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Sub-BN-Merge Based Bayesian Network Structure Learning Algorithm

ZHONG Kun-hua''** ,CHEN Yu-wen"?* and QIN Xiao-lin'"*
1 Chengdu Institute of Computer Applications,Chinese Academy of Sciences,Chengdu 610041, China
2 Chongqing Institute of Green and Intelligent Technology,Chinese Academy of Sciences,Chongqing 400714 ,China

3 University of Chinese Academy of Sciences,Beijing 100049, China

Abstract Aiming at the problem that Bayesian network structure learning method K2 requires to provide accurate prior node or-
der information which is difficult to obtain in practice,and hill-climb algorithm is highly dependent on initial network structure
and easy to fall into local optimal,. a sub-BN merge based Bayesian network structure learning algorithm, (Sub-BN-Merge) is
proposed in this paper. Firstly, for each node, the Sub-BN-Merge algorithm constructs a sub-net and merges them via voting to
get a candidate parent set. Next, based on a scoring criterion, the algorithm searches the temporary optimal parent set of every
nodes. Then,we breaks the cycle in the directed graph of the search result to get an directed acyclic graph. At last, further optimi-
zation is executed via a heuristic search method with directed acyclic graph as the initial value to get the final Bayesian network
structure. Experiment is carried out on small network Asia,medium network Alarm and large network Win95pts. we also analyze
the algorithm performance for the missing value situation. Experimental results show the effectiveness of the proposed algorithm.
Our Sub-BN-Merge algorithm outperforms the comparison algorithms in term of structural Hamming distance and algorithm cor-
rect rate.

Keywords Bayesian network.,Structure learning, Sub-net merge,K2 algorithm, Hill climb algorithm
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Fa N R B B AR A . O T e K2 B3 b iy RO R B
O TR LI B AR AR — S B T Y ) 0 ) 6 5 ) A SR — i
T W Fl A A DU S ) 48 S5 F B8 Sub-BN-Merge 258 15 45
BEHLERE T Y Voting EAR, LLF MRl & (1 200 JE s
SRR BT TR S, 2 K2 ST R R R
T A A 0SB A A0 2 B 1) R % A 3 B G P T RE A
TE BRI LA o W) dh P 48 254, iE— 20 R R R 3 R J7
EXT AT AL B A A5 B B BRA A DUt 37 R 2% 554 . AR
i I, Sub-BN-Merge /& —ff 5 T 0 R 49 5 i, )5 .8
I RO S AE /N R 46 Asia, AL )4 Alarm AR 2 ) 4%
Win95pts I 85 1E 1 553k 9 5 B8 . JF M 45 M 0BT B 5504 I 6
AT SRR 3 AT WAL T 43 HT

2 NHETMEREERES

2.1 DURHET %

DU - 37 190 2% b 1 B A 15 & W 2% (Belief Networks) , J2& 3
TR B AR B 2 (AR R G 3R 11— R AR A b — Ok 3
FTHfE3E A AR, BN H 19 8 4 4 . PP 4% 455 A N I 4% 2
BN Y 45 #4 j& — 4~ F [ JC 3 & (Directed Acyclic Graph,
DAG) ,DAG H i RA T S FR AR b ) — A28 i, T 2
IF1) F) 7 1] IR R 7% A B 22 [ K 0 OG &, 2 % T R 2 R K R
B9 E M2, A R — A5 MR I AR R
AR EI MG S, N R R T AR A S HAL
T Z AR O R, AR RO, ) 45 S Rk
R EAT ARE R B TR SRR R, BN TR
Z AR O R — B TR A Rk R . A M 4% P TR
AR i ¥ SRy S HOME L U R 46 O BT BN AR SCRIF S BT B I
# 2 B HE BN,

iC BN S M A MILHRE RN G=(V.E), i, 4H
V=A{X . Xo o X,V RRER ERRAMBEL. B
AOX BT SES Pa (X)W — &R R, B
Wi 2 -

P(X, . X, X)) = P(X, | Pa(X))
i=1

2.2 NHEMEEHES

LS4 0 45 2 4l 2 >0 S 46 A I 2R B e e R 4 L R T i
S5 e R AR B DG 00 DU S R 2% s b A ke . A B P
27 o A DU 37 0 46 19 5 AR R LGS 2 T B — A4, DL
O 4% 25 48 3T B 2 >0 O vk R Oy B TR AN M ) O 15 VBE T
TP R J5 1 AR & 7k

