AR R IE , M5 Ml e ¢ DR R HE T 45 SR [25] [26]; [FIR, 7E 58 HAH R =R,
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ITEANEE TSR [36]. BT 3T B AIIIEA DA BLZI 2 PEA R OC R, IR — EREE 1
SR ARRAE RIS, VR 2RI F 7R3 TR BN [37]. Horp, 5 B2 (G) AR 26tk H W
T3 . BT ARICTE B Jo i BEARATRIE T Ja 2 B T H AR AR B A JFURRHIEAS 70, PRI 1G #ak A
SCHRHIE R 715, FAEATS iRl 24t A .

BEAh, ASCHR I AGRM HEZLJE Tl 20 AR AR A i R, DRl A T35 1 A8 R ARAIE AL AR
RS 1) S 2 S T Rk B H SR E(ALM)VE K /i AGRM HEZE.

2.1. EEHEE
IG 2 — M iz T R WA ik, HEMfEe. 5 THME, & 0w R EE sy
R —[38]e I R AR A R ORI, i AR B AT V4. PR AW
Jo(X;Y)=H(X)-H(X|Y) (1)
Horb, H ()RR ERN, TR B RAEEERORA. H(X) R H(X|Y) 45758 X s SRR
B XETAR Y FARE39].
H(X)=-3 _p(x)log(p(x)) @)
H(X|Y)==3  p(r)2, . p(x15)l0g(p(x 1)) 3)
2.2. Hr-Rikg R HRECE

ALM 52 KRR LR ) — R E I T5 75, 58l ks ) HSRBE AL, ALM 7 H AR R 8o it
PN UG, AU RE AN RENS R i B 3R 20 B 29 R 2% A, [ IR 34 e 36 3o 48 47
SRR AR L AP B T AR BB AR E PRSI 77 T B A B AR B, ALM B2 R TR
B AR AL FNRFAE I B ST 25 71 [40] [41]. ALM FH TR M40 Ho Ak 1) 8 -

min f(X) s.t. Tr(p(X))=0 @)

Hor, f(X)RERRE, X RFEFRMKARR, Tr() RBEH, o X)RRAREE. ARG H
1% B H R EON -

L(X,A,y)=f(X)+Tr(AT¢(X))+§||¢(X)||; (5)

R, ARHMEIART, xR KIES S, || Frobenius AN T . ARSI —HHEH:
2

E(X,A,,u)zf(X)+§H¢)(X)+% (6)

SCHR[42]-[4410F 8 FHEH T ALM st . % F ALM 3R AGRM HEZE [ 58 VEGHE S v] LLEE S
HR[34]HH 4k F .
3. fiRFG=E
3.1. ARMEHELR

N T EARATER AR, [ 1 AT AR R, R R T R B R T IE R I R 1] 1(a) 2 FullCl
(1715 RE R X F—A N4ERZ ui 751, FullCl AR A7) X7 X7 2 [ R R R
FullCl: X' LX/|X \X_, (7
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Figure 1. Schematic diagram of FullCI and the two-stage causal inference method

& 1. FullCl 5 B B R R 75 AR R B E

A SCR 7 AN BLALR, B SHEAT P 1 () R AR AE SRR B, A BT LIEAL 3 T
S IR R TR T A RIS MR IR S A 7R ST — N BUR, AT B AR BT AT %0 ¢ B2
BRI AE A TF L() IR, BRI HA BIFR X)X BN SRS AR AL A RGP b e A 1
S FORPOGE NI A IRFE, T SRR 2 AR AE R G R 0. [ 1(0) 2 MCT BRI B, T
RHEE R B A5 5, MCT R M4 5 PSRN R R B RO AR M . TR X7 > X7, AAR
A X RS SE S P(X) ) DA ARSI, (2 MCI B8 TR R X B B4
& (X7 ) AR EASC R, IRy 2 B W 7R I A 7 TR R [17).

3.2. ERNFR/IMEZMBFFAEEFHELR

AGRM HEZE B S5l i — A Ak B (B 0 1G. oS 7. s K28 Feii IENALss, fE4
kP IG)RBRIERFMES S s, BEJESINTURIERE A e R (d RARHERIECE) & AT FE R TU A1,
HAEDRFF 5 AR RHEAT 2 s —EUMEMATIR T, 45 G RIERHIE Z A I TUR O RO RFIEEAT VP4, JEMifS
FIFHRHER 73 2 [34]. BB b, AGRM BEFREMHMxiLE &2 MR KR, XK ERIERA S R
14391 7 S5IEERHIETS 4 s Z IR A8 — k. T, AGRM HESE ) H AR R £ T
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min A%z " Az—A7"s
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Hop, =1L, 1) eR™, AR E IS 30 FHE— 0 2" Az M 0 Ts), TURIERE A [iHEEE
TARTEALL F )7 -
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RLIE | £, =NFTf s £ eR™H £, e R™ SR EEHARGE R i A8 j Aol
FRAE, AT RAUEE AR 10)THH

