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BN Structure Adaptive Learning Algorithm Based on Dual-scale Constraint Model
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Abstract In the absence of prior information, the size of the search space for Bayesian network (BN) structures grows
exponentially with the increasing number of nodes, resulting in the great difficulties of BN structure learning. To solve
this problem, BN structure adaptive learning algorithm based on dual-scale constraint model is proposed. The maximum
mutual information and conditional independence tests are first used in the proposed algorithm to build a large-scale
constraint model, completing the initialization of the search space for BN structures. Based on this, an improved genetic
algorithm is presented, introducing a small-scale constraint model during the iteration to realize the dynamic adjustment
of the search space. At the same time, an adaptive control function of mutation probability is constructed in order to
reduce the probability of getting trapped in a local optimum. The simulation results show that BN structure adaptive
learning algorithm based on dual-scale constraint model can guarantee the accuracy of learning BN structure and the

convergence speed of the iteration without prior information.
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Fig.2 The working principle of small-scale constraint model
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BT, 30 UE DSC-AL SyERTASFI UL R BN 45
FIREAT 5 21 e Re, Forh ASTA BE8L08 8 AN s
INRBE 4%, CAR_DIAGNOSIS2 ## 44 18 4
7, ALARM B85 37 AN . =R AL 4A
4 1"]11[1. 5 PR,

2) ST /4 Intel Core i5-5300U, 2.30 GHz

(a) ASIA M5
(a) ASIA network

RiL \‘.s/

CPU, 32 AR, #AE RGN Windows 7, B ik
LT MATLAB R2014a %1%,

4.1.3 {FEZXES

1) BT BN ST 5S4 BPRAS A BBE AL A
FE M 2 B, AR SE IR, 18
75 B SR A RN R ACTT SANEOAEEE 5 A
2) BT GA kPR 7 VL kA F e 72
B AR SRAIBEHLE, AR XS b S0 BE A% 78 70 e
REFPEEIG RS, Br K2 Fiksh, HAE R It &k
BB AR HAzAT 30 WK 5ERGR. K2 Hik e —
EPERE, Hs S RSN ST A% R
EAPE, ZEARGINSRIGZIR TSR, BEHLZ HAS
[H) BT S PR K2 BykisN, RIFERAT 30 X
15 LS
3) DSC-AL HiEMSH T E W T Pl
200, BEFEIEFE R 7 ERFEMABIEL 4, 52 XMER N
0.9, BRHETHEE p, = 0.1, MNUZLRER F
Aa = 0.02;
4) DGA MZECEE W MR A 500, 3T
XHMEH A 0.65, 48 7N 0.05;

BRE

( ) CAR_DIAGNOSIS2 W%
) CAR_DIAGNOSIS2 network

(c) ALARM M %%
(c) ALARM network
5 MRk BN 4R
Fig.5 Three benchmark BNs
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5) BNC-PSO WIS B a1 ~: FhF A N
200, HAth 2205 SCHk [19] BUEA )

6) DSC-AL + FixAlp HiZ WS EE W T:
BEMACFEHE T a = 0.05;

7) £ DSC-AL + FixP HiEd, BRHERN
0.1;

8) X LSS A, A AR A 2 A /N B )
ASTA 1 CAR_DIAGNOSIS?2 # % () £ i % A4S Ik
B8 300, 22> KA 4% : ALARM R )t
EAREE R 500; $21RFH BIC P21 U % A A
A D3 N B DAL
4.1.4 EERMEETMNIERR

1) WitsF e &L BIC 4 (IBIC);

2) BRI 451 BIC ¥4 (BIC);

3) VRGN B A 4 A0 5 R AEABE B 45 40 2 [ 1)
WAEEE (SHD);

4) FIEIBATIN ] (RT);

5) SRR ISR EL (BG).

4.2 HEXESERSH

B 421 A 422 4 BIfE 1000 4
ASIA W %% k¢ A # ¥ % (ASIA-1000) #
2000 #1 CAR.DIAGNOSIS2 M % #£ 74 ¥ 45 &
(CAR_DIAGNOSIS2-2000) K %} DSC-AL % i
FIREB A M AT B SEER 4.2.3 43l
7E 2000 ZHF1 5000 2H ALARM #5880 B A #5448
(ALARM-2000 fil ALARM-5000) K%} DSC-AL
SR R 45 K0 5 2D 1 R AT AR
4.2.1 ASIA ##B{FESEL

DL ASTA AL A by v 5 1 1R 1 L 2 36 25 Rk
1 s, R 14 H T ASIA-1000 FEARBIEE T, 7
Fih BN 5022 S 5030 5 M EReSEbr T 245 3, B
TP REFP S PERE TR AR E N 30 WRE B ALK 1
YIME, 65 Bl b2, F B4R 5,
FE5HEE Y ASTA BRI R BIC vF4r. HT
K2 FiERA A GA, Hit® 1 7 K2 X[ IBIC,
RT A1 BG H L%,