LT M1 19 7 158 DL 307 I 46 8 A 3 i S A R
F Y WAL R 53 A Ge it sfE RS 1 75 sl 1B A

22 VBT 1 B A R S5 A 8 S M A 3 T A e 22 D I MR G R L e
L FR—FFF A XTI R A M L5250, MR B 3L TR 80 i
M5 kA SGS Sk M PC BN, XK BT EBRANEMNA
B AR S5 1 0k S P G 6 v 1 2 A v URR

BT P43 R 0 7 8 X 4% 45 0 2 2 W Oy e A Ak TR
o) bR R M IF o b S I N A5k, B T R £,
7 14 2R 11 00 2 25 4 5 ] 52 48 B L X 2 — > NP-Hard [7]
A E R R & R R R A M R, WA
19343 B B AL 3 BDeu $E43 (K2 4350 | 01 -3 45 B 7] BIC
PEA TR S A B U MDL 34y, 38K % 445 . DAGs %°
[B] 19 55 25 A A0 A5 2 %3 1

H T DAGs %5 [H]48 R 1 77 7k 4% x5 DU nt 307 169 2% 0 96 $h 245
FHATH R L F R R 8 R R A 5 A R i,
RIS K2 BRI E Y, K2 Bk EAEEREMN
2o PR R H 2 R B A R TH] 1Y 5 S DU R R ALY K
BAE N ASE X AR E AT L. o0 Tk K2 5
B AT SR 8L 2018 4F Tabar 59 2 F L1 IE W4k & /R
A SR BE A BICHE B9 TV 43 RO RS S T AR A Rk A
2020 4 Behjati %1 2R F 3 59 J5 vk 4R 08 1458 43 1 P 1
7 TR A H 23 0 5 57 . ST XT R IR R B IR A S A
JR B R UL Y TR) R, 1 2 R AL SR B BN BN 4582 ), 2019
A Yan MBI AT H S Jaya BIE I G GG R ILE N
AR AR T T F T SR M, Liu AR08 — b B Tl
e e s i) A 4 RISt B BN 45 %% 3 545, Lia
SEDT g 5 R I O 1 R 22 43 AL TR R R 4 R Bk AT
BOH TENCEOR BE R SRR B3 T — e R T, 2020 4E
Li ZF0 SR H T 70 45 5% 3 &K (Cuckoo Search, CS) il ki F #F 41
b (Particle Swarm Optimization, PSO) 83 , 75 55 2 Wi S0 B
FURG B 1 3 WU T AR AT I RO

BT M A A R A 77 ik HE R = 6] P A SOR 2
HA~ BN 454, 12 — K B AEMCR S, HEmE kN
AR M 18 R B % (Greedy Equivalent Search, GES)! | 4%
M, GES 51 (19 80 3 I0 AN =, [ of i 47 7 Jmg 350 due £ 1 1)
2013 4F, Alonso-Barba 2% 5 i BR il 25 4y 25 a5 A , % GES &
AT R LR T B AR, 2018 4F, Alonso 25U 3L F R
FAE R TR &R X GES J7 B T ook BT T S M
%I TESY .

BT ST A (48 R W 7 vk 6 A 2 8] A G AT 4
F ARG TEAS BN S U7 AS00T SE il b Al D 307 ) 2% 45 4
2003 4F , Friedman % & t T —Fp B F MCMC 19745 507 48
FIr ik A Metropolis-Hastings 5% #5755 {f TE R A 15 2 19
AT M S B MR, T R B B R I
2018 4F, Liu 57 4 H 3 5o S 42 A0 A 3 40 I 4 2 X6 5 2% 1T
M B 3 N BE PR R, R B A 2 20 DR R AR S SR T gt
T BIE Y mUF A0 B PR RE L R 5 2R T AR ST I R R EoR A
K2 B 15 2 e 26 10 ) 4 25 40, 76 JIT 75 0 28 25 4 19 F 43 (8 A
BTt

TRAMARN BN 854 % 5] kg G PRk sl &
SE T S5 A iy 7 A A 0 446 ek I 8% 25 4 =5 ) KIS L P — 2B R
VT4 14 R 15 B w8 W 45 454

