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H OE MR TARRORAEZRIEREARPARTRATHEARE MR HGLE, KEEFTFI AN HRA
B A AR A NP-hard P, X 4 K2 HFEREMTEEHIAFOEAARET —HAESLXZHRELER vEHEELY
K2 #& it % 3] & % TSK2(Two-Step Search Strategy of K2), #EF A LB N T AT RME ENLE R BELTEFBALHTR
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Improved K2 Algorithm Based on Two-step Search Strategy

XU Miao' , WANG Huiling'* , LIANG Yi', QI Xiaolong' and GAO Yang®
1 School of Cybersecurity & Information Technology, Yili Normal University, Yining, Xinjiang 835000, China

2 State Key Laboratory for Novel Software Technology,Department of Computer Science and Technology, Nanjing University, Nanjing 210023,
China

Abstract Bayesian network receiving increasing attention from researchers because of its strong uncertainty reasoning ability and
causal representability. Learning a Bayesian network structure from data is an NP-hard problem. Among them, for the problem
that the K2 algorithm strongly depends on the topological order of variables,an improved K2 learning method TSK2 is proposed,
which combines variable neighbor sets and v-structure information. The proposed method effectively reduces the search scale in
the order space and avoids prematurely falling into local optimum. Specifically,inspired by the orientation rules of the constraint
algorithm, the method reliably adjusts the in-order position of the neighbors of the sink with the help of the identified v-structure
and neighbor set information. Secondly.inspired by the basic structure of the shell net,with the help of the variable neighbor set
information, the optimal sequence is obtained by performing the search of the three basic structures of shun-connection,sub-con-
nection,and confluence-connection to accurately correct the order positions of parent nodes and child nodes. Experimental results
show that the accuracy of the proposed algorithm is significantly improved compared with the comparison methods on the Asia
and Alarm network datasets. A more accurate network structure can be learned.

Keywords K2 algorithm,PC algorithm,v-structure, Neighbor set,Structure learning
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Fig. 2 Search strategy for v-structure and sink neighbor set
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(b2) Sequence generation
(b) Order generation of nodes with in-degree greater than 2
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Fig. 3 Order adjustment of v-structure and sink neighbor set
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o. dxi :d)(i +1 H
6. else dxj :dxj “+1
7. Chd(if};

8. end{for};

9. end{for} ;

10, B A4 1 4% BRI S8 BE W7 HE L 3R 4540 47 )7 51 order;
11. while X, X;. Xi € v& Adj (X)) = (X X, X1}

12. if Xi—>X;<Xi=false

13. XX BF X /i

14. end{if} ;

15. BXIETX Rl

16. end{ while} ;

17. while Adj(Xo) = (XX} €Eb&Xo X  Xn € v
18, HL4fE A 5 g 45 311 43 Scorey , Score; » Scores 3
19.  max=max(Score; ,Scorez » Score; ) ;

20. B Hr i KIF4> order;

21. end{while} ;

. 1R 7] order;

23. %% order 1E R K2 850G S0

24, for i=1:n

25. 5=0;

26. EH X B934 Powas

27. 4 OKTOProceed Jy 2

28. while OKTOProceed and| i | <u do
29. o b HEAE X BT RS B XA BB KRBT Paew s
30. if Poew >Pou then

31. Pola=Prews

32. m=mU{j};

33. else OKTOProceed 9 1%

34. end{if};

35. end{while} ;

36. end{for} ;

Neighbor information: Au_’/'(XI ) = {XZ,XJ}

Node order Node order

1

Node order

H

EIEAEAEAEY

\

v
New node order]| X, | X, l X, I X, I X I New node order 2

XS

4

New node order 3 | X, I X, I X,

(a) X1 is before X2 ,Xy

(b) X is after X2 and before X,

x | x|

() X1 is after X2.,X1

P4 T 40 Jm 4 A B 7 R SR

Fig. 4 Sequence search strategy based on neighbor set permutation
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Table 1 Standard Bayesian network parameters
Asia Alarm
Number of variables 8 37
Number of edges 8 46
Variable state 2 2,3,4
Max in-degree 2 4
Max out-degree 2 5
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Table 2 Experiment analysis of Asia network

