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Optimal BN Structure Learning Algorithm Based on Double Constraints
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Abstract: Aiming at the problem that existing Bayesian network (BN) structure learning algorithms based on Dynam-
ic programming are too complex to learn large-scale networks within a reasonable time, a Bayesian network structure learn-
ing algorithm based on double constraints is proposed. Firstly, the set of neighbor nodes is obtained by using the set of can-
didate nodes and constraint set for conditional independence (CI) tests based on the maximum information coefficient and
Markov blanket. Secondly, the neighbor node set is used to constrain the search process of the parent node graph, so as to
obtain the candidate parent node set. On this basis, the optimal parent set of each node is extracted from the candidate parent
node set to construct the initial directed graph. Thirdly, the strongly connected components of the initial digraph are calculat-
ed using the Tarjan algorithm to get the node block order. Finally, the optimal BN structure is obtained by using node block
order to constrain the search process of node order graph. Experiments show that, compared with the existing five structural
learning algorithms based on dynamic programming, the algorithm proposed in this paper greatly improves the learning effi-
ciency of the algorithm under the premise of slightly reduced accuracy. For Sachs network, the proposed algorithm reduces
the time consumption by 40.3% and the accuracy by 12.1% compared with DPCMB (Dynamic Programming Constrained
with Markov Blanket) algorithm.

Key words: Bayesian network; maximum information coefficient; conditional independence test; Markov blanket

Foundation Item(s): Xi’ an Science and Technology Plan Project (No.2023JH-QCYJQ-0086); Outstanding Youth
Science Fund Project of Shaanxi Province (No0.2024JC-JCQN-57); Engineering Research Center Project of Shaanxi Univer-
sities in 2023 (No.202301); Electronic Equipment Intelligent Testing and Reliability Evaluation Engineering Technology

Wik H 19 :2023-03-23 5 & [01 H 18 :2023-08-06; 52 4T 4 i - Hg 250
5 A R



2478 H, ¥

EE 2024 4

Research Center Project of Shaanxi Province (No.2023-ZC-GCZX-0047); Youth Innovation Team of Shaanxi Universities
in 2022 (N0.202201); “Scientist + Engineer” Team of Qinchuangyuan in Shaanxi Province (N0.2023KXJ-026)

1 5%

D1 397 9 4% ( Bayesian Network , BN ) 2 R85 [F
WHIRZE &, BB ge it MEdis s drie 71, LUEDE
A 75 2 s A8 1 [B] 9 AR OC AR AT U 2R AR A 56
HEHL I A2 A4 B, DRI, BN B Ay A BEOAS ff Pk ] A8 ) T
BRI . T4, DL 30 0 28 i 2 b S T AR 12
RPN v R L 5 /o 4§ 1 NS B 5
Bt AT RERE AT XU A AT K

BN 22 3] 43 A SR S Mg 24 3] . i A IR A
1) 1 2 S5 48 S AT S0 2D BRI A 50 BN 45477 ) &
BN 2% > Wi 5% (9 5 o . BN &5 /) 2 > 2 38 oo © 450+
AW E 1A IR AT G BARAEAS S fiE 22 [ 32 12 5C 28 1A 1)
T E (Directed Acyclic Graph, DAG) , IAAG BR A WL £
P bz ) Fe LR BN 4548 © B U= 1 AR E P 22 0
7 (Non-deterministic Polynomial , NP) At 2! ol o )
SR AR D) B Aoy Ry 32 BT ARG UL B TT
5118 % (Score and Search, SS) Y J5 ik AR & 8 R )y
L Hh BT SS B A A T D4 R B AR A
FRA YRR R A R aese S B4R T4 R il
(9 BN Z544 14 I AR BB AR AR A i) BN 2544, HLT o551
YRR 3 1o 5 M A R 0 T LA B B DL 1Y BN 4544,
TRRCRAL T RUE . RIB0 % 50 s AR (Dy-
namic Programming, DP) B 502k M LRI Fn 49 3 2 A
WU AR IR AR BRI P AR S B ST 3 DP
Y25 AR A > B

