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Local Bayesian Network Structure Searching Using

Constraint of Node Chunk Sequence
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Abstract
based on node order search needs to evaluate the quality of the node sequence by K2 algorithm, resulting in the problem of

The performance of the K2 algorithm depends on node ordering heavily. The Bayesian learning algorithm

low efficiency in large and medium-sized networks. In this paper, a new Bayesian structure learning algorithm is proposed
to solve the BN structure learning problem by searching local Bayesian network structure construction using node chunk
sequence constraints. The algorithm firstly constructs a directional maximum weight spanning tree structure by using
score orientation and generates the node chunk sequence by this structure. Then, the node chunk sequence is used to
determine the potential parent node set of each node. The network structure is built by searching the parent node set
of each node, and the structure is modified by illegal structure to get the optimal Bayesian network structure. Finally,
some experiments are designed to evaluate the performance of the proposed algorithm, in which the standard network is
used to compare the algorithm with several different improved algorithms to verify the effectiveness of the algorithm. The
results indicate that the proposed algorithm is worthy of being studied in the field of BNs construction.
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2 30 I BEAT LA PR T RN 25 A8 AR &R 1T R T
te) A BT o I, %07 TRE 1) 45 2 IS B AT R
SC, SR UET BEBAR. Pearl M) 7] FH Al 5 35 51 -4
MBS R R, BAERCRR, (EHREX A Z L
AT )5 Jiang S AR AT
TR0 ) K R PEAT S 0], %07 AR A A7 B EL
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K2 Syt f Y ST AR R R, AR
F U 18 2R A3 ) A RO G A R A BV BE
YT R E VAR A K N RE. 5 /U7X K2
FYATERE MR, RAFAIHET 5 2K 1 L K5
W, BT 2 ZARR 22 1, W 28 HUA RS i 3 DA
SR Ch I A PR TR 2 MR &,
Chen 213 254 (5 08, I H A PF 0k 038 55 2
PR VAT R E 1] 0 AT HE R, (HIz A
e )42 2 A e Ko 2041 1 5o 4 (AR 1
A E K2 Rk Gy, seAdd it @R
TR, AR T I )AL 2R B, (B R X SR A R
Wi Leray 2615 #2 4 MWST-K2 (Maximum
weight spanning tree-K2) 8%, 18 1) fix K 2 EERT
AR A T AT, B TR R S B E 1)
RS BEBEAR, S EUB1T 45 R A AL Faulkner!™
i K2GA (K2-genetic algorithm) 3%, PATY A
PRt AR G ik, sl B U K2 A
XF A A5 G AR HEAT VE 2015 B RS I B, #EAT
FPRE IR AR, FF DL 307 00 26 25 4 2 ) 0] 0 Ak ol 4y
RUTTE R A Wa 0T R ORI R K2GA
SRV A SRR AT B 4, 2 K2ACO (K2-
ant colony optimization) %¥; Aouay 25018 1
H PSOK2 (Particle swarm optimization-K2) %
b/ G BUR AR B i3 RV P IR El =Wk B ik A <o/ ML D A ¢
SRR K2 B0 e 30 R0 3R HEAT DL 37 00 2% 44
&, ik AIC (Akaike information criterion) P4
BRI IOKT 19 4% 25 AR R AT 3 2345 20 0 B 1Y 5 R B OE LY.
JE R ECIEAT A IR AR, HSR BRI, BT
JE B0 0] 1 4k 00T i iy MAK (MWST-ACO-
K2 (Maximum weight spanning tree-ant colony
optimization-K2)) ¥k, % 5VA Rl & i R SCHER
FBGHE IR R R, TEAC BN 25 ) n] JRAS:
BWAAERZER, 5 K2GA. K2ACO. PSOK?2 %4
T R B R DS G AL 2 ) FVR SR, FR R
FRE b BT AT A AsAT K2 SAAS 206 Y i 38 Y. AE,
A REXS PR HEAT SRR AR, AEAE VAN ) B2 2 A
i, AFERSBIEN GRS ERR, TER AR 4%
RCRANTHAR 45 1)

AR SR Y — BT R 9 2 TR Jeg R DL
70 2 45 44 48 R 5% (Bayesian network construc-
tion based on node chunk sequence constraints)
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1) )8 E i) S AR A5 A, M S RSB 7Y
BPA. Z e MY SRSV R ZRIUT, 5 17
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ZERME IR, 152 SR DI P 45 254 . i R 2 T4
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EREEH.