X TSK2 CE MMHC MCMC HC
project
nto pnto nto nto nto
Correct side 7.840.40 7.040.94 6.3+0.82 3.94+2.18 3.75+1.75
Extra edge 0.240.40 0.74+1.06 0.6740.84 4,0+1.70 1.68+1.31
Missing edge 0.2+0.40 0.1+0.32 0.540.71 0.5+0.71 0.96+0.65
Opposite edge 0.040.00 0.840.79 1.2+0.63 3.5+1.78 3.29+1.75
Wrong edge 0.4+0.49 1.5+1.51 2.3+1.26 8.0+3.50 5.93+2.81
# 3 Alarm P45 5256431
Table 3 Experiment analysis of Alarm network
et TSK2 CE MMHC MCMC HC
rojec
pro nto pto nto nto nto
Correct side 43.2+1.83 41.2+3.08 34.1+6.05 20.0+3.56 21.0+4.24
Extra edge 5.24+3.66 5.542.32 4.14+1.45 44,.5+8.03 12.0+£2.82
Missing edge 2.44+1.20 0.540.53 0.3740.48 3.5+2.11 2.540.71
Opposite edge 0.4+0.80 4.2+2.53 11.64+6.19 22.5+2.83 22.5+4.94
Wrong edge 8.0+5.48 10.244.80 16.0+6.93 70.5410. 54 37.0+7.07
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Fig.5 Comparison of correct sides in Asia network Fig. 8 Comparison of increment in Alarm network
50 7
= TSK2
5 g 6 mCE
40 E “ MMHC
35 5 MCMC
S w0 8 , =HC
% £
i Es
g 2 <
S B R
5 N
0 0 ‘—’
2000 4000 6000 8000 10000 Asi -
sia arm
Number of samples
Network name
B 6 Alarm X4 1E i BOxt e #1958 1 A o 22 %6 LE
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the LA AT PP RO Y K2 Sk

309

i 2,36 3 Al 1, 76 Asia P& 10 HEEA S H,
TSK2 H kP DA% 2 5 7.8 4 157 a0 B i 36 F R SR 5%
N R Y R ST B 7. 0 4 IE WA B0 7E Alarm B 4% Y
5 HFEA ST, TSK2 553k - 1 2 > 31 (19 1E #3148 H 3k 3
43,2 4 A T RRBON T A 41, 2 S, TSK2 Hik ik
T PR SRR 1 ) IE BT B R T 8% . JF BLAE AR R34
FIA A 3175 T ¥ PR BE A PR35 BRI R S0 W &2 1 6 1 PR 2R
RONE (4 7 05 AR SR PR i 3R B TE X L S ik h el . R AE T
2] B v-45 1 50 R AR E SR AF BT LU A 1 I A 5L 48
J G - TE A 408 A1 Y 40 SR W ST 90 4 R IE 8 DU A R
HE T A0 A LT AU A5 A R R G RN

HIE 5./ 6 nT 1, 76 Asia 45 2% > o, TSK2 5 0
DALET LA 2] B 7 SRR A L AR o R 4 S i > — 4% R HL
FE 6000 D FEAIT IR BIRRE , Z J5 ¥ Al DL2F > 8] 8 4% IE 134
16 Alarm W45 12 2] v, TSK2 B3kt 2000 A Ff A2 3] 5|

0 A% A 01, 76 R A S 280 /)N B 0% AR A5 L G b 5 92 O o A 1
I 245 25 4y, 2 2 DR R v~ ) R 408 I R A 5 00 T 2B T 1 R OR
W Py 2% 5 (8 Y o {0 HC B 25 5 R AR 4 SR e A 19 A 410 KT 25
2] B e L B T 4% 2 A

R 7. 8 RIAL, 5% BB vk v e £ A B 1 IR SR AR 1Y
T, TR TE Asia [ 45 35 & Alarm W %%, TSK2 & %

BEARAR TR AH LGB T R ROR R I SE A 2T
F3E 8 5 10) R4 R 320 5K WA Tl 1 24k 1 5 =X, TSK2 55
TR L X E g U Sk Y S 9 U B BEAT R A O 2 R .