E DP B33k v 8 fin 45 il 29 9, AT K e B2 4 DP 33
PR . 2018 4, SCHR [ 18 42t 1 Rl & JE 40 IR Y
DP B, 12007 W30 o 0 6 96 R AR Sl 30 %o sl 25 A4 7y
R FEIATL I, AT REAR DP 3L 1 sf (] 25 (] 2 4
B ABIZ 7 R BRS FE 32 B SC B E AR 2 R . 2019 4F, 3¢
BRE19 4 7 3 T B /R B R BE Y S DP B2 %07 v
M T RBRR BRI DP Bk A s 1, 4 s B Ak
B ARSEVENG G T S B E e SCHER[20] 42 T
BT 07 )2 VR DP B 120 i i CL x5 s i
17432, AT FEAIR DP 57 (4 B FE |, (9% 7 1k IRORT B2 A6 it
T CIIM XAy IE AP . 2020 48, SCHR[21 ]9 i 7k T2
K SAE S B DP L, B 5, AT kot i K I {0 )
2803 Y R, U DP S k27 2 43 s R 454 5 I
T BG5S 3E 0 BN 4549 . I — e [l
PR T DIP B30 T 125 76 A BRI [] P b 38K LSS 1) 4%
) )l

25 bRk 18 DP B A & Fh 29 o n] AR
BV TR, ARBETA R S R B . H 3R T

PAT HA A7 25 8] 25 2t R S as A7 I TR g [ . AR S
Pt T T XU 29 RO d G BN 2544 %7 2] 5125 (Opi-
mal BN structure Learning Algorithm based on Double
Constraints, OLADC). & 7¢, FIHASE T S ES AR
T A R R, A5 B A0 KR s L, AR
PEACTT A TP I B A9 R R AL R A S W) R AT
] &L 5 PRI, 38 4 Tarjan 53253500 06 A ] & b A 58 3%
W (Strongly Connected Components, SCC) , X
SORTE s Bn R SO 29 9 0 B 48 Rt
T, N4 BB LY BN Z544 . A SCHE H3 9 530125 7T AR
DP 5L AR FE , IR DP 5935 16 & B[R] P AR B R
AT

2 MHETZEE X

2.1 NMETMZKE X

DU M 4% %78 BN=(G,0),G= (V,LE){R&ET
DAG, Hort V= {x,xy. x, ) A BEHLAS B E AT 34
AR T R EROC R L x Ml 02 DAG Y 2415
AR x> x AR S B A A LA T,
XN xBTS R, SR BT AL Pa(x, ) SRR A B4 B
AT EAEA,Ch(x, ) 3T s x T P SRR 47 1
AN R BAT AT B AL A PRI S AR A 1Y
ST AR ) 97 A5 BRI A R I A

EXT WEFE2 AT ET o 15— AR
LeMEHES , x, <, 2o x, HEAE x, WO BT . A SO A4
5 R AT B R SN 1 iR
2.2 ETFEHEMXIBNEMZEIEE

M T BN &5 4 19 o AP, 19 21 19 i L BN 2544 b 2=

F1 HEREMEN

i FRE L
X, ),V RiP=
n [ e
P-4 Do A 3 K
MIC(x,.x,) 35, RIS A 22 4] ) MIC
MB(x) R x W IREHGE
nb_cand(x) Y x BUMERE T SRS
x1yz S8 TE Zx Fly S5 Sy
Sep_cand(x, ) A x Ay L
nb(x) AR IE T S
B AR
C,,Cy o, C, R
order= {C],Cz, ,Cm} W ET




#0071

Wk 205 DU 2 R e O BN 2 2 > ik 2479

A AT ST L SR S ALK 2% 2] BN 454
B, BN &5k b 2 /05 1A s, BRI 943
SER R . AR RS RS RN

max Score (V\x)
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Score(x,Pa(x)) (2)

= max
Pa(x) € N{x}
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B PE Y b _cand , I KA B R EMIC

1.G, IR 1 A 5E e m E
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Function2[ nb | = candidateparentset ( D,ns,nb_cand, MIC, b)

N KRB D AZETT £ nb_cand, F KA B RFMIC, PR R
%o

B BT R A nb

1. MB (x) « TR AN B RB R

2.FOR x<«1ton DO

3. FOR yenb cand(x)DO

4 Z=3 FNWi x Ly|Z 215 T

5 IF x_Ly|Z THEN

6. nb_cand (x ) MR Ay

7 ELSE

8 S« T MIC( y, )kt MB (x) 47 T HES)
9 Sep_cand(x,y) « MU S RTA T4
10. FOR Ze Sep cand(x,y) DO

11. FIT x L y|Z 75 ST

12. IF xLy|Z5r THEN

13. Mnb_cand (x ) FMHFRT Sy
14. END IF

15. END FOR

16.  ENDIF

17.  IF AAFAELRAE Zfif x Ly|Z 57 THEN
18. nb(x) <y

19. ENDIF

20. END FOR

21. END FOR

22 PR A 25 IS A TR R HES
23.nb(x) «HRIE T 25} nb (x) VAT HEFHES
24.nb(x,(b:end) ) < @1/#5 nb (x ) BIEF >b MR b 2 )5 B9 15 s 8K