210800172-2



Pl 5 BT T RIS Y DL 30 0 4 S5 4 2 > Bk

3 Sub-BN-Merge

3.1 Sub-BN-Merge & ;% H 18

K2 G538 51 S A7 0 R AT s A 1 O 2k iy
DU S0 o0 6% 45 ), L SR B AL BT A YT AR 22 TR 0 S AR . R
T o B A5 S R AT S A IR LT 19 5 22 ] () 2 4k
NG Sy T 4 5 ST B A AR T AR I 4% 5 4 v TE IR I LR
B A AR AR R AL S G B AT B0 DL — 2 Y 77 2 BR
59 2% 25 4 Y B

PLBEAS T S0 0 25 B A Bk 3k /0 3 5 0l i A
B 45 ¥ 2% 3] 7 12 3845 — > Sub-BN, | #% Sub-BN fg#% LI — &
G B Sk o 8 7 e BRI S S N A B BV 1Ak B B
S EEAS S A — X AE Y Sub-BN, W B8 % 48 15 3% 22 35 5 %)
ZI IR O 2 . M8k, — XY 5 2 1] (4 2 )5 I T B 7 5
4~ Sub-BN Fll 55 — 4~ Sub-BN F i S8 A . H 2, T A 1Y
Sub-BN B4 17 31 15 B #4711 40, IF LA Voting B 77 2 47 Al
B AT LA B A1 SR — AN BN MO PR R AL W SR A
XA DL S 5 a5 2 ] B — R BT . #4 E# Sub-BN B TR
B /0 BT UTT LS A Y A 22 D) A A DGR Bk T B AE B
S — R A G PE B L, AR R BN R, SRR B R O
B 5 05 Z ] B BLAR B — AR /IS A2 A 4B 9 A5 22 18 ) BAR
B RS ad . NIk, AR SCRLH A B R b o 2k B Y Y
SUAE L K2 B p T SR 2 b R AN AU AT R T T R
h HAR AT . Sub-BN-Merge W R BUS AL AL BE L LT 55 Y
TG KT A R A B AT AR TR R L B
KT A

Wi AT WA A 7 3T LR A5 A A A ok A T
SRR RIE Y K2 B, DATE o #4809 77 208 B0 4
R B AN A BT 3RAT — A2 R B A 1) R 4% 45
H o BEE, BTAR A ] B 45 o T REAE AR BR . DL — 5 1 5 200
B P 46 TR B IR 0T A5 DAG B 02 — A58 2 30T 2050 I 4% 45 44
1 DAG,

I — 7 T N LU B3 3 % 490 s T 44 35 A ) A i M AR 588 L 5 B
ARy BB o W0 R T 2% 25 K 2 0T 1 2 S I 4 2 A, UL RE 1L
IR E IS A R B T E Mg, Bk, el Bk
B RIFPIR NG EW ECEE, D ERERARZ)E
1% DAG R0 hs W 45 254, iF — 20 R IR L 3k 55 a k=
W R EIATIAL B REAE A5 B0 1Y BN 45 2544

ZEG R UK AR SCT B A 2 T A 0 DL R 3 )
KA E AR 4 A BB,

D F 4G 2 B 4y JSUT A5 B Rl A . T B AR BRI
5 5 A Sub-BN, % IT A Sub-BN 19 [l 34 #4711 4K
i1l , Voting Rl & 15 B — N7 SRR LT S EA

R ARAT 1) 18], SR K2 8800k 10 S0 2k 55 s, 3k T3
53 PRE, O B — AT AR R AL AR A T I R A A
SR GBI — TR TE R A m

(W, HBRA m & AT REAE7E I 3R 45 3 — A 10 T
WHE,

WD Ja KAtk . LTS 8] JC 3R & R 0 46 0 46 45 4 R
Mg &3 Ryt — Lk, 15 BlR 20 # 4k BN 4544,

B 1 & Sub-BN-Merge Bk MR EE, B TRIEHRZE

T BEASTE RSE R E—A T  TRLH H R T R UBOR D 1 R 2
HARBAEEE TR M4,

Bayesian Network

Heuristic search: taken dag as initial network structure

Revise cycles in the directed graph, and get a directed acyclic
graph dag
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! |
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[ Dataset J

