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Abstract: As an uncertain knowledge representation network , Bayesian network is composed of network structure and conditional proba—
bility table of each node and has an innate theoretical advantage in solving decision problems. At present,in most applications of Bayesian
network , the generation of conditional probability table of each node is completed in the form of manual input,which requires huge labor
consumption and low efficiency in some complex backgrounds with many network nodes. To address this problem , an inference model for
Bayesian network with prior knowledge base is proposed. A prior knowledge base is created for the specific modeling problem ,based on
which the network nodes are labeled with classes,and then the conditional probability table for each node are generated automatically ac—
cording to local Markov properties. To infer Bayesian network, the clique tree algorithm with efficiency and popularity in precise inference
by a Bayesian network example.

is adopted, and the Hugin algorithm is utilized to make message transmission. Finally,the entire processing flow of the model is verified
= |

Key words: Bayesian network; knowledge base; local Markov property; clique tree algorithm; Hugin message passing
—e
0 51 B

R HEFH( probabilistic inference) Fll# K 5 56 ML K A e
Il ﬂf,ﬂJﬂWéﬁiHJ S — T LT U1 A M SR A ( maximum a posteriori explanation) 42 DI - 37 [ £ 4 3
B A FRE N BN =< < V.E > P > o WgaEl RIPIASEAIE " o MRk 7 4 kG o e
< VLE > Fok, BN R EIRE, Hod VR4S R RLERR T R, 4 5058 T 4% A 4 R AR AN AL
B E RS AE M, PSR SRR F (condi-  Z4BEEIANI R o B KU A R A R D 2 o A [
tional probability table, CPT) . UIM-Hr [t A8 IHRELUSRIEATREUII S 70 b o DL 307 I 2% 75 il B2
RIS BRI SR, P A € FIR R BE ST B2, T R R R T B e & NP s [a]
75 B #3: 2018-09-20 &[5 B #3: 2019-01-22 ) £& H {R Bt 1] : 2019-03-27
EEUIR: HXK A RR A (61802193) ; VL7544 H AR5 42 ( BK20170934)

EE R B 1994-) LB (1) 0584, CCF 23 51( 89038G) B 9T J5 [ Ry MLt = K Fil; Xl
anig o K -

P 48 H gttt 41k - hitp: / /kns.cenki.net/kems/ detail /61.1450.TP.20190327.1620.014. html

BT BB R, B L



5 8 1]

R 3t S5 — RN S 45 RITRUAE ) DL I 507 ) 265 i HRLE Y ©93-

B AR — B R G R . AL
(9 B, b DL R 07 PO 246 T A N T O R T
Ry RN B S (A A T o B2
7 55 o

L T D1 S0 190 24 1) 107 11T P L K 22 J 7 24 5 Y
IR SR e 2 AR TR T 3
R RE AR o T IR 1O IR SR T R A L
BT UL ST 9 2% 14 2R 8 vk 5K ) A2 4 B8 T, B O
IS0 19 24% 455 1) P4 5 BORIA S8 SO0 7 S5 PR 5
FEHIR T S AR P B — T 5 2 R PR R S
B2 A 2 A AR A TH 33K T R 7 bR 25 i A 381 J5
A T L S A RN KD 58 4 A 20 2 0 T o 1 W 5
BRI, 33 /F — 2 PR BE B T 00 357 00 4% 114 17
JHYGE R - TR SRR e, DL 357 30 24 5 5 2 1] 9 3
FR AL SE AR — B, — B 2 ) HA R B A -

el X R 4 47 A3 454 A A B ) R L R 4 5 = [ AR
AR B S , SC R OS2 T — b S 56 A U
Fy D IS4 90 2% i AR o R B A 1) A G R 1
(9 A2 AR K5 22 1] ) R AR 3 e ST S
i 19 0 A R L ST I 24 14 S P R R, 0 FTIBE S5 R
B B 5 B UL S0 PO 245 F AR A 4

1 ERAiRE

DY -39 o 28 & B — N 1) TG IR K ( directed acyclic
graph, DAG) 1 HR 2545 5 10 A AR A4 B, P33
F A REVEAT I8 HE R . b SRR SR IE S 0 2
TRV, G HR R AT AV OREROC R . Y ALY,
ABE R RN ( BIBEA SN /L) I i SR AR AT
OB B S BB 21 a0V, PA 245 VT
I A i 2R PR AT T AT S s L 1 I A AR
BTHV, HARME BImE 1A =5 R
WD KT D =THD=FLENA 8 ANRET
(1 8 AERAEL. D Ik A Rl SR A R TR, 3
e R SC B T SRR AR % L A Bl AR A Y S AR 1
R SRS R A Y SR N2 AR IR JF A 2%
SN ISR LA B 252 301 22 ) 1) 2 AR, HLAR
D7 AU AR ) B S N e Z R AR SRR
2 A SR A R B A R R . LA B
FEUIF:

VR T — AR X T2 AT D &4
R AT

Pr(A,B,C,D)

Pr(DIA,B,C)=W (1

Xf Pr(A,B,C,D) ffi Hsfei A= I A
Pr(A,B,C,D) = Pr(A | B,C.D)* Px(B | C,
D) * Pr(CI D) * Px(D) (2)

Hrr, Pr(C1 D) F1 Pr( D) 0] LIRS HKAE
SR v B R R, X T Pr(A | B,C,D)
A Pr(B | C,D) , # 4 Jay &8 & /R A K M ( local
Markov property) , Z&fFAE 5 AR T 1 C 19 BB AT
SR 719 0, PR

Pr(Al B,C,D) =Pr(Al B,D) (3)

Pr(B1 C,D) =Pr( B D) (4)

3 4 BT A AT LA DT P Fp 2 BUARE 56 114
50T 3, P LA AR Pr( A | B) HR4r15 5

Pr(Al B) =Pr(Al B,D=F) +Pr(Al B,D=T)

(5)

AKX 2~5, Pr(A,B,C,D) AlEh:

Pr(A,B,C,D) =Pr(Al B,D)* Pr(BI| D) * Pr(C
| D) * Pr( D) (6)

Xt 1 aRER FHAR R Ak fa =X, mT A

Pr(A,B,C) =Pr(Al B)* Pr(B| C) * Pr(C)

(7)
w41 EA:
Pr(D1 A,B,C) =
Pr(Al B,D)* Pr(B| D) * Pr(C| D) * Pr(D) (8)

Pr(Al B)* Pe(B1 C) * Pr(C)

S G SR S W Ao
FRAE 3R 2, AT LA A 5 0 37 R 45
JICAT 10 5B AR R 2 Dl il e 49 s o ) R
AR, LA 3 AR A8 K AT 55 ik ) 32 24 b 7 DL B
o 2% 114 5 R I AR A A

2 DIMHETMSEHERE

B 2 DLt 30 D 28 25 4 RN SR PR R 2 5, S fift
FHER G5 S 0T I 28 A TRG B A3 . BRES 2 B
FI DL 307 0 2 A 8 1 AT 55 v N ] e iz AR T
DIHERRAEAn] ) 2 ( BRI o 5 2 7% 08) BBk R
WiE 2 frows.

R-RET ﬁ | el |
4 W LN e hE i i (e
iy —) s L) A ) st 1 cliques [—) 11 )| HE

H&

Bk

= &

B2 BAMFA LT
F MR BUE R0 TR s B, FEA 2 UE
Y2 J5 o] LA B 5 UE PR TC 5 B 7 5, BIIE SR A AH S



<94 - WP AR S LR

29 %

JEPANAL BB o TR DL IS0 1 2% R R U G 1) 3 2 4
FEPIAS HAT R W] 5 SR 5 R SRR R BRI DL i
P 265 TP AT 1) 0 1 5 Te) e A 3 DL I ST P 2% i A . 2
Je A8 Kjaeralff 53092 0 108 78 K 9E A7 = A 30 70, i 03
HARSFRANF

Bk 1: Kjaerulff 55 .

NI DTSSR R

i JRUETE R T e A TR

AT 1 R DL R 4% BN £ BN 7 BN
VPR EAT B/ I 719 50 VA E SO 5% 4%
HHIZE B, A 221 A AR ) D0 328 5 24 o
Uk 6 ZNIUREP R

AR 2: 4 BN iR 5 8V EEEAHGE M
R [FINEFE BN PRI RE i e R 8 — D E A VY
e

AR 3 76 BN o BR Y RV LR A
I

AR 4 ERE L AR, HE BN RS A
Mk

Zad =M A3 B AT KR — A4
clique. £ clique 25T 74 2 h ULt 35 0 2% P
L s R — BRI clique rf 5T DL Sy 9 2%
TR B — D . I EIRJE L clique UG
BT B3 E BRSO clique 22 JA] W] 20— B 4E
o PR E#ER) clique 9 C, . S, Fon C, 5 C 10
HIE, S FORHIEES  HAE AR T