LT LR R TR s 1y s A 2R AT A
A R R D AR a5k 3 iR L 4 4~ 1245 R G 3
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Bnb (v) BIECH r 25 AACT 55 1 f R AL SR 5 AL
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Fun(:tion3[ Score, parents] = generatesparseparentgraph (D, n,ns, nb)
BNHEABAEE D, B, 1 RS E s SBJE Y IS nb

B AT U B I IESF Score, AT SRR A 19 31 2 ) parents
1.LFOR v« 1ton DO

2. [Scorev,parentsv] «—

3 r < length(nb(v))

4 FOR layer<« 0tor DO

5. FOR each node U such thatUenb (v)&|U | =layer DO
6 BestScore(v, U ) = max BestScore (v, U\{Y})

7. IF Score(v,U) >BestScore(v, U) THEN

8. BestScore (v, U) < Score(v,U)

9. Append [Score‘,, parent sv]

with [ BestScore (v, U ), bitnarize (U)

10. END IF
11. END FOR
12.  END FOR

13. Sort [Scorev,parents‘,] with Score,, in descending
14. END FOR
15. RETURN [Score, parents]
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P ORHS 4 28 N s B Oy = {x, ) R P ETT 4R
G U, I GRS URE TITR R s, B8 Rl 2
g

AFER AT HT Horder= {C,, C,. -, C, -+, C,}

MR E R oy [[|C) .
i=1

I, DPF I ORS00 1) P54 B 3 By
JETIERIA O, Y1 B IERR I, DP ARS BEH R,
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(a) FELHA BT

(b) order= {{x4},{x,,x3},{xz}}

El4 n=4m97 s )FHE

Z KGR
3.4 HifiR#E

AR SCHRE H ) B R 8 T s AR S 2 AT A
P 4 R e R, PR T R 2 T SO B i R
o, B R B A AR S A AR . OLADC
VAW ONARAS N GEE 4 B, 5 247 3d 2k AT s BT A
S A BN AL A LSy 3 5 3~8 1T HL
A AT R R AT R IR IR A T A 1)
E G; %5 94738 & Tarjan 59 71547 [ # G 1 SCC, B
C,,Cy, oo, C, s 55 10~ 14 4T 101 SCC LR A B THAT,
132 SCC I, SCC E 4 MR AE J2 35 £ HUT order, %
T3 order FP RS 4 B 10 % H 45 3 order_num; 25
15~17 47 38 33 15 5 e order 24 o8 45 5507 1 0 48 R it
T2 A e DL Hr [ 28 2548 G
3.5 BEEBMRBEERESH

B n Ry 2871 AR, TR B R B R B i Ta) &2
IR Ry O(n**). T RBHRE IR 2 R O ().
i MIC BRI Z 5 CHIMA A e 5 i S A, P 9 i x
B CL I 3 1Y A 2 15 A BN n—1 B/ O e, (1=
|nb_cand (x) ), BT LASE HY e /2 B[R] 1425 B X6 5 30 3
S48 MIC A1 Eh JRBR I BE BR 1 CTIR 0 2 R4k | b B X
A REA LI N 2" U/ R ke, (k= [ Sep_cand(x.p)])
R, CLIM R G O I 6 52 2% 8 89 O (Kt ). Tarjan 4
BRI 52 220 9 O (n+e), For L e J A7 1] PR Hh O 310
B FFTARES £ 424 Tarjan 523529505 19 DP 21k
il 24 4 O (n27)(r, = b (x) ) 45 EBRiR , OLADC
PR ZEIE ] O (n(n' 4 n kit +1427) )

7 FH MIC A1 2 JR A} R BR A CTI 38 Ao Ao 7 455 5
GRNZHAE AT LR CLIA A e 5 R AU n(n—1)
WEAR A e, 48 CLIR B9 29 MO (2720 (- 1))/2 B

