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A causal network orientation method based on Kolmogorov complexity

HAN Meng-yao'?, LU Yun-jun‘', JIN Yi-qiao', LIU Qian', CHEN Ke-bin'

(1. College of Information and Communication, National University of Defense Technology, Wuhan 430019, China;

2. Department of Defense Economics, Army Logistical University of PLA, Chongqing 400030, China)

Abstract: The nature of causal network orientation problems is a “many-to-many” causal discovery process. The
traditional V-structure method can only determine a set of Markov equivalent classes rather than the final causal
relationship. In order to solve this problem, based on the Kolmogorov complexity, a causal orientation rule of local
networks is deduced using the Bayesian chain rule, thus a high-dimensional global network causal orientation rule is
proposed on this basis. At the same time, the former is used to improve the Markov blanket typical algorithm based on
the local condition independent information searching; the latter is used to improve the constraint based causal network
structure learning typical algorithm. The experimental results show that the improved algorithm can effectively improve
the execution efficiency while ensuring high accuracy.
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KT 3R fif NML o ERE 7008 R, X 210 B B R A &
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WS, d 5 i Ny (PA(X)), BIAIPA(X) = {Y1,Ys ),
WE G A {1, 23, W e A i B A 4 Al 2l &, 4
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step L: L iH LA B G R AT A 15 s EE RO M, 9F
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step 2: MK UE AR i N1 i X, € GAENEFRT

Wr X, 255 O 2 BIET (0 — 1) A HER T RUE A
M, 7 HH I 2k K S8 AT B BUE [ 4551, REMPC(X;) o
T2 G A /N T4 (A1 0. B Uk, 75 310 X, TR0 9 245 98
R TE TR 32, FEAR AR BR SR E 1) H A b0 858 O X JRy 0
A 2% 18] BT SR 7€ 1.

step 3: 4 {8 _F IR A5 BRIEAR 58 B A 1T U R
W 28 DR AL 5 1), UL TG 1) L G o B A 320 19 7 1) #8845 38R
il
4 LW

DN 7R 53 B E BT SCHR R R T SR % R ) R R
W £ 5 1] 772 (KCO V), A8 343 5l K Jry 30 19 % DR SR o
I () 7 120 FH 380 B JR AT SRER 7 ) v K 4 Je P 2% DR SR
SE ] 1) 77 V2238 FH 31 R SR ) 8% 465 4 2 ) v T s
JE [F) 715 2 1 FH A 55 1) [ I 56 HG 5 1) 8RS
S AE R 1K F 3.6.1 A o 58 i, 1% HL Alarm(37/46)
Barley(48/84). Hepar2(70/123) #1 Andes(223/338) 55 4
AN SR B S 25 AT HE AT SRR
41 SRAKEFS

FE—AN AT R DU j 2 op, H AR TS RO 52K
A] K (Markov boundary, MB) .55 T A I A2 55 T
TR DS Y R (B AT ). AT T R

PR ARALAS B R 2 5] H/R Al R R TG, B
B A SRR 056 2 2 HAR T RO AT mi g, FE L
SR b P 2 A S 0 S R BC AR 1Y, MR R
A IAMB. PCMB. IPCMB. HITON-MB. MBOR #/I
DOS 5. M4 /1% R, 5 AL R 47 7 S AL RE
S HE AR, HRedE T 2 0 4ME B, i X 0
AT RS R T B, AT s B
70T A F T R RS E AR R T AR
&, AT A FH KCO i AT gt 3 1 Jay #4428 1 5 2R AT
KRR A FRI AT I B A BIN T 5 ARS
FLAik b, 32 FH 55 2 755 v et SR 78 I 4 LR SRR 1) VA A

FP S A T AR S5 R BRI X o B AL
RANFAY SHGS AT AR P SRR 1T AR AR L, Buidt 5
P SRETE S b BE B4 A R LR R4 &1
HSE IR

A KCO ¥:Fil A\ IPCMB . HITON-MB [ Fift it
Ry R m R A% 2] O, ¥ Bk J5 SHVE R Y IPCMB
(KCO) F1 HITON-MB(KCO). Ayl i H 512 56 2% 2R, ik
£ Alarm Fll Hepar 2 55 2 /™ [0 28 85 8 i3k 47 SI256, R H D
H- 34 /) 28 SR A 302 43 53l 2E /i 500« 1000+ 2 000+ 5000 Al
10000 %5 5 /> 5 R A B s, A AR FE AR HUHE Bl L
A 10 IR, K IE AT 10 IR S8 25 AT S E A N 1% &
TREAS 1) e 8 S I0 SOR. RIS, S S PP A 4% B
FI 1 BE, 51 N HER R (accuracy) AT CTI i B0 &5 2 /NP

W25, Wi B 2] B R 0 LB, e SCan R
{discoveredMB} ({actualMB} ©)
{actualMB} '

A T v 0 R 2 o R s TN AR B i o 5
VRS, AR BRAG U FH BB AT AR

B3 1 ISR 2 0] &, Bl g B M HE s 2R 3 &
TR AR, IR BT AN s AR AR HE S LA T AR
JE i, BRI T AR TC AR T AU I BB 2R AR IS AT R
7 T8I, S50 IS 0 S0 B B A T R B 7E Alarm ) 4%
43t J5 555 IPCMB(KCO) - HITON-MB(KCO) ] CI
MAREC 5P R % T 12.5 % 26.77 %, 7F Hepar2 M

accuracy =

%=1 IPCMB(KCO)F1IPCMB L E LTI TR R XIEE

n = 500 n = 1000 n = 2000 n = 5000 n = 10000
ST R 2% thie i tn
MB! MB? MB! MB? MB! MB? MB! MB? MB! MB?
Alarm Accuracy 0.760 0.791 0.823 0.8312 0.866 0.896 0.898 0.905 0.908 0.923
CLIA %L 12119 9824 15003 12774 17092 15320 19467 17770 22000 19560
Hepar 2 Accuracy 0.308 0.309 0.384 0.401 0.439 0.461 0.538 0.561 0.609 0.646
CLR %L 19994 16303 26520 20761 38284 277780 72149 49066 108 811 73752

AR RS IPCMB, 2 A3 ik Ja B 512 IPCMB(KCO).
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n = 500 n = 1000 n = 2000 n = 5000 n = 10000
I R 2% ER5E TN
MB! MB? MB' MB? MB! MB? MB! MB? MB! MB?
Alarm Accuracy 30.764 0.798 0.814 0.869 0.881 0.905 0.900 0.923 0917 0.936
CLIUREL 10389 7422 12277 9115 14178 10658 26330 12047 18198 13017
Accuracy 0.334 0.358 0.426 0.446 0.494 0.510 0.568 0.595 0.633 0.651
Hepar?2

CLIlliA % 11750 10537 14241 12227

18620 15189 29512 23296 40354 35039

LR SRSV HITON-MB, 2 /03 243k J #5012 HITON-MB(KCO).

2% b i3k 5 9% IPCMB(KCO)  HITON-MB(KCO) 1)
TR 51 R BE T 26.36 %0+15.42 .
42 FERMBLEHFES]

Tt 9 4 JR3 X 4% DT S 5 ) I i ) 9 T s 76 T 92 1
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