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Abstract The basic frameworks of the Bayesian network and the belief propagation in the probabilistic informa-
tion processing are reviewed in the standpoint of probabilistic inference. Some simple examples of Bayesian networks
for the probabilistic inference are demonstrated and the basic formulation of the belief propagation algorithm is
explained.
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1. BLBIL

T 10 FREDMEICHERILRICET 3 EEZLNHT,
ErEERNEEEADL ETRORES L0 3, VWb HHER
FFEERALER (Probabilistic Information Processing) MEH %
£HTHY, 2OHHISFIBER, 5 - ESLHEN 5 ATHIEE,
HHOEEHEM, T2 AV TKESETLEMICDZoT
W3 (1] ~ [3]. WK, TOMRMNERUEE —ROREKLIES
EROTRITII VAT LOY A XL L & ICRBEFTEENE
BEBANCEAKLTLES R EOMBENS > fedh, ERHLIC
BREWHODNHZLEX0N, HEOFIEhadh-T. &
TAN,EE, aY¥a—2ONENRENICN L, £ E
ZEBE U THREN T AERSPRE S O, LB OEL DD
FTRHBGEEET VOB RODBEBICRIEENS L5
zh, WiTL TENL DR Z X 2 P A OBt &
BRI EEEIND LI B> TE.

AFa— b 7IVEETE, BEWERARORTERE, A
THIEEC B BHERHER C VIR TERZ RO DDHZNA VT
YRy RT=7 4] &, ZOIENT LT ) X LERWET L7
T U TOMREME (5 2{5M%, Belief Propagation) [5] ~

[T} EDNT DRHZITS .

2. RAIFRYbT=VETST710hIVE
7.

F9, RATVT 2y FT—ZIZ DT EEMNERZERL T
BEICMNZ I LTS —BICNATT U2y FT—JI3E
Bo/—Fexn/— FRORREHREZRTEIRD Z AT
5Ez25h3. &/ — FICIHERERD, BURDICERATE
HBENENThEDETONS.

BleLTalo/ —FEEL B LIORT XS BT TER
THAONZHRNHRBEEHNT, E0XShL0h%ed
MORILFHLES. TD 4D/ — e L TEREFIC
(BYTHB), ATV Y T—HEBL T3], (A3, [
ERRNTVS] 05 REAE0 YT, TOFNEFhOMEIC
FEL T true (T) & false (F) &9 2 DDKMEER L HHER
EEEINTH Ac, As, Ar, Aw KEDERTEDOLT S &
BRER L RHT EREOMOMFRIUC KD

Pr{Ac = ac, As = as, Ar = ar, Aw = aw}

= Pr{Aw = aw|Ac = ac, As = as, Ar = ar}
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Fig.1 An example of probabilistic inference consisting of four

nodes.

XPI{AR = aRlAc = ac,As = as}

xPr{As = as|Ac = ac}Pr{4c = ac} (1)
HE NG TIT, BRBCHTSERMHEELT TRD
Th3] Ldhidvwen TRLGEs) AEEYDS. TR
HTREV] EThIEBNTVR LWV T LTEEERDLE
BVWEDIE ATV 7 S5—REMEEZ I T LK
A% FLT TRAES) hEld TRV 5—21EH
ERB] LI TLICED TZESRANTVRS) LWV KRR
MHETS. Pr{Aw = aw|Ac = ac,As = as, AR = ar}
it Ac bbb TB-oTWVWAHEdI ) ICREFERKELT,
Pr{Ar = ar|Ac = ac,As = as} ¥ S THbB (RS Y
S—HEHL TWENE D D ICRERKELEZWT L EZER
TREENTH
Pr{Aw = aw|Ac = ac,As = as, Ar = ar}

= Pr{Aw = aw|As = as, Ar = ar}
PI{AR = a;{lAc =ac,As = GS}

= Pr{Ar = ar]Ac = ac} (2)
LEx6N5. o T, ¥EHER Pr{Ac =ac,As = as, AR =
ar, Aw = aw} @RDKIICHEZA5NS.
Pr{Ac = ac, As = as, Ar = ar, Aw = aw}
= Pr{Aw = aalAs = as,Ar = aR}

XPI‘{AR = anlAc = ac}

xPr{As = as|Ac = ac}Pr{Ac = ac} (3)
X (3) ILBIF B Pr{Aw = aa|As = as,Ar = ar}, Pr{Ar =
ar|Ac = ac}, Pr{As = as|Ac = ac}, Pr{Ac = ac} DfEIE
HoH UBHEREDPFTEIbhTVE30ET 5. K (3)
OHERMRBBERLZONK 1 THB. TIT,
Wa.s.r(aa,as,ar)=Pr{Aw = aa|As = as, Ar = ar}
Wr,c(ar, ac)=Pr{Ar = ar|Ac = ac}
Ws,clas, ac)=Pr{As = as|Ac = ac}Pr{Ac = ac} (4)