{854 (e, ) 2. 6 60 5 55 48 45 1 Tajan 534 249 50

Hika BETWEARMZMBNHRZIE R

BT RUE LY S A AL BN G442 > Bk
BNFEABAREE D, UIREE ns
A A BN 454 G°
/B U D Mg R i e
2.[ Score, parents] = generatesparseparentgraph (D, 7,ns,nb)
3.FOR x,< 1tonDO
AEEIRINEE R BT SRRl = Sy
4. Bestparents (xi) =arg max Score(P)

P e parents(x, )

5. FOR x; € Bestparents (xl.) DO
6. G(x,.x;)= 1 IR EA AL EA A 1K G

7. END FOR

8.END FOR

9.C,.C,, -, C,, « Tarjan (G ) //F| ] Tarjan 53515 258 % 18 /) 5
10. G3°“«C,,C,,+++,C,, -, C,, /13F]SCC

11. order={C,Cp, . Cp, -, C, ) IAHE G5 PEATHMIEFE

12.FOR i<« 1tom DO
13.  order_num/(k,) < length (order, ) /#5435 B %k A
14. END FOR
15, /7795 ST order ZYHU AT
16. parents_nodes =
GenerateOrderGraph ( D, Score, parents, order, order num )

17. G" =parentstoday ( parents_nodes) /{5335 BNEHY

DP 5k, Al LIOKE DP 5302 19 Jmy A D1 230 O n2" ' AR
Sy a2 Ry Y EANTE AE A 2 A RIS B H BOXS L
A Sachs 145 4 ], C1I R ) 4 226 45 f B H 29 AR 5
H 1 DP 5532 5y R DY 23 UCEUE 29 T 5 29 IR A9 X T

w3 fn.
F3 Sachs WELHRAIGHIB EITLL
B YT A5
CII A e e 15 mi B H 110 50
CHIMR M 2 A5 H 28 160 856
DP B 1 R P 3 B 11264 150
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EE 2024 4

26 3 T, 20 CLINR B s e i 8 H (AR
L% B AN DP B3 R PTG 2 SR 430 R T
54.5% .96.9% .98.6% , Wl £ 15 5B N, X e H 2
T REAS AN

4 EBWERKIH

4.1 HURE
15 BELSZ B /F MATLAB R2019a 3738 F 247, #:1/E &
4t A Windows 10, 18 14 24 5% & Intel (R) Core (TM) i5—
7300HQ CPU @ 2.50 GHz 2.50 GHz. & ;i OLADC &
EPERE T T 21 6 Fbr v R0 28 AT 07 L2 0, 2% 1Y
BARAF LU AN R 4 i
F4 ENENSH

. e | RS | BRI

[EES L2 | T | T s | s
Asia IR 8 8 2 4
Sachs I 11 17 3 7
Child rpoRLA 20 25 2 8
Alarm rpoRLA 37 46 4 6
Hailfinder KA 56 66 4 17
Win95pts KA 76 112 7 10

4.2 FMNIERR

SRR A SCETE R PERE A b A 45 A B
FEAZSHE AR 3124 1 0003 000.5 000 (495236 504 . K%
AP 2 56 5 4l o R P R 3 B A R 0 ) %o A A
T 745 ) 2% R R AN B f: B AL A i 10 ZH 55000 o 33k o
BAT 10, e A F L A PERRBCE M. b T R Rk
PERE , A SCR A2 47 0 8] | 01 30745 B U] (Bayesian
Information Criterion, BIC ) #E43  vERA I BUATT W B B2 4
FPEM R R .

BATHFR](T) B2 ) BN &5 48 Jr it i) []

BIC ¥ 43 (BIC) : 5.7 2% >J 159 21| BN 45 #4 (1) BIC
43, BIC P43 g, k2 S 15 31 1) BN S5 Rk 47 .

BIC(G|D)= ziz m, log "

im1j=1k=1
1 n

_Ezqi(ri_ Dlogm
-1

Hoilt, G W IV, D A B g, % x, 19524
SRS BT T AR AL ORS00 RS L
By, S B D A A 3= k L Pa(x,) =) OB
AN m RNt R AR B

MBI AL C) + 55 B IO S5 L, 500 7 15 0 24
R BB s T3 (A) bR BV o A A (L o 2
SJ13) BN S5 H AP e BB R (R) AR E R 2 A
gk 2% 3] A5 1 BN 45 o R I A7 A O3 10 24 0 2

ik
m;

(8)