1 NCSC &%z
1.1 NCSC &t

W B = (G,0) @—1PAES X N sing D
WA R b X = {X1, Xs, -+, X0}, X 1Y
BUEFE A {%‘1,%‘2, T ,%m}, G = (V7 E) R ]
%%Fé‘l, V= {X17X2, T 7Xn} %@ﬁ?jﬁl‘ﬁ\%, ﬁf"ﬂ
NG B FRTRZAMREIR R, © h—HFER
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FIOR G AR X AT AR AR SR [9], WA
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fese i sC R T, FIUA U (4) At (5), RUCRfcR
SCHERFEEE PR B(X < Y) 23 5l DAER ] i
E(X = Y) # E(X <« Y) BIEXAN 2= 245 5E 1
SCHEA MR S5H T, 1357454 T1 A T2.

T1=T+EX —Y) (4)
T2=T+ E(X «Y) (5)

e 2 i AR (6), 20 3 TT 55 24 1 W 2 454 T
() CH (Cooper-Herskovits) 18431 S(T, D) PAK
ISINA 18 3 5 T8 U 1 M 2 54 T, T2 #1550
S(T1,D), S(T2, D).

S(G,D) = ZScore (X;, Pa(X;)) (6)

=1

Score(X;, Pa(X;)) =
di

z;<lg(N(+n1 +Zlg ”’“)
(7)

= > N (8)
k=1

Hp, G MR EER, D AR, n ﬁﬁﬁm
(i ) NG jjﬁr'z' Xi WPIRE
¢ R Xy AT R Pa(X;) 7] Elﬁﬂ’uj(ugﬁc
Nijk %ﬁﬁﬁ?%*, X, =z, H Pa( ) jﬂ/lj( &~ J
REA R, FFS RIS E S(T, D), S(T1,D)
S(T2, D) A (9), L B X v e
21 H 0 25 S R T3 1 BT 3, B ) S AE R A .
it 3 e R S AR A8 AL, AR 5 ) T i BT A R ) i
PEAT R ) A, B3 e R S AR 5 ) R A X 1) 30 4

TRE AN BRI 1, 4530 5E ) S HER S5 Tree.
(T1, S(T1,D)> S(T2,D)
S(T1,D) > S(T, D)

Tree=< T2, S(T2,D)>S(T1,D) (9)
(T2 D) > S(T,D)

T, HAth

%Emi%ﬂjiﬂjﬂ T?"€6( ) t = 0717 : TS
FUISE (10) HH58 Tree(t) st =15 X, 201
B PA,. ¥ PA, AR (11) R Tree(t) Hi%A
AT R AR

PA; (d;) =num (Pa (X;)), X; € Tree(t) (10)
Ind, (X1;) = Xpi, PA;(Xp;))=0 (11)
Order (t) = {Ind,} (12)

¥ Ind, A (12) #EAT A Order(t),
TR R T R R N R [R]4Y S SO TR, Z
Jaxt Tree(t) HEATHRT, MER Tree(t) h&EA Ind,
P R, N R 5 33 284 RORH T A 1) 30,
?ﬁFEI’anIﬁIE’ZTWJ‘ HHH Tree(t + 1) &R, FIH
K (10) ~(12) 153 Tree(t + 1) Frxt ) PAe,
Indyyy, ARATHHR Order(t + 1) PASCISHE, 24050
TG IR S ) S AR PO A S AT A R IR R,
R RPAAR (13) 15289 i HUF 5 Ord, B
RHF B B A R B 8 R R R
Pl 1 iR, H v R 2 RS B 6 1) T SR A 1 3,
Tree(0) K7€ i) SLHERY.