—H X"
{f’ =HX (10)

f,=H,x"

oo, anln—%llT RO, TR, X0 R XU R B RR S X R A A

FHIE
TURFERE A ] Lt A= BoB i+, H o %I Hadamard #A[45], i B W] LARIRA:

B=DF"FD=(FD)' FD (11)

Hr, F=[fi.foo fi]eR™, DeR™ X R, m%‘%ﬁ" ", i=1,2,-,d . WIWEAADATHI, B

A& 1 e R, ILHZAH_%%*A¥Ei%EI3$ Rl A 2R (8) & — ANk ) i 46], XAEBREATAT LIRS
ARG IR EARTFF, HbsREUET ALM KAE, ALM 75 2.2 TR 41,

3.3. BRRTSRMIHSI AT
TEFHER PR Be 2 o, AR T HA AR E X/ (i=1,2,-,d) WEAH R &, X EAH R T X/
B‘J%?FH?‘%#%E?E%%?(XJ),AEP?%I t TR AT ] o ARG, {8 MCT RS 56 R A W AR 52 [A] [ [RL RS &R
R R R 2% o KRR Dy /R TR ER[17], 8 R 7RG EE HARRHIE ) S SRR E SR A VR N A BRI AT %%
PR RER Y. SRTIT, MCTIEAS MR R I (B, (X ))iﬁﬂuéﬂ%#%t{ﬂ, AR FR:
MCL: X] | P(X] )\ X[ By (X].,) (12)

Horr, PX FORASR X B RES TR SRR RREE, 2B MREI[17]. MCI X i 77
FOBGEWI AT A RS B AH SR FEM, AT BB B 1 R 18]

4. BERARMETTE

AR 777 AGRMIG-MCI J7ER IR Be4ity, 5 Jeifid AGRM HESLHEATR-IEIE£¢, Bl 5 )
FH MCT iz 56 By 2% 8 [A] ) R SR OG 2R o
?ﬁ Bﬂ&‘ FT AGRM HEZE FIRFE IR B
%1 SHOF IR ) 50 A X AT A, SRS R LSRG s A SR 4R X Wil 1 T

3
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NEZEHEAT SRR, 13 BRI RFERR 4) 7 -

W 4RI 7 PR B I k AVRFE 438 B AR R X (BRI  P( X)), j=1.2,.d

BB MCL RS SR BE

BB R R, AR R X (=1,2,,d) A ORIHIESE & P(X) ) Wefa B, i
R X (i=1.2..d), 1<r<e, FX ZEMETRRN, WX AET P(X)), Bk XN
P(x/)hE R

W2 WRAAEE X IIRARIEIESE S By (X[, ) FTRUBRDK P( X7 ) B3) - AMTTAE A5

IR 3 KR AR SR H AR (0 B SRR IEAE A RN A R (12) 3 8 MCLER p .. -

WU 4 GBS p, TRETEBE o KAERTR SRR RS R,

4. FWRLER

NEUE AGRMIG-MCI FIAG 20t A5 AR FALHIR G oH 1t G AN 7 T F R S236 . oo, Jmid R R 4%
FCEEAER T H RS, AT I ST s A I TUAR RN MCLA S s2m; BEJS, 55T Runge 5%
NF P e s 1) e 470 IR R B R B SR B AE S 17], FEAS R A8 B S B85 5 i i B BH 1 =6 L B
PERR UL S IBATIN 6], FF 30 I v b S PPl AGRM. HFAEAR T B W1 AR AL 120 D5 S AR T

4.1. BERXTTRE/TUEX MCI HrEaI% N
AR AR LR DU RS VAR BEAT 07 FLsR T, HAE R IT 2R

X, =05x,  +u,

Xy, =0.3x,,, +0.5x,, -0.3x] _, +u,,

X5, =0.4x;,,—0.5x,, 5 +u,

X, =02x,,,+04x,, ,+ 0.3x;,_, + U,

X5, =0.6x5,, +us, (13)
Xe, =03x,_,—04x,, ,+ 0.2)652’,_3 +ug,

x;,=0.5x,, ,+0.4x,, , +u,,

Xg, =0.2x,,, +0.4x,, , —0.2x7, —0.3x,,, +u,

— 2
Xy, =0.3x,,,—0.4x,, , +0.3x5, , +u,,

Hr, u, (1=1,2,--,9) REWME . AT 2R S g S, — LR 2000 HAEA. fEARSR S, ¢ WE
4, KA CMI BEAT SR A AR SEPEAR 56, X BUIRYE £ XA [47)1RE CMI ke, =0.1n» WIEAB &, =5 B
FERBE B =500 KIEMES . Hh, n BRFEAEE.