HR R A I 5 25 25 300 (M) < s o 0 265 v A7 A (HL A3 v
2 2] 15 %) BN 45 89 O A7 AR 0 30 80 DUBH R
(HM) : 8 k2% > 45 3] BN 45 44 55 5 52 () 4% 45 7 22 [a]
ANHA TR B 30 8 =2 A HM BN AR 36 2% 20 45 31 i ) 2%
G, HM=A+R+M. 6 Tl b i I 2% 14 SF 34 BIC o143 40
FK5PR .

x5 OHERER% T BICITES

BES 1 000 3000 5000
Asia —2299.1 —6757.7 —112582
Sachs —77105 —21995.4 —36318.8
Child —13205.8 —38388.1 —63513.1
Alarm —12601.6 —34688.4 —56817.1
Hailfinder —572445 —156 642.3 —255504.8
Win95pts —10985.9 —29443.6 —47893.8

4.3 SKEEERSH
4.3.1 OLADCHZSHMEZRHENTLL

OLADC 7L A% 5T 2 4 DP 831k o 47 it i 35
2, 43 OLADC B35 i 14 RE , #4531 15 oAt 5 b 5t
F DP A4S # 2% 2] 3L 01 SMDP (SM-Dynamic Program-
ming) . MEDP (Memory-Efficient Dynamic Programming
algorithm) , BFSDP (Breadth-First Search Dynamic Pro-
gramming algorithm) ., DPCMB (Dynamic Programming
Constrained with Markov Blanket) 1 DPCNCO (Dynamic
Programming Bayesian network structure learning algo-
rithm based on Node Chunk Order Constraint) & & o f7
P BRI . 7E 6 FARifE 45 h 43 J)i2 4T OLADC FilF ik
XF B R s AT R A5 SR gk 6 s . H
i, ST R W S 2] A E I TE) (4K ) N TR 15 2
S5 R B T A i S A AR LN A IR S
LA .

Ry SN R Ml SR G A T I R AT X, AR SORE
OLADC FI_L 3 X Fe 557k B3z 47 i 18] #E 4T Fe A, inf&l 5
JeoR . BT IR A AE % 2] Hailfinder Fl Win95pts
PO 2% 1f, X7 B ) BIR ) 5 A A7 BR A, PRk I 5
i T A4 W 25 IS AT A TRDXT L& . Asia FIT Sachs 4%
o BRI AT R 22 I E AR ORItk T R X 2 A4
I £ 1 A5 2F AT e, X b R an BT 5 (o) FRETS ()
FI 7, BT Child FT Alarm [9 £ i) 8 73 55122 18 47 16 1)
G BRI Rk 2 A4S 9 2% 1 BT A B 24 HCLL 10 SR i
XS, % L 28 SR AN 5 () FEL 5 (d) o

XF L B S 7E A (A A o ) 4% Hh, A] BT R L
S5, OLADC % 3k iz 17 if [A] W] & °F F% . SMDP |
MEDP , BFSDP . DPCMB , DPCNCO % % 1 °F ¥ iz 17
5 8], 7E Asia [ 2% 1 73 5l & OLADC 55 3% B9 1.02 47
2.07 1% . 6.17 £% . 1.64 £% 0.9 £i% ; 7E Sachs ¥ £5 1 |-
IR S Bk 43 5 & OLADC 5595 (1 6.65 7% . 2.16 £ |
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F6 OFMEETEIRAEMLE R FHIEITRE A s
S LIRFT S
EES FEA K
SMDP MEDP BFSDP DPCMB DPCNCO OLADC
1 000 0.187 2 0.380 3 1.133 1 0.3015 0.1825 0.183 4
Asia 3 000 0.1957 0.388 8 1.667 7 0.683 2 0.270 3 0.394 1
5 000 0.198 7 0.3933 1.8477 1.808 8 0.3338 0.794 7
1 000 3.4200 1.1121 17.272 1 0.7210 0.561 5 0.5142
Sachs 3000 3.8599 1.3277 21.3414 1.8737 1.2451 0.870 5
5 000 3.8825 1.8136 23.468 6 2.188 4 1.566 2 1.4655
1 000 — 17 563.400 0 282 720 18.0859 6.265 6 2.758 1
Child 3 000 — 17 684.600 0 297 694 28.844 4 16.967 7 41751
5000 — 18 276.100 0 313673 109.384 1 33.827 1 9.642 8
1 000 — — — — 72.758 4 10.5929
Alarm 3000 — — — — 202.292 9 273857
5 000 - - - - 4.872.290 0 1305.500 0
1 000 - - - - - 131.556 6
Hailfinder 3 000 — — — — — 194.168 3
5 000 — — - — — 289.705 8
1 000 — — - — — 79.206 2
Win95pts 3000 — — — — — 1039.927 0
5 000 — — — — — 12 901.300 0
2 IR B
[ MEDP
[ZIBFSDP -
20 || EEEEIDPCMB
[ DPCNCO
[]OLADC
B 2 s}
ﬁ\: 0.8 ;’}{ 10F
0.6 %_
04 st
i |
0 1000 3000 5000 7000 0 1000 3000 5000 7000
B i BEE
(a) Asia (b) Sachs
4.0
35+
3.0
z é 2.5
= =
% :g 20}
o a1
1.0F
0.5
0 1000 3000 5000 7000 0 1 0})0 3 600 5 (;00 7000
i EE
(¢) Child (d) Alarm