PR 1 TR R T

1) 1£ 30 REIMSZAT B SEg , DSC-AL Hik
(1 P45 B ER BS (SHD) N 1.3667, 7 7 Rk
N, SRR B AN R B 2 ) B (R
R BRI 4 458, BITER] DSC-AL Hik 2% 33K
1SEE M S bR ASTA BERLEE AL Bt e

2) DSC-AL 5% #146 Fh B 11~ 3 BIC ¥
4y (IBIC) & —2375.1, tk DGA %3 (—2406.9) Al
DSC-AL + RdInit 8% (—2421.9) 5t H5H
fbxf b 775 1) IBIC 3 fE#E. WE WA A MMI Al
CT Wby 3 i R R LR A R GA A sEAT 4)
Bk, BEAT AR W AR A 1) 0 S B

3) fEAE ML k26, DSC-AL HiL -1
¥yiz 47wl (RT) N 103.4270 £, b DGA Hik
(173.9571 %) K 5. &I DSC-AL HiLi 2%
M T DGA Hik. M T3T DSC-AL Hik
& e 7%, DSC-AL ik 75 B F K R B 2 S fie
B S8 AR AR A A, HAE RS IE AR rh 75 2L
AN i R B CT I K S 25 1 7K P R S 3
Kt DSC-AL HEFER K

4) DSC-AL H3EH 45 M B ER 55 (1.3667)
i/ T K2 BRI PR a5 MBI EE B (7.5667). &
BTE TG SR B0 AR I L R, DSC-AL BE 12 STk
T K2 53k, F HEAFRERS T L XE%. A
TIHMTHBXT L 6 Ahahby s SIS (B2 K2 5i%) 1)
PERE, B 6 (a) ~6(c) 434k T 7 ASIA-1000 F
AEE N HF B0 B, IRAG R AR T 2B AR
OB ELEIZAT P A |, B 6 WA, 5
DGA HiEM b, DSC-AL 53k he s 18 #5213
RIRBERF AL BN 4544; I HAHELT DSC-AL
+ FixP, DSC-AL + RdAlp A1 DSC-AL + RdInit
B, BSR DSC-AL BIETEAH R 28 1k 54 T FrAE o
YIRS 22, fH 1% B0 5 50 B () de 24 25 K W R AR
T A S, SRAT E AR P 2 kAR O > T
Mk, (ERAE/INIRE ASTA BRI L Rrb, 5
DSC-AL + FixAlp HikH#, DSC-AL ikl
FIF A&

Kl 7 7EfE ASTA-1000 #EAEHE 7073247 30
o, 6 MEE (R K2 B9%) SR RME M BIC

R 1 ASTA BN AFEHIELS RN L

Table 1  Comparisons of different methods on ASTA network
Holm sk ik IBIC BIC SHD RT BG
DSC-AL —2375.1 (3.6570)  —2320.5 (2.1782)  1.3667 (0.7184) 103.4270 (17.5317)  29.6667 (25.1812)
DGA —2406.9 (15.1353)  —2329.5 (6.8571)  4.9333 (1.2576)  173.9571 (7.9109)  47.2333 (42.1775)

ASIA-1000 (—2325.3)

K2
DSC-AL + RdlInit
DSC-AL + FixAlp
DSC-AL + RdAlp

DSC-AL + FixP

/

—2421.9 (19.5248)
—2372.3 (0.2821)
—2374.4 (2.7308)
—2374.8 (2.9988)

—2342.1 (14.0940)
—2324.7 (4.7155)
—2320.2 (1.7524)
—2321.7 (3.3730)
—2322.0 (3.2387)

7.5667 (2.1284)
3.8333 (2.0186)
1.4333 (0.9353)
2.1667 (1.7237)
2.4000 (1.7927)

/
104.3722 (23.3174)
62.6387 (9.6306)
85.2060 (7.6515)
68.6206 (12.4026)

/
44.7000 (49.7165)

28.6333 (20.8450)
39.1000 (28.7250)
47.2667 (51.1205)
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¥ 4 (I DSC-AL + RdAlp SR E, DSC-AL 5341 BIC V¥4 -F I E 7
- \ AT o A2 B F DSC-AL + Rdlnit B3k, A
= 3 N DSC-AL SiEWSIoE E T DSC-AL + FixP &
2 WA DSC-AL + RdAlp 5%, {525 DSC-AL +
R FixAlp Sk 5 10N 52 57
i 1 s 1
’ SR E : — DSC-AL
(a) FHIZHIL B Z 2360 A
(a) Average structural Hamming distance i DSC-AL + FixP
o o-2ssopt [ DSC-AL + RdAlp
70 _ BE}(XAL E DSC-AL + Rdlnit
60 E) DSC-AL + Rdinit % 2400
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Fig.6 Error bar graph of 3 measures for 6 algorithms on
ASTA-1000 data set
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M e s Bingk 2 fron. £ 2407
CAR_DIAGNOSIS2-2000 FEA KL R, 7 F BN
SRS ST BRVE 5 MRt AR P R, BIR bR
Fh BV PE BEFE AR A 30 VR EE 2 S2I6 (1 T 2418, #5
SRR bR 2. E CBdEE” B, ST
¥{ti v CAR_DIAGNOSIS2 #i#I%} 3 ) BIC $£4.
hT K2 kR GA, FE 2 d K2 X1
IBIC, RT #1 BG F ¥,