Ord = [Order (1), Order( ).+, Order (Ts)] =
[Xo1, Xoz, ", Xon] (13)
OPRO!
e Q @ ey i
k2 = (C,D}
Indl = Ind2 = (E}
Tree 0) Tree (1) Tree (2)
Ord: | [ E |
Om’er(l) Order 2) Order (3)

L1 p A ) SCBEA FET RF S R
Fig.1 Example of constructing node chunk sequence by

directional support tree
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DU {5 B E D] (Bayesian information criterion,
BIC)®* 43 Spic((Xi, 0) [D) FIT AL X BYSCH A
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Soia = Spic((Xi, Pa(X;)) |D) (16)

R MBP I RN, R (17) Rk
PR ST AR i Xo, 1E R 24 BT & 0 A
Xy F0 i BUr s oh, HEE X 2l B Xos AT
[{5 ik Order(t;) W, HAET Pa(X;) W37 54E
R X BTEAEACT A P Rk K 2 s C Y
IR A, W C PEAEALT M4 P o Order(1)
+ Order(2) — C, il ABD.

P = {Order (1),0rder (2),---,Order (t;)} —
{X:, Pa(X,)} (17)

Ord | 4B [ CcD [ E ]
Order (1) Order (2) Order (3)

B2 Y R SRR TR AT AR R BB 1

Fig.2 A simple example of searching potential parent set

by node chunk sequence

M P RS R X A Pa(X;), FIAIEC (18)
IHE LIS Snew, N (19) 7£ P HHRE
REAS B AL M AT A5 130 B A X

SNeW - SBIC((Xi7 Pa<Xl) U X]) ‘D) (18)
X, = arg me%)}g}SBIC((Xi,Pa(X,;) UXj;)|D)

J

(19

AL (20) 58T X ALY Ri4R Pa(X;), Ri4h
A (16), H Sowa- EREEAE, MIBTEACT A
R PORAETE RE B AR T 24 W S5 A0 3 0 i 739 U, e
R X B R Pa(X;) R, AT RBUT
AR, S FTA T MBS AT R, K
REERANAT (21), AR 1 28 S5 46 1) 7] 43 P A
PR 5450 G.

Pa(Xl) + Xj, SNcw > SOld

P = {Pa(Xn, S < Sow

~—

G=> (X;Pa(X;))
=1
HPRUE G A 1) JoIR ], 55 B0 W 28 JEAT 34 %
FUOS ) W SAE IE. @R G i S0y s
AL, B T AR R AR S BT ER A
M, XM G AT ER. SERERM Y% G, P
IR R, A5 IR ) 25 I B4 A, 27 G sf
Ge WA S R, W G A TR E; 50,
G. Wy G AR AEYA M, SRR a5t AT &
iE.

(21)

Ff Ge HHIRRBEAICHN Er, WER G 1Y
XU AAFRN M 28450 G 27 G PP AERR g, A X
(22) X G" HIHHER A A X; — X5 JET
I, R A (23), I M ER AT 3/ N A 1]
WX G AT BRI EAE, 334 10 JEHE Gpac-

Scoregic (G, D) = zn:SBIC(Xia Pa(X;)) (22)

i=1

Gpac = G’ — argmin Scoregic((X;, X;) | D)
(23

Y4B 10 T3 & Goac I8N Goaco, FHEEG
Er EPE"JXXF@J‘Q EFi(X — Y) ﬁ&%u V/\ﬁrﬂlﬂ EFi(X
— Y) M Epi(X < Y) BIERBME Gpaco 1, 15
B 7458 Goacy FIF45H Goace, 450 P ak
SEHIC IS Goaca , A (6) TR EAIY
Py, R A (24) BB Gpac. RZABEIN
T 28 2548 Gpac.