Bk 2: #5T clique BRESWF I

A clique 25 53 B G

i e clique BREERY o

AR AR S ik — A B FoR R 1 o E 4R
See (B A SCRAR 7 BT ITR 4D -

A2 C M C i T RO RI A, s S, 4
A C, FCop, 25 @ T ) — AR D) o5 gt 5 4
See O A SR 3F o LA

AR 3: AL AL IR E B A S B A

HENTIFERGE N Z 5 R I B A 3k, b il T
P Hugin G BH L . I RGERER T
TEERZEM IR B 2y — B RIS TR, —A> clique (13
PREL( ] @ ) BRI clique H BT A 1Y i SR 3 Y
HOV, FEREHEAR XTI g e — il VL 4k
BN EIZ S clique, WIZY SR 45 € WEHE T W5
Uiog VSR

P(VIV)=g——— (9)

Hugin B3 #9 BAA B2 40T

% 3: Hugin B3k,

B clique T 25 4%, TE 46 1 5V, DA K A% 1 1R
R

it DLIST R0 46 rp BT AT RO TR Y RS

IR MR SEESH WA clique FI4 B4R
A PREUH 1 TR ST — ATV, e —
AT F, (AT V B AR s B 9 SR 1Y
clique 1585 C ,H# C AR ¢, =@, x P( VI V) o
Hr v, FoRT S VAT .

AR 2 WCE IR o LI ISR AY clique Y
O H R BHEATE R @ =@, X P(V =False) o

AW 3R 2R, X — b AL E AR
clique 95 U Z [A] (1 B — 15 B A& 38, IEE Ui 8 COLLECT
_ EVIDENCE (C) #1 iE #i§ ¥ # DISTRIBUTE _
EVIDENCE ( €) =i #. 2 10 &R —fF B A1

e, 1 Z NGt e

Pee, = z @, (10)
¢“tne,
Py,
¢C/ = ‘0(7/ x old ( 11)

COLLECT_EViDENCE (C) B EEEE—C
HbRig, X C WA bR 2 i 28 3 clique 32 )5 98 H] 4 72
COLLECT_EVIDENCE, 1&# {% 8 M € 2| % F i F2
COLLECT _ EVIDENCE f{ z G B
DISTRIBUTE_EVIDENCE ( C) i #2, Rt —1
C tgpric, L3 (5 BN € B 5 — A B MBS 1 14 &8 3
clique , X} C ¥AARICIHARIT clique 32 1998 3 F2 DIS-
TRIBUTE_EVIDENCE.

R 4: ik DL PP IR B 4 Jr) — B BR S5 1,
i HIC 9 BIVAT 358 DL 07 I 28 55 s AR R 9 55T Y S

clique.

3 HIEEE

T A5 A FH — A 87 B B4 481) - A i R 3 e 58
TEUZE 11 DL i S 4 BRASERY () 3 A Ab PRV o (BB
HAE =D HHN abe W3 BRT =KMWL H
() SE 38 MR L B B AT 2 [ 0 S A %

WA R IR T S0 Sk R 48 W AR B IR
BN a 255 B SE I BER R Pr(a = F) = 0.5, AR
TR BT SR PR, 43 IR LR s A
ANRPIRAS B0 @ 28795 538 1) b 28705 s a7 Sk, KR 7
MO T, a RAMBER AEREHN Pr(a=FI b=F) =
0.6, Pr(a=FI b=T) =0.5.

EE 3 IR IR AR T, SO — A
PR DL T 2, an e 4 TR



5 8 1]

R 3t S5 — RN S 45 RITRUAE ) DL I 507 ) 265 i HRLE Y <95

0.5(1)
B3 =AEOEHmER

Pr(p=Fp1=T)=0.4
Pr(p:=Flp\=F)=0.5

Pr(ps=F|p>=T7)=0.3
Pr(ps=F|p,=F)=0.5

Pr(ps=Flps=T.ps=1)=0.76
Pr(pe=Flps=F), 0.571 429
Pr(pe=Flps=T,ps=F)=0.76

Pr(pe=Flps=F,ps=F)=0.571 429

Pr(pi=F)=0.5

Pr(p;=Fps=1)=0.7
Pr(p=Flps=F)=0.8

Pr(ps=Flpi=1)=0.7
Pr(p;=F|p)=F)=0.8

Pr(ps=Fps=T)=0.7
Pr(ps=Flps=F)=0.4

B4 5 e A W 2k M e A e R
a KT RUH pyops, bW RUA pyops, ¢ B RA
P oPaDro VEETI L pe UEYET S ARSESE 1 b i
TR A SR AT I AR B 4 b e
R THEARAE. 261 JB7R T UL 3T 0 4% 11 d5 24 B
iR
k1 B EESEIEET NG RE