€5 OLADC I 500 LB 1ia A7 i )X b
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33.59 15 . 1.4 % . 1.09 %% . SMDP , BFSDP , DPCMB % % %8 REEETE Sachs MERMIETER
E Hailfinder 1 Win95pts [ 2% rh T 22 i 47 19 Jmy 3 3 B | sk BIC C HM
4y it £ , MEDP ., DPCNCO % ¥ 7£ Hailfinder Al SMDP —7678.1 109.5 115
Win95pts M & i BT B B E R B £, A i, MEDP —76214 107.7 13.3
e AR X B B W AT AE AR SO E Y B TR N is AT Loog  |BFSDP —7640.6 110.7 10.3
as R R LR R X KT 37 A A A DPCMB —7584.5 108.2 12.8
W 2 2 28 AR ME 7E A A I ) P 45 30 45 51 AR SR DPCNCO —7666.0 13 95
R SR T DA 2 A5 5 2% S5 4 . UER] OLADC 3k OLADC — 76566 108.1 129
AHLE T bR H B8 AR TR £ 38, nDHy 7 ) 1 S L
SBR[ 2% MEDP —22016.0 109.0 12.0
AR SCHE P E R LB AE Asia. Sachs |, Child 000 ook | 22078 L T
. . o DPCMB —22198.4 1132 7.8
Alarm % F ROV EE B BIC BEAY  E 83 8506 1 45 5%
1 T 10 % IR E 0 3 7 o DPCNCO —21984.4 112.8 8.2
OLADC —22082.5 109.4 11.6
RT AEAERTE AsiaMEFHBITER SMDP 264331 112.9 81
FEAKE | AL TR BIC C HM MEDP —36457.5 110.6 10.4
SMDP —2290.8 60.2 3.8 so00  |BFSDP —36407.6 111.6 9.4
MEDP —22943 60.4 36 DPCMB —36506.7 111.2 9.8
000 BFSDP —2301.5 60.7 33 DPCNCO —36386.9 110.3 10.7
DPCMB —22703 57.8 6.2 OLADC —36355.0 1114 9.6
DPCNCO —2322.1 59.1 49
K9 AEEEEChildMEFHIETER
OLADC —2292.1 60.5 35
SMDP 67742 605 35 FEARRE | SRk BIC ¢ | HM
MEDP —6806.6 61.1 2.9 SMDP _ _ _
BFSDP 7604 0.9 i MEDP —13132.6 3950 | 5.0
3000 DPCMEB 67850 0.9 i 000 BFSDP —13178.6 3940 | 6.0
DPCNCO —6766.9 61.2 28 DPCMB —13279.0 3957 | 80
OLADC —68498 61.0 3.0 DPENCO — 131639 P15 | 85
SMDP 12603 oLl 9 OLADC —133189 3913 | 8.7
MEDP —11280.4 61.3 2.7 SMDP — B
BFSDP | —11257.7 61.0 30 MEDP —383927 3960 | 40
2000 DPCMB —11150.0 61.2 2.8 3000 BFSDP — 388037 3950 ] 50
DPCNCO —112462 61.3 27 DPCMB — 383944 396.6 | 34
OLADC NTEYY 0. 31 DPCNCO —38813.2 3929 | 7.1
OLADC —38615.9 3925 | 75
6 P AL 2 2T 45 B bR o 9 25 i MR BIC P43 4 {5 SMDP — — | -
EXTEE, W 6~9 firan . i T R AR 2] 5 HM A1 BIC MEDP —63059.3 3940 | 6.0
PEITAHZEAN R, DRt , Pl o AR e ST 00 HEA T AT A it 5 000 BFSDP —63214.1 3940 | 6.0
XF L2 7~10, 181 6~9 , FH [A) 595 08 9 45 b, AHES T DPCMB —63598.5 3938 | 6.2
X B AR SCHR 1 SR T T TR R I K, -3 DPCNCO —63 883.4 3932 | 6.8
BIC P43 ¥ A B i 22 5% . OLADC & 3£ 5 SMDP B | OLADC —63 880.7 3935 | 6.5