FE 9 R, Asia 1 b /N L I 2%, 5 B2 2% 2] 1 sh 300, B
DA I 0 TE T 20 B o4 22 0 B AN K 5 Alarm 1 S B 2% I 45, 75 22
W B L A5 AR TR IR AR BT LUk 0 TE B 40 4
PSR, WE P LIE B TSK2 832 1F 5 0 45 1 25 76 Wi
AW 245 1 2 2] th AR R B AR B

I 10 AT, TSK2 Bk i o 3 f iy . TSK2 Rk %
Asia [0 2 19 i 80T LAGK B 97. 5% .23 Alarm [ 4% (54 ¥ 1
RO LA 93, 9% ¥4 xt ek,

S 55 R R UL T AR HE B 48 Asia Al Alarm 1, TSK2
BRI AR R AR T 2 8 B R L, =4 4
TR AR R ey O HLIE B FR HE 22 8/, W B 00 T3 T R
RN B 7 MMHC 82 3\ MCMC 2 3 #0171 L) 3 is
T 7 1 1 I 246 45 4

HERIE K2 BAETHEAEWTNILES ST A fEr

HEA A DL 307 I 46, X0t AR SCHR MY T — ol o T A AT AR A
V-SRI E B BT 2D 7 1 R R o 5] U5 ik TSK2, TR v

LK 05 B AT FIE R AT -5 4 15 1 5 48 e 4R B9 1 48 2% 5K s 3R
ﬁﬁﬁﬁfﬁﬁﬁtf?ﬁﬂ;ﬁﬁv 55 ) 05 ST JT IR 18 2R 408 S 7 A [
O3 VL 3 R A5 R TR 2 XY R A AT A RO A L AR
*ﬁﬁf“ﬁﬂﬁ’a’/\iﬁcﬂ 17 U0 R 3 L 4R T 50k L | 91 S0 Y
A R O K2 St LB (0 45 MR A, S o 45 SRAE W,
5 HABST LA L TSK2 5335 B4 T 5 19 o P A0 AR 2 1, o
DU -S4 ] 24 1) BIF 4R 3L T T B B R B AR

T — LW N A T A AR R A B s, R K2 5T
T AL LS BOE B A B0 I N DL Sl 0 5 A R

& % X

[1] LOUC Y,LI X S,ATOUI M A. Bayesian network based on an
adaptive threshold scheme for fault detection and classification
[J 1. Industrial and Engineering Chemistry Research, 2020,
59(34):15155-15164.

[2] TAGHI-MOLLA A,RABBANI M, GAVARESHKI M, et al.
Safety improvement in a gas refinery based on resilience engi-
neering and macro-ergonomics indicators: a Bayesian network-
artificial neural network approach[]]. International Journal of
System Assurance Engineering and Management, 2020,11(3):
641-654.

[3] ZHANG W J,JIANG L X.ZHANG H.et al. A two-layer
Bayesian model: random forest naive Bayes[]]. Computer Re-
search and Development,2021,58(9):2040-2051.

[4] MIGLIORINI F, DRIESSEN A, QUACK V,et al. Comparison
between intra-articular infiltrations of placebo, steroids, hyalu-
ronic and PRP for knee osteoarthritis:a Bayesian network meta-
analysis[ J ]. Archives of Orthopaedic and Trauma Surgery.
2021,141(9) :1473-1490.

[5] HU X G.LIU F,BU C Y. Research progress of cognitive tra-
cking model in educational big data [ J]. Journal of Computer
Research and Development,2020,57(12) :2523-2546.

[6] CHICKERING D M. Learning Bayesian networks is NP-com-
plete[ J]. Networks,1996,112(2) :121-130.

[7] HECKERMAN B D,GEIGER D,CHICKERING D M. Learning
Bayesian networks:the combination of knowledge and statistical
data[J]. Machine Learning,1995,20(3) ;197-243.