f#1H] PCMCI. FullCI f1 AGRMIG-MCI %t 20(13)FT i X R Gt AT R HEWT . 5] 2 45 T AR 5 iEAE R
ZiME VARJ(O) R G0 LI FHEWT S 3L, B (T i 3R R R SR G R, S 2656 B CMIT B 1)
KA. IE 2(a) PRI H PCMCLH x,, — xg, AN ELSERI R REEHE, TR AETE T RGN LS
PRI SR Pl o B R B AIAE T, PCMCT BIATE PC MBS IR B 8 Xy~ %0~ Xy N T P(xy, ) »
BEEARFEARZAT T, ZFAISLIER IR TE RAFR RSB TR, X, X, 3 FILRBEWH
TREATE P(x, ) o SEUE N MCT BB A A AR TR, I T PCMCI % FT3LH 5
ARIHER IR T FullCl 5EAR X, = x,, X, =X, WHDNESN, RN T X, - X, .

AGRMIG-MCI TEiZ 5 B &40 FHEWT 7 A3 i) R s e, BRI DUR Es: . HIERAE T, %57k
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Figure 2. Causal inference results of different methods on the nonlinear VAR4(9) system

2. FEIFEEIEZL M VAR FR G LR RHERTLER

4.2. BEXE

4.2.1. REWE

N VR PRSI IR R, ATV — ML FL S SRR R RO . X T4 TE AR AL V.
5 A B R L AR ORI o0 BENLAER 10 MR RS BA ARSI L = N KR
AR R T 0 je{l- N}, BENEEE L SR8 — j, Hoiz . JFRE A O A P4

X/ =a, X! +cY f(X],)+n/ (14)

Hrr, je{l, N}, a, R AMKRBNES {0,0.2,0.4,0.6,0.8,0.9,0.95} *FEEHLIIIL, 7’ ~ A (0,1) H%h
SERVM AR, f(x)=x, ¢ RREEAR BB S NS (1,2} PSRN, AR
20 0.287, HAFS DIHIRMERIUES S . 40k M A I 4NE R 100 S RF 5, &N 1] 751
[RIFEA RIS 150,

ST RENBENLE RS, B AR 100 HKEE 150 [ 2RI E P51 Bk, 758 s M
N, JE3RAE 10 DMEEHLE RGN 1000 LSZIS R F 41, T Geit A DT R R HER P ERE . 26 1F 00
SEVERS B R ParCorr, ORISR S BN 7, =5 o BHE A USRS i () 20 9 A0 8 D) SR 5 (AL 1 3 2,
T K (0 5 B BN 5, 8 J7 1000 7 BT R R e J Vi B b HEBR AN AR I R RS B, T B 52
AR S J R0 1) R B 2 £ e

422. MHEFZEESHRE

A THVEAS BT 3 7V B R SR HE W L B, IR0 BT AGRM FRERL . AR5 AE AR BT S s LA R W AR 4 FE T 43 T v 0t
SEIG L BRI, ASCEECL R ANM TR T IR FullCT. PCMCI. IG-MCI. AGRMIG-MCI (k = 5).
AGRMIG-MCI (ARl k)FT AGRMCorr-MCI (k = 5). ', FullCI. PCMCI. IG-MCI fil AGRMIG-MCI
CERTSCHHEAT T, AT 200 S A Mot B 77 i AT B
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AGRMIG-MCI (AR # k)5 A SCATHR AGRMIG-MCI S H IR 1G #1E61YES« AGRM 4= TUA AL
A MCI AT ISR, X BITE T Z 75 AN 55— B I I S M DGR 45 & 1 B I P B PR, RN R
TRAeTE 52 1 kX AGRM FE 34045 Bt AT i A . 8B i% 7R 00 H e T AT e & AT %o (e 5215 45
BEA IUASE LI B DR SR HE b 45 TR (1 52

AGRMCorr-MCI (k = 5)iid K ik it f5 A2 it 5 H AR & 2 ] ) 465} Pearson #H ¢ REUE N R AARHE
1355, HFIH AGRM HEHE A &) 1 BEXT R G615 0 BEAT Ak, S o it BERAG G155 St 5 AN IR RFAERY
i B AF SRR SR A AT MCI A5 . 1% 7715 AGRMIG-MCI ) 3£ 2 X I E T WG AEE 2 7 2R A,
FlT%%% AGRM HEZEGIYIUE VP70 W PRI AR P DA K BT 93 o BROAE 2R 7E S [RIRFAEAH DG PR 5 1 (038 B
P
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Figure 3. Causal inference performance of different methods under different numbers of variables
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