ST SRR 4k R
P 0.50 ps 0.50
P2 0.55 Ps 1.00
P3 0.25 P7 0.00
Py 0.73

XETUESE 5 45 pe» A p, AAEHALSE AT S, B
PAR 1S A p, BRI 0,745 1 p 1 0IESE
MR Lo R LTS R i p, R R R
KK psy B AR de /N, UEWITE 1Y 8 pg KA B
DLR 1AL py FRATREAR AR 1Y AL py AT REAAE

4 HFRiE

SCePR LT S R R Y L BT 0 £ 3
PRAEAL . b P46 A 5 AT 2 BURRAC , IF BRI 4% 25 B
UM 4% 2 I £ S 1 BE %, 7 R 1 1)
5 T AR T e 5 B 45 0 245715 s S R e [ B
B, KRB TN T8 A S MR 35 (1 P 1 15 6 -
S0 L ST D0 46 £ B 68 0 5 00 4 BEAE 55 o ol
e B BRI BTSSR T Hugin 34 8,

183 , R Z3d ik SE S UE T RSO A A0 BRI R -

S5 30k

(L] IR, 28R B, ke 7 1. DL 07 190 245 K6 0 A B 2 AU B 9
(] .ot EHLE ., 2006,22( 9) : 92-94.

2] FEM, A0 ATHE, 55T I 45 19 2 24 R 50
W2 (1] 3T BHUAE R 2R 5, 2004, 10( 2) : 230-234.

[3] PEARL J.Fusion, propagation, and structuring in belief net—
works [J] . Artificial Intelligence , 1986,29( 3) : 241-288.

(4] JiiEdE, 4 O, JRIZAR, S5 D1t 30 160 £ Jf 2 0 7k 25k
U] ARG TR B FHAR,2008,30( 5) : 935-939.

[5] DIEZ F J.Local conditioning in Bayesian networks [J].Artifi-
cial Intelligence, 1996,87( 1-2) : 1-20.

[6] LAURITZEN S L,SPIEGELHALTER D J.Local computa—
tions with probabilities on graphical structures and their appli-
cation to expert systems [J].Journal of the Royal Statistical
Society , 1988,50( 2) : 157-224.

[7] SHACHTER R D,D’ AMBROSIO B,DEL FAVERO B A.
Symbolic probabilistic inference in belief networks [clsv/
Eighth national conference on artificial intelligence. Boston,
Massachusetts: AAAT Press, 1990: 126—-131.

[8] DAGUM P,KARP R,LUBY M,et al.An optimal algorithm
for Monte Carlo estimation [C ] //Proceedings of IEEE 36th
annual foundations of computer science. Milwaukee, WI,
USA: IEEE, 1995: 142-149.

[9] HENRION M. Search—based methods to bound diagnostic
probabilities in very large belief nets [C ]//Proceedings of
the seventh conference ( 1991) on uncertainty in artificial in—
telligence.Los Angeles, California, USA: Morgan Kaufmann
Publishers Inc.,1991: 142-150.

[10] COOPER G F.The computational complexity of probabilistic
inference using Bayesian belief networks ( research note)
[J]. Artificial Intelligence,1990,42( 2-3) : 393-405.

(VL] oK, A 1, 2 T R 2 HE 8 A DL o307 199 246 114
HL 7 7E HE A S 2 W vk (0] o ] e PL TR 2447, 2006,
26( 8) : 137-141.

(2] WEWiE, BRART, T 83T TS SRt A1 01 -7 1 45 1)
O P S A vk (0] HLAR T2 2441, 2014, 50( 2) : 193
-201.

[13] ZAIDI N A,PETITJEAN F,WEBB G I.Preconditioning an
artificial neural network using Naive Bayes [C ] //Pacific—A—
sia conference on knowledge discovery and data mining. [s.
1. J: Springer International Publishing,2016: 341-353.

(14 ] A= IER X022 — 5 1 DL i3 000 465 03 40 TR0 3 il 45
B[] AR 5 & R ,2014,24( 9) - 50-53.

(151 042 6. DL i34 I 2% i BE R R A 72 (D ]G E: A L Tl ok
24,2007.

[16] JENSEN F V,LAURITZEN S L,OLESEN K G.Bayesian
updating in causal probabilistic networks by local computa—
tions [J]. Computational Statistics Quarterly, 1990, 4: 269 —
282.