[8] SPIRTES P,GLYMOUR C. An algorithm for fast recovery of
sparse causal graphs[]]. Social Science Computer Review,1991,
9(1):62-72.

[9] ZHANG L W,GUO H P.Introduction to Bayesian networks
[M]. Beijing: Science Press.2006:66-70,186-188.

[10] LIU X Q,LIU X S. Structure learning of Bayesian networks by
continuous particle swarm optimization algorithms[ J]. Journal
of Statistical Computation and Simulation,2018,88(9) :1-29.

[11] PINTO P C,NAGELE A,DEJORI M. et al. Using a local dis-
covery ant algorithm for Bayesian network structure learning
[J]. IEEE Transactions on Evolutionary Computation, 2009,
13(4):767-779.

[12] CHEN H Y,ZHANG N. Bayesian network structure learning
based on hybrid improved bird swarm algorithm[]J]. Journal of
Air Force Engineering University ( Natural Science Edition),
2021,22(1) :85-91,98.

[13] COOPER G F,HERSKOVITS E. A Bayesian method for the in-
duction of probabilistic networks from data[ J]. Machine Lear-
ning,1992,9(4) :309-347.

[14] LERAY P,FRANCOIS O.BNT structure learning package:

Documentation and experiments[ R]. Technical Report, Labora-



310

Com puter Science IHEAMLELZE  Vol. 50,No. 9, Sep. 2023

[15]

[16]

[17]

[18]

[19]

[20]

[21]

toire PSI,2006.

AN N,TENG Y.,YANG J Y,et al. Bayesian network structure
learning method based on causal effect[ ] ]. Computer Applica-
tion Research,2018,35(12):3609-3613.

WU Y H,MCCALL J,CORNE D. Two novel ant colony optimi-
zation approaches for Bayesian network structure learning[ C]J/
Proceedings of IEEE Congress on Evolutionary Computation.
Barcelona, Spain: IEEE, 2010:1-7.

BENMOHAMED E,LTIFI H,AYED M B.ITNO-K2PC:An
improved K2 algorithm with information-theory-centered node
ordering for structure learning [ J/OL]. Journal of King Saud
University-computer and Information Science. https://doi. org/
10. 1016/j. jksuci. 2020. 06. 004,

GAO F,HUANG D. A node sorting method for K2 algorithm in
Bayesian network structure learning[ C] // Proceedings of the
2020 IEEE International Conference on Artificial Intelligence
and Computer Applications. IEEE Press,2020:106-110.
ANDRIEU C,FREITAS N D,DOUCET A.,et al. An introduc-
tion to MCMC for machine learning[ ] ]. Machine Learning.
2003,50(1) :5-43.

ZHOU M Y,LIU Y A,XIAO Y. Improvement of K2 algorithm
in Bayesian network structure learning[ J]. Journal of Nanjing
University of Technology,2020,44(3):320-324.

AOUAY S.JAMOUSSI S.AYED Y B. Particle swarm optimiza-
tion based method for Bayesian Network structure learning

[C]//Proceedings of the 5th International Conference on Mo-

deling, Simulation and Applied Optimization. Hammamet, Tuni-

sia: IEEE,2013:1-6.

[22] BEHJATI S,BEIGY H.Improved K2 algorithm for Bayesian

network structure learning[J]. Engineering Applications of Ar-

tificial Intelligence,2020,91(5) :1-12.

[23] YUK.LIJ Y,LIU L. A review on algorithms for constraint-

based causal discovery[ EB/OL]. (2016-11-12)[2021-12-06]. ht-
tps://arxiv. org/abs/ 1611, 03977.

[24] TSAMARDINOS I,BROWN L E,ALIFERIS C F. The max-

min hill-climbing Bayesian network structure learning algorithm

[J]. Machine Learning,2006,65(1) ;31-78.

XU Miao, born in 1996, master. Her
main research interest is probability

graph model learning.

QI Xiaolong. born in 1981, Ph.D, asso-
ciate professor. His main research intere-
sts include probability graph modeling

k. and machine learning.

(BT 23 - T 42D