K1 Sub-BN-Merge 5 iR B K
Fig. 1 Flow chart of Sub-BN-Merge
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&% 1 Sub-BN-Merge Bk
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4. RJUEILFE A 2] F M sub_bn;

.end / * for* /

LR IR T B A A 18 3R A5 B edge_set;
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for i<-1 to n do
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13. end / % for x /

L, A B3 5 H AN A 2 ) F) AT ] 3 B ek Ok L 45 3 A 1 18] dgs

15. while(exist cycle in dg) do

16. find a cycle G;

17, B4 G XTSRRI — A3

18. end / * while * / / % M Fr 54 [ B IR E LK dag * /

19. result_dag=hill_climbing(start_dag=dag) ;

© o ~N > W

op

20. return result_dag
3.3 RS EEMERE
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R 4% 235 g %ok IO 1) SO0 B DA T 45 0 B A 2 B L AR R DLt
s BN BIC 74T A g 45 B N MDL, [tk 37 4348
FI7 1 I AS G5 SRAR X T B 52 00 9 45 S5 AR R G 1 30, R A —
HPPAY PR B S 2 R B A TSP 43 oR B K RE A LA B 3 K
FORMER TR, A0 58— 2R 0P 4 R B K2 PP 4. 48
TR VESr R B ) BIC PR3

Sub-BN-Merge 53 11y 4 A~ R 2L B b 3438 K381 51
PRECMEE . BA 2B B R, B R W 3T 5>
PRA . TES— b T M b, 75 ST L TE 209
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JEHE S AR Ik — A 2 3T B S0 45 1 ) IR R 4 45 A O iE — b
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4 LWERKSH

AT B IE Sub-BN-Merge & 3 89 P fE . M 38 F Bench-
mark Ul M 3 K 4% % (the Bayesian Network repository,
BNROP A 8 7 3 A [6] B 19 45 . /) B W 2% Asia,
oh AL 4% Alarm DL K K A 4% Win95pts, £ 1 8 T fAr

T I 3 A~ 0 2% 19 1Y md B A 1) B e R R R L K
P 2% HLAEE
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Table 1

Bayesian networks used in experiment

Max Parent Network
Network Nodes Arcs
Number scale
Asia 8 8 2 Small
Alarm 37 46 4 Medium
Win95pts 76 112 7 Large

XA b 3 AN PSS IEAT SRR 43 0 A RO 4 L B A A 4
500,1000,5 000 Fl 10000, £ 4 B2k W 3E 0%,1%,3%,
5% ,10% A K 20% . %t A —FEA i R Bl R R AR B 10 41 B0
B, BT A48 R 35 93X 10 4808 B 4 (8 .

7R 3C R FH 45 #9 WU B (Structural Hamming Distance,
SHD) F1 %1% IE i & (Correct Rate, CR) 3 56 3IF 20 3% (19 P4 fiE
Hodr g5 3B #E SHD J2& 1F #f A9 38 % (the Correct Edges,
CE). % 43 1 & (the Additional Edges. AE) . % % (% 1 %L
(the Missing Edges. ME) L J K [6] ) i1 %0 (the Reverse

Edges,RE) Z #il,
ZERW B . SHD=AE+ ME+RE
. — CE
FRRIES A :CR= cp A T METRE

Ve EF Y 4 A% HC 8096 K2 Bk . MWST 3
% .OBS Bk, Hp HCHLEUE T IA W AN Mg
WG W 28 45 4 5 K2 B89k 39 507 Bl AL A= s MW ST 53k i
it MWST 4 J1 s T, 4R J5 R T K2 58 1 15 3 i 4 45
A3 OBS B DA £z 43 238 4 A2 1 S0 /Y 4 380 ME SR T e
L8 R AR AR IR A A, SR F B AL S AT R AR X
VoS 42k H) BIC W 43 . BT A7 580 Bk 1 o KA i B o &
FrAE
4.1 HI\BETRREMNERER

TR TR BB T, 2R 2— 3R 4 455 H T/
W 2% Asia, H B8 W 28 Alarm F1 K B W 48 Win95pts () 52 5 45
SR Y AR R JL AR B v B s AR