MEDP & ¥ | BFSDP %% . DPCMB % #: . DPCNCO & %
A EE , 200 B BB 7E Asia 925 43 B REAIG 5% 42 T+
42% ATt 2.1%  FEAK 20.6% . FE A% 7.8% ; 7F Sachs [
2 v 3 o 4 T 17.5% B IK 4.5% . $E T 16% | 2 Tt
12.1% 42 T 18.9% , it OLADC & 4 ) K5 A BT F
F% . LA Sachs W25 A 5], SF- 35 HM Ry B8 300KG B8 10 DF A 45
¥ , OLADC & #H % DPCMB %47 45 B FE A% T 12.1%.

AR SCO i Y BURS JE T I ) DL dhy R SCC TR R
P 5 R A BN T IR — IR, A Ry
A T S, W OLADC 535K FE A 247 B B T
AP A S R AL A, W OLADC Bk K 2
WL N R .l TR0 3 A IR 11 5 05 B2 2 e L 3% Al
2V R AR, IR, AR SCERE e v AR AR S5 R
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K10 FEERE Alarm MK HEIEITE R

FEARZ R RPN BIC c HM
000 DPCNCO —12392.3 1334.0 35.0
OLADC —12959.1 13323 36.7
DPCNCO —34779.5 1336.5 325

3000
OLADC —35368.7 1336.0 33.0
DPCNCO —57552.9 1334.0 35.0

5000
OLADC —57889.9 | 13392 29.8

PR RS

0 1000 3000 5000
Kb

(a) *FHJHM

7000

FE AR S B A2 A7 st ) B AL

25 LTk, OLADC Bk A H T X FL 3 vk AR e K
JE B — 2L R B (EAEIE 17 I ) AT B A3
Xt Sachs M 4%, OLADC 5 75 #1 X DPCMB 5. % i #&
B T 40.3%. LLF-34 HM R 850 200 B A9 2F M 48 b
OLADC % v£ #H % DPCMB & vE 45 BF K&K T 12.1%.
OLADC 53 78 o VR A IR IR SR RS B i Al K
YR = R &

=12 000

-10 000 -

-8 000

=6 000

SEHIBICIR 4y

-4 000

=2000 |

(b) “F#4 BICT343

[#16  Asia W25 H 6 R A1 K BE X 1L

] 0LADC

RE e

0 1000 3000 5000 7000
Y

(a) FH¥IHM

[ 0LADC

SFHIBICHG 43

7000

(b) V1 BICTH Sy

€7 Sachs 45 H 6 Rl A3k B RS 1 X L

4.3.2 OLADCEZSIEMUEXWHEIILL
55 E OLADC 535 PERE , 7645 1E 1 Sachs /)N 7Y [
2% Child 1 5 [ 2% 11 Hailfinder A [0 2% | JE47 45 EL52
B FEARZE 43 3] 10003 000 15 000, X b3
PSO (Particle Swarm Optimization) Fl DFA-B (Bayesian

network structure learning based on Discrete Firefly opti-
mization Algorithm). FEAS YR SEEG v, FRERLAR IS 4 20,
Sachs , Child I Hailfinder [% 4% 11 3% £ Y 053 51 24 50,
100.200. PSO FIl DFA-B 574 HIAH G SR BL B 02k 11 77
N, SEREIRANGR 12~ 14 iR, DKL EH s 2 fe L& 2R
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K
g
=4

2024 4F

ST EA B
SEHBICHR 43

1000 3000 5000 7000 100 L3000 5000 7000
e L
(a) “F¥HM (b) THIBICHHSY

[£18  Child [ 4% m 6 Rk (RS B % 1

PRI B S
13
?i’JBI(‘:?%ﬁ

14000 3000 5000 7000 0 1000 3000 5000 7000

Hpn e
(a) “F¥IHM (b) ¥ BICTHS)