Gpac = argmax S ({GDAGO7 GDAGA} ‘D)
1.2 NCSC &%=

NCSC Fk AN
1) MR (2) A RIREAR R, HE MWST;
2) for all E € MWST do //E i MWST HX{ i1
3) R E HRUmiAA A (4) Mt (5) ME T, T2
4) P (9) MEE [ SCHERS Tree;
5) end for
6)
7

(24)

A Tree M3 (13) HWEAY SBUFS Ord;
for i = Ord(1) to Ord(n) do
8)  FIHI (15) 115 Pa(X5), FIHK (16) 715 Soua;
9)  OK_to_proceed = true;
10)  while OK_to_proceed do

11) A (20) 7E P e sl X5
12) if Solq < Snew then
13) Sold = SNew;
14) Pa(X;) = Pa(X;) U{X,;};
15) else OK_to_proceed = false;
16) end if
17)  end while
19) end for
20) if G fFAEARRES
21) A (23) BIE G R
22)  FIHC(24) BIE G PR L
23) end if

)

24) i V- 45454 Gpac.
2  NCSC EEAtE 8 22 E S

B n R R AR, m AR RO, I
SRS R ELAE BRI R 2R 0 O(m), &3t
Fon(n —1)/2 0, WITHFRR AR B R 20N
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O(mn?), F H H.AF B B i K SZH#ER A O(n?), Xt
HERE RN O(2mn), b, 145 ) SRR
[B)5& 2 O((m + 1)n? + 2mn); 168 18] 3L EERH)
Eil B R R AR RIE AN O(n + E),
Hrp B R ) SCEER A ) ) ke, LR n
— 1, FIHAY R 5 18 2% ) 2% 235 #4) [ sk ) 52 4% BE A
O(mrk*n?), Hrp k AT AL r FR AT
A BB ANB X B30 I TR 245 235 ) TR AT 340 6 A A ) Bt
B ZE N O(n + EG), XFAEVESEA A T1& 1IE /) Bt
B2 O(m(2ED + EC)), Hith EG ¥ #H )5
W 2 LEA AT 101305k, ED SRR G548 o a) i 4,
EC FpR3gmiis, H EG. ED 1 EC ¥/NT
n, BB E AL B R AR 5 KR O((3m
+ 2)n); NCSC ByEmtEIE 2 E R O((rk* + m +
1)n?).

3 NCSC B&{HESL

F T ¥E NCSC #:4Efg, £ MATLAB 2014a
PR LT DT I 4% T 247 FullBNT-1.0.7123] fg
FFRAE Alarm W #% . Insurance %% . Hailfinder ¥
AT AL, MR EULRAINER 1 B,

K1 ARV 2% ) 28

Table 1  Parameters of standard Bayesian networks

EES T REL bk 4 A, R R AR
Alarm 37 46 2~4 6
Insurance 27 52 2~5 9
Hailfinder 56 66 2~11 17

ARGk T VAR AR AR SRR P BURRE B, R 4
AN 25 53 ) 28 30 38 AR AR 7R AR R AR 25 & R 1000,
2000, 3000, 5000 HBIUECHEAE R SLInEicts. F
RS BE ML B 52, 23 330 0 = A~ I 2% 1 B AR AR
AR 10 HAEARBEE, FFEEAE A B A
MSTIZAT 10 ¥R, BP0 28 AN [ A AR 25 5 47 |
IBATHEYE 100 Ik, 53R BCFME. G B R ST H
5k AbPRES Intel(R) Core™ i3 3240 CPU, F 45
3.4GHz, W1F 4GB, Windows 7 32bit #:/E R 4.
RV SEEYERE, AR BT DL H7 ) 2% S5 4 2 > 3
YR R AR SRR AT e SR AT
B, By mi H A

HERRDEL (C): 5HRAEM 25 HH LL, 33575 2 1
oM Euliipiee

TUARIEL (A): FEREAS R W 45 R AEFE, (HA
FETE T ARER 28 i 32 i) Bt

By (R): [R] BT o4 09 28 A5 )
(A 1A 2%, AEL 7 ) FH S R 320 R

AR (M): SHRUEM AL, B2 s
TS A = 2] BN A IR

BRI (W) S35 BT A5 454 15 A e 90 28 45 4
EZRHBZA, ST A+ R+ M.