U2 SRR W] TOH R E R E B 7R S5 A T B R 1k
1E B 3057 L A SCHT #: H B Sub-BN-Merge B3 240 T 5
Gh A4 PR LBV AR 500 B 1 Asia BIZ% I, 5236 25 5
W25, K2 Bkl T SO0UF B LA A, 5 B S8 m9 5 ST 22
SRR A AR R AL

F2 NG Asia T LE R
Table 2 Experiment results of small network Asia

(a)structural hamming distance

Size HC K2 MWST OBS Our
500 4.3 11.5 9.9 4.8 4.5
1000 5.3 10.8 9.4 4.7 2.9
5000 4.8 11.0 9.4 4.2 3.1
10000 6.6 11.0 8.6 2.9 2.1

(b)correct rate

Size HC K2 MWST OBS Our
500 0.543 0.155 0.172 0.552 0.533
1000 0.419 0. 207 0.213 0.521 0.661
5000 0. 489 0.214 0. 250 0.575 0.639
10000 0.375 0.214 0.298 0.692 0.743
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#£ 3 HRIML Alarm 5286 45
Table3  Experiment results of medium metwork Alarm
(a) structural hamming distance
Size HC K2 MWST OBS Our
500 35.0 59.3 58.2 43.7 28.6
1000 33.7 60. 3 61.6 47.0 27.5
5000 32.2 64.1 68.9 46.9 21.4
10000 30.2 66.1 76.0 47.5 19.7

(b) correct rate

Size HC K2 MWST OBS Our
500 0.341 0.128 0.061 0.284 0. 449
1000 0. 381 0.157 0.064 0.272 0. 485
5000 0.429 0.189 0.069 0.315 0.598
10000 0.471 0.189 0.062 0.333 0.630

F 4 KERL Win95pts SEH 25 R

Table 4 Experiment results of medium network Alarm
(a)structural hamming distance
Size HC K2  MWST  OBS Our
500 104. 3 145.6 152.6 141.7 94.5
1000 103.1 154.3 161.4 141. 8 83.6
5000 102. 3 173.6 209.5 163.0 63.2
10000 96. 9 183.2 230.5 155.5 59.7
(b) correct rate

HC K2 MWST OBS Our

500 0.274 0.154 0.098 0.162 0.336
1000 0.299 0.159 0.097 0.200 0.406
5000 0.334 0.176 0. 080 0.209 0.535
10000 0.379 0.185 0.076 0.219 0. 565

4.2 HB/EGERKENIHER

Xof e FUP 4018 AR 25 0 A S Bk SR Bk (B 2
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Table 5 Experiment result of Asia with missing rate 1%
(a)structural hamming distance
Size HC K2 MWST OBS Our
500 4.4 11.4 10.7 5.6 3.8
1000 1.4 10.8 10.8 1.0 2.8
5000 6.7 11.0 11.8 4.1 2.4
10000 4.1 11.0 12.3 3.1 2.3
(b)correct rate
Size HC K2 MWST OBS Our
500 0.516 0.149 0.102 0. 465 0.584
1000 0.499 0.207 0. 140 0.595 0.661
5000 0.307 0.214 0.115 0.599 0.711
10000 0.607  0.214  0.066  0.679  0.719
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Table 6 Experiment result of Asia with missing rate 5%
(a)structural hamming distance
Size HC K2 MWST OBS Our
500 5.1 10.9 9.9 5.8 4.3
1000 5.7 10.9 11.0 3.7 2.9
5000 5.9 11.0 11.7 3.8 2.0
10000 5.4 11.0 12.0 3.3 2.4
(b) correct rate
Size HC K2 MWST OBS Our
500 0.439 0.162 0.133 0.454 0.542
1000 0.361 0.189 0.114 0.626 0.666
5000 0. 390 0.214 0. 145 0.615 0.750
10000 0.452 0.214 0.128 0.659 0.713
T Asia LB 100 10 LB 45
Table 7 Experiment result of Asia with missing rate 10%
(a) structural hamming distance
Size HC K2 MWST 0OBS Our
500 5.7 11.7 11.6 6.1 5.0
1000 4.7 10. 8 11.1 5.7 3.5
5000 4.7 11.3 11.0 4.6 3.1
10000 4.7 11.0 10.9 3.1 2.5
(b) correct rate
Size HC K2 MWST OBS Our
500 0.353 0.108 0.026 0.415 0.435
1000 0.475 0.177 0.084 0.438 0.595
5000 0.512 0.200 0. 144 0.556 0.639
10000 0.503 0.214 0.171 0.674 0.701
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Table 8 Experiment result of Alarm with missing rate