19 Alarm W45 H 6 T332 (045 B2 X6 1L

11 HEWMBEXSHILE £13 AREEEFEChild MK FHEBITER
AP 2R HEAR R | R4 /s BIC C | HM
PSO c,=¢,=2,0=0.6 PSO 2088.1300 | —16261.5 | 355.9 | 44.1
DFA-B y=1,8,=1 1000 DFA-B | 5399710 | —13412.8 | 379.6 | 204
OLADC 2758 1 —131639 | 391.5 | 8.5
F12 ANEFETE Sachs MR HEITHR PSO | 2967.6400 | —471410 | 359.6 | 40.4
FEAR: | R TR /s BIC c HM 3 000 DFA-B 9493206 | —39179.3 | 384.5 | 15.5
PSO  |358.8280| —8422.12 | 1003 | 20.7 OLADC 4.175 1 —386159 | 3925 | 7.5
1000 DFA-B [123.0952| —7841.70 | 103.7 | 173 PSO 41300700 | —76761.4 | 361.3 | 38.7
OLADC | 05142 | —7656.60 | 108.1 | 129 5000 DFA-B | 13354700 | —64035.1 | 388.3 | 11.7
PSO  |381.1970| —24266.80 | 102.0 | 19.0 OLADC 9.642 8 —63880.7 | 3935 | 6.5

3000 DFA-B  [233.3180| —22083.60 | 106.7 14.3 _ . s
OLADC | 0.8705 | —22082.50 | 109.4 11.6 R HER 1214 76 AR T B b ME P 46 1A LE T PSO

PSO  |527.4880| —39050.80 | 1023 | 187 I DFA-B 535, A SCHE H A0 380 1 57 25 100 B 2 ok 2>
5000 | DFA-B |293.6427| —36582.70 | 108.6 | 12.4 -1 BIC PEAR 38 K, P 3432 AT I 8] R [ . OLADC % s
OLADC | 14655 | —36355.00 | 1114 | 96 5 PSO BB DFA-B B WA L 3 9 1 1 B B 76 Sachs
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F14 AEEETE Hailfinder ME FRIEITER

FEAKE: | kA Fx /s BIC C HM
PSO | 30844.1000 | —68377.2 | 3027.3 | 108.7

1000 DFA-B | 7501.6200 | —55205.2 | 3053.5 | 82.5
OLADC | 1315566 | —53813.1 | 3066.1 | 69.9

PSO 71661.4000 | —203723.0 | 3029.6 | 106.4

3000

DFA-B | 147833000 | —162034.0 | 3056.0 | 80.0

OLADC 194.1683 | —155510.0 | 30754 | 60.6

PSO 96 321.1000 | —332608.0 | 3035.3 | 100.7

5000 DFA-B  [20963.7000 | —262063.0 | 3059.5 | 76.5

OLADC 289.7058 | —258555.0 | 3089.5 | 46.5

I £ rh 23 S BTG 41.6% . 22.5% ; 1E Child % 2% v, 23 5]
[ AIG 81.7% . 52.7% 5 1F Hailfinder F 2% &, 43 51| B A%
43.9% .25.9%.

WEEFR 12~14, SFEARZS AW IR, OLADCBE
2SR BN Z5H - HM D . AEREARZS oA RS, AR
T PSOMIDFA-BEE , OLADC Bk~ 455 (1) BN 4544
SAEEPME S5, U] T OLADC AL AT R .

5 it

Gl X BRAT T 3h 25 R g DL I 34y o 245 235 Ay 2 o) B4
WA IR R TG AE A BN A] P 2 3T K LA ) 45 £ i)
AP T E AR R BN G522 ) Bk
J6, 38 it T MIC A1 R BRREE By CT Iy 4 A A48
JEAT AR A HK i I A A DP A AT
P, 1 Sk 0 Jay 3B DT 43 UK, B A B T I E 5 R, R
FH SCC AR 40 6 R A 207 5 B e s B, 3 a5 a4
P 2900 DP S vE 197 507 B, 38 304 Kk T b
P26 FAE Y I . SE 0 45 S 2B, OLADC 75 A L 31
A 17 5 FHEET DP AL 2% 2] B AR B R R I A iy
PR, KRR T 3L AYRCR , WX Sachs (%%, OLADC
SEARXT DPCMB Bk B FERE IR T 40.3% , FE0E 0 B TR
T12.1%.

RUEARSCA A s fT i ) S T R85 8 1
{SAEAE e — AR TR 25 8], L, AR SCR Y S B 55
ERE AR R EEFIFEA 1A LAERR 1S5
AT R B DOR S SR SRS 1 T T
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