X 2 P E AR T

1) £ 30 RHHS ARG B AR H, DSC-AL &k
T35 45 M IR 2 (SHD) A 6.8000, iZ48HR7E 7
FhER BN, RBZ SR 5 ) IRAG 10 45 1 5 b v
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Table 2~ Comparisons of different methods on CAR_DIAGNOSIS2 network
s ik IBIC BIC SHD RT BG
DSC-AL —13865 (186.3612) —11774 (43.2254)  6.8000 (1.1861) 520.6599 (74.8401) 144.0667 (45.2601)
DGA —15546 (271.5482) —11795 (51.1551) 13.2000 (1.7301) 856.7351 (85.2662) 222.7667 (21.2630)

K2 /
CAR_DIAGNOSIS2-2000

—12111 (198.0365) 23.5667 (5.4752) / /

DSC-AL + RdInit —15661 (415.5809) —12034 (181.5865) 13.8333 (3.0181) 508.8949 (67.7425) 194.5000 (67.9111)

(-11922) DSC-AL + FixAlp —13557 (87.5065) —11745 (22.6139) 10.7000 (3.0867) 583.9935 (9.6306) 226.6667 (33.6988)
DSC-AL + RdAlp —13883 (177.8057) —11820 (37.1534) 9.9000 (2.0060) 426.4885 (63‘1594) 172.5667 (57.0485)
DSC-AL + FixP —13860 (14&4086) —11825 (41.7158) 9.8667 (22242) 364.3424 (901956) 159.2667 (421303)
500 K 11 &7 CAR_DIAGNOSIS2-2000 #f A %
——DSC-AL PR AT 30 ik, 6 FREE (R K2 Jik) 3715
4008 [ DGA

—e—DSC-AL + FixAlp
; DSC-AL + FixP
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S DSC-AL + RdInit
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Fig.8 The curves of number of better individuals on
ASTA-1000 data set
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B R4 RARL, DGA SRR o b E—AR
HAREE KN B F SO
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AT /N5 A SE IR 45 B B4 084F DSC-AL 532
B IHREREER I R, N T B9 DSC-AL &
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0 PR ] i —o—DSC-AL + FixAlp
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Fig.9 Error bar graph of 3 measures for 6 algorithms on -J-l 100
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Fig.10 The curves of BIC scores for optimal structures
on CAR_DIAGNOSIS2-2000 data set
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Fig.11 The curves of number of better individuals on
CAR_DIAGNOSIS2-2000 data set

X 3 P EG R HTT:

1) 7 ALARM-2000 A1 ALARM-5000 F4~A
[F A R B 45, DSC-AL 55035 1 ~F 35 45 46 1L
FEES (SHD) 7E 3 PPt T HER BELIL T BN g2
I RN, ) DSC-AL 8k SR8 454
LibrifE AL-ARM B8 5 M ARALL B B v, I HLS2 244
PR (1) 52 M )

2) fEFHF R 6 F, X ALARM-2000
A ALARM-5000 P9 /™A [A] £ 4 52 ML, 45 & 3
Fh 22 21 7 15 3R A3 B AR R 1 P 38 % AR IR 2 (GB:
225.8000 < 267.7778 < 498.1667,203.4000 <

%3 ALARM BRI N AR SR LE BTt

Table 3  Comparisons of different methods on ALARM network
Ko g AP SHD RT BG
DSC-AL 15.1000 (2.7669) 2898.8 (267.3125) 225.8000 (95.5671)
ALARM-2000 (—20294) DGA 33.5000 (3.5071) 2910.5 (122.4261) 498.1667 (1.4720)
BNC-PSO 25.3333 (5.5000) 2689.1 (153.1974) 267.7778 (63.5227)
DSC-AL 13.5000 (0.9718) 2322.7 (106.2002) 203.4000 (85.6364)
ALARM-5000 (—48724) DGA 28.6667 (1.2111) 2435.5 (239.3540) 498.3333 (3.1411)
BNC-PSO 16.3000 (3.6833) 1616.3 (473.0926) 315.9000 (98.0583)
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BN315.9000 < 498.3333) F1F 34 45 4 1 W3 IR &5
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Fig.12 The curves of BIC scores for optimal structures
on ALARM-2000 data set
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Fig.13 The curves of BIC scores for optimal structures
on ALARM-5000 data set
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