(a) structural hamming distance

1%

Size HC K2 MWST OBS Our
500 34.0 60. 1 56.7 44.9 30.4
1000 34.1 59.1 57.8 44.8 28.5
5000 30.5 63.4 64.3 48.2 20.9
10000 31.0 64.7 72.4 46.0 19.6
(b) correct rate
Size HC K2 MWST OBS Our
500 0.339 0.103 0.087 0.255 0. 404
1000 0. 364 0.147 0.110 0.284 0. 456
5000 0. 442 0.161 0.108 0.301 0.602
10000 0.460 0.192 0.078 0.337 0.629
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Table 9 Experiment result of Alarm with missing rate 5

(a)structural hamming distance

Size HC K2 MWST OBS Our
500 45.1 63.0 62.4 55.9 38.1
1000 42.8 60.9 61.1 51.9 38.7
5000 32.7 59.8 60. 8 47.8 24.7
10000 32.6 59.0 64.1 48.1 20.1

(b) correct rate

Size HC K2 MWST OBS Our
500 0.145 0.068 0.046 0.130 0.237
1000 0.179 0. 080 0.044 0.162 0.239
5000 0.375 0.126 0.059 0.242 0.509
10000 0.392 0.167 0.052 0. 265 0.600
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Table 10 Experiment Result of Alarm with Missing Rate 10%

(a) structural hamming distance

Size HC K2 MWST OBS Our
500 46.4 76.7 78.1 75.7 33.0
1000 46.9 71.0 73.6 70.6 30.7
5000 44.2 62.4 64.7 55.9 26.3
10000 41.4 61.1 62.2 49.8 23.3

(b) correct rate

Size HC K2 MWST OBS Our
500 0.004 0.027 0.010 0.034 0.359
1000 0.015 0.043 0.018 0.055 0. 400
5000 0.144 0.070 0.015 0.134 0.500
10000 0.182 0.077 0.016 0.179 0.563
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Table 11  Experiment result of Win95pts with missing rate 1%

(a) structural hamming distance

Size HC K2 MWST OBS Our
500 113.1 142.0 140.0 142.4 97.8
1000 111.0 146.5 145.7 139.9 88.8
5000 109. 3 161.6 177.2 150.0 68.6
8 5

3
10000 106. 7 169. 195. 143.8 56. 4

(b) correct rate

Size HC K2 MWST OBS Our
500 0.188 0.128 0.113 0.124 0.274
1000 0.225 0. 140 0.113 0.161 0.352
5000 0.294 0.171 0.094 0.201 0. 494
10000 0.319 0.178 0.098 0. 244 0.570
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Table 12 Experiment result of Win95pts with missing rate 5%

(a) structural hamming distance

Size HC K2 MWST OBS Our
500 118.8 170. 4 173.2 171.1 103.9
1000 114.8 163.7 166. 3 162.3 96.2
5000 109.7 143.0 146. 8 141.2 75.2
10000 105. 6 137.4 142.4 136.5 75.2

(b) correct rate

Size HC K2 MWST 0OBS Our
500 0.035 0.036 0.024 0.030 0.249
1000 0.061 0.045 0.035 0.052 0.302
5000 0.128 0.098 0.061 0.103 0. 442

10000 0.179 0.118 0.069 0.127 0.453

# 13 Win95pts P 2% BRI H 0 10 06 1Y 92 3 25 5
Table 13 Experiment result of Win95pts with missing rate 10%

(a) structural hamming distance

Size HC K2 MWST OBS Our
500 112.0 182.8 185.1 182.0 118. 4
1000 112.0 183.0 184.5 184.1 103.9
5000 112.0 182.3 184.2 182.0 84.4
10000 112.0 179.0 180.0 177.0 77.0

(b) correct rate

Size HC K2 MWST OBS Our
500 0.000 0.011 0. 005 0.010 0.164
1000 0. 000 0.011 0.005 0.007 0.233
5000 0. 000 0.012 0.006 0.012 0.378
10000 0.000 0.020 0.012 0.024 0. 429
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