BIC 43 (BIC): 5 yA5 2119 M 451 BIC 145,

AT R (Ext): G532 20 D13 ) 28 iy 25 s
[].

B2 AR UESS A )12 BIC 1343403 2 fy

7N

2 FpifE DU 5 25473 BIC #5353
Table 2 Average BIC score in standard Bayesian

network structure

] &% 1000 2000 3000 5000

Alarm  —10874.35 —20382.51 —30057.28 —48056.66
Insurance —15998.20 —30103.21 —43863.15 —73069.35

Hailfinder —67046.62 —126837.31 —176348.73 —279766.12

3.1 BRETRFR K2 BENLH

AR NCSC B35 DARRHENT U AE R e
TR K2 BT 5 BAF LG, 40 3IHE Alarm [ 4%
Insurance %% . Hailfinder %% |1z 47 W FhE 3k,
PSRN 3 ~5 iR,

2 3~5 FREFETTH, NCSC BEEAT
B L AR IR INT AR, 12T
SR BT 4 3 DA HE 1 RO VR Je a1 RUF Y K2
S, BEAR T AR IR IR A HORE. X e 2 ik
P, NCSC SFyAx g s & I AUk, RIELE 2R
Hmie /N (1000 2HEE) FRE LT AR S) & A 0
FIL.

3.2 SHMEZXNTLE

NCSC A Xt MWST 53k #:47 ik
HET T REVE, ot NCSC Bkt fg, K
SA 5 O ) 28 Y 1 A B 2 B 1 DLt B XK 2% 45 A 2
S EIRAT I BRI, BREE T AT R A
MWST-K2 5% (K2 + )% fil MWST-ACO-K2
Bk (MAK)MY, BF P Rey: fielk
(Simplify hill-climbing, SHC)®, DL iR &R
¥ SAR ¥ (Separation and reunion)26).
K2 + T BB ey H MWST #4745 5
PR, HH K2 + T fil MAK 5 NSCS 24l
o2 FH MWST 583 4797 57 & 25 [6), SHC
R MWST R0 R = AR HEE, SAR 2
VAR IR G 53E PR BR A R AT ) DL - g i) 2 )

1t Alarm M 4% . Insurance %%, Hailfinder [
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Table 3  Results of NCSC algorithm and standard node sequence K2 algorithm in Alarm network
Ve
Alarm BIC Ext (s) gt
C M R A W
1000 NCSC —11410.83 32.98+1.82 41.8 2.1 2.8 6.5 11.4
K2 —11189.51 10.27+0.61 44.2 1.8 0 4.3 6.1
2000 NCSC —20791.86 42.144+1.88 41.7 1.9 2.2 6.2 10.3
K2 —20605.99 11.53+0.47 44.5 1.5 0 2.7 4.2
3000 NCSC —31025.28 45.9945.93 42.9 1.3 2.2 4.2 7.7
K2 —30505.01 14.044+1.95 44.9 1.1 0 3.1 4.2
5000 NCSC —49812.61 56.254+2.13 43.2 1.2 1.1 4.7 7
K2 —49235.77 16.514+0.74 45.1 1.0 0.0 3.1 4.1
# 4 NCSC Sk SARME mUF R K2 SEA7E Insurance [ 2% Hiafr 454
Table 4 Results of NCSC algorithm and standard node sequence K2 algorithm in Insurance network
L p
Insurance BIC Ext (s) it
C M R A W
1000 NCSC —16 486.31 17.284+0.34 38.3 11.9 2.3 2.6 16.8
K2 —-16219.71 4.584+0.25 39.7 12.3 0 0.3 12.6
2000 NCSC —30756.3 19.61+£1.13 39.1 10.7 2.4 3.2 16.3
K2 —30544.86 5.114+0.31 42.2 9.8 0 0.5 10.3
3000 NCSC —45 369.23 24.3443.22 39.8 10.2 2.3 3.3 15.8
K2 —44748.8 6.3240.40 42.6 9.4 0 0.5 9.9
5000 NCSC —73566.77 29.9242.91 40.6 9.4 2.3 3.2 14.9
K2 —73148.28 7.681+0.45 43.8 8.2 0 0.6 8.8
# 5 NCSC FL-SAMET R R K2 BIAAE Hailfinder W45 iafrT4
Table 5  Results of NCSC algorithm and standard node sequence K2 algorithm in Hailfinder network
pes
Insurance BIC Ext (s) fit
C M R A w
1000 NCSC —78396.62 232.184+16.31 47.8 16.3 2.8 9.7 29.3
K2 —78157.99 25.714+1.55 48.3 17.7 0 8.1 25.8
2000 NCSC —131604.2 250.58+7.94 50.2 13.9 1.6 10.1 25.6
K2 —130945.5 30.224+1.51 51.6 14.4 0 9.1 23.5
3000 NCSC —182167.2 292.22420.01 51.5 13.4 1.4 10.3 25.1
K2 —181831.9 36.58+1.84 52.9 13.1 0 9.5 22.6
5000 NCSC —283288.4 356.14+16.77 51.8 12.8 1.8 10.1 24.7
K2 —282937.2 43.37+1.83 53.5 12.5 0 9.9 22.4
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25 rh ozt NCSC FRH EIAXS FESA. M4 3C . '
Wk [15], RF735 s s/ YT VR MWST-K2 55 1
AR R AR SR (18], i MAK W5 B R0 E 1
FHON L, FRREBERRECH 0.7, J5 kB FE " ]
h 2, BEMREA 50. HUESCHR [25] K SHC SRR = ]
AR /N BIRHEATRID A 1. ARGESCER [26] 2y 2 M|
I SAR T g, A, Al Ay BFEH 1, 0.8 F10.85. =
SRy EO U A RIE B IR S il ¥icn &l 3 ~ 5 fir |
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R 6 TAFIEAE Alarm (2% H2ATI R (s)
Table 6 Running time of five algorithms in Alarm network (s)

Alarm 1000 2000 3000 5000

NCSC 32.984+1.82 42.144+1.88 45.9942.04 56.254+2.13

K2+T 11.72+0.74 14.82+1.62 16.33£1.25 18.82+2.71

MAK 942.60£31.4 1153.37+£32.37 1299.014+42.55 1582.351+46.86
SHC 3474.01£90.80 4079.66+121.98 4784.10£156.85 6013.93£216.64
SAR 46.77£0.81 49.64+3.52 62.30+3.38 77.39+10.91
£ T I Insurance [945HE AP (s)
Table 7 Running time of five algorithms in Insurance network (s)

Insurance 1000 2000 3000 5000
NCSC 17.28+0.34 19.61£1.13 24.3443.22 29.9242.91
K2+T 4.5540.41 6.03+1.20 7.17£0.83 9.4242.59
MAK 388.99+12.41 420.61£27.73 481.50£32.86 694.92+30.30

SHC 4051.46+123.82 5521.37£179.04 5701.31£207.10 7072.01£241.25
SAR 19.38+0.90 19.95£1.55 31.67+4.81 40.60+5.95
* 8  TASATE Hailfinder 925 HiafTInTA] (s)
Table 8 Running time of five algorithms in Hailfinder network (s)

Hailfinder 1000 2000 3000 5000
NCSC 232.18+6.31 250.58+£7.94 292.22+10.73 356.14+14.86
K2+T 28.5440.92 32.8240.93 39.21+1.16 49.38+1.76
MAK 2203.76+£61.58 2611.30£66.94 3100.82+96.87 3854.99£120.45

SHC 18273.69+468.55 23500.71£318.11 29255.294380.52 35785.384+420.00

SAR

229.07£7.82 264.35+£15.53 307.52£12.35

362.27£20.55
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