LW MBERIIICEAT D L, MaREI M

Pr{Ac = ac, 4s = as, Ar = ar, Aw = aw}

= Was,r(aa,as,ar)Wr.c(ar, ac)Ws,c(as, ac) (5)

EWIFRICBERIONS. COXSICEBEBRATHEAERY
ik /) — FENMEARS E-32AR TREIENR 2 DX 5%
TS5 7RBICHGDI B W L kB, X T, 2T ME
ARBRNTVS] DE—EANFEREOMZHELILVET S.
DR,

Pr{Ar = ar, Aw = aw}

Pr{Ar = ar|Aw = aw} =

Pr{Aw = aw}
Pr{As = as, Aw =
Pr{As = as|Aw = aw} = = Iir{A[:s; =w;/w}‘1W}

FHELTHBT R LICKS. ThDHOFRMT EHBERD
DR EHAETALICE /NS,

Pr{Ar = ar, Aw = aw}
= Z Z Pr{Ac = ac, As = as,
ac=T,Fag=T,F
AR = ar, Aw = aw}
Pr{4s = as, Aw = aw}
= Z E Pr{Ac = ac, As = as,
ac=T,Fag=T,F
Agr = ar, Aw = aw}
PI‘{AW = (Zw}
= Z Z Z Pr{Ac = ac, As = as,
ac=T,Fag=T,Fap=T,F

Ar = ar, Aw = aw}

Bohic Pr{Ar = true|[Aw = true} & Pr{As = true|Aw =
true} ZL#ET A LT MZEMNTVS] O M) kb
FEolDh TRAFU V75— DRVE>feh b T e
WTEBDUITHS.

3D UEMAHREEE UK 3 IORT HsRBEZE X
&5, TOFBRINRATT Ry b OBRERNLFIERERL
F—LR— http://www.norsys.com/ I [Asia] £ &
THHEINTVILDTHS. COMmEREE 8 @D/ — Fip
SREENTVS. 8/ — Rl 1BH5 8 BETORLESR
5%, & /—Ricid 417 & “=1” 15 2 DORESNEID Y
THERTWS. OB, ARG ZHRZE LICK
DX ICEBREND.
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Fig.2 Graphical representation of the probabilistic inference

given in Fig.1.
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Fig.3 An example of probabilistic inference.

4 K3 DHERNHRERO TS 7 RER.
Fig.4 Graphical representation of the probabilistic inference

given in Fig.3.

Pr{A; = a1, A2 = a2, A3 = a3, A4 = aq,
As = as, As = as, A7 = a7, Ag = as}
= Pr{A7 = a7, As = as|A1 = a1, A2 = az,
Az = a3, A1 = a4, As = a5, Ag = as}
xPr{As = a5, As = as|A; = a1,
Az = a2, Az = a3, Ay = a4}
xPr{As = a3, Ay = a4|A1 = a1, A2 = a2}
xPr{A; = a1, A2 = a2} (6)

BADERNICR SN D RMAT EHERIIK 3 T

Pr{A; = a7, Ag = asg|A1 = a1, A2 = a2,
A3z = a3, Ay = a4, As = as, As = as}
= Vse—s(aslas, as)Vs—7(ar|as)
Pr{As = as, As = as|A1 = a1, A2 = az,
Az = a3, Ay = a4} (7)
= Va—s(asla2)Vas—s(aslas, as)
Pr{As = a3, As = a4|A1 = a1, A2 = a2}
= Vi—s{asla1)Va—4(aglaz)
Pr{A; = a1, A2 = a2} = Vi(a1)Va(a2)

EWVIRILEASNE. chick b (6) IKEALNIKEEHE
RBOWMRRDE S ZRICEERAONS.
Pr{A; = a1, Az = a2, A3 = a3, A4 = aa,
As = as, A = as, A7 = a7, As = ag}
= Vss—s(as|as, as)Ve—7(az|as)

xVa4-6(a6las, as)Va—s(aslaz)Va—4(a4az)

xVi—s(asla1)Va(az)Vi(a:) (8)
ZZT

Wses(as, as, as)=Vse—s(as|as, as)

Wer(as, ar)=Vs_7(ar|as)

Wags (a3, as, as)=Vas—s(as|as, as)

N 9)
Was(az, as)=Va—s(as|az)
Was(az, a4)=Va_s(as]az)Va(az)
Wis(a1,a3)=Vi—s(as|a1)Vi(a1)
B TkickhEaTERS I
Pr{A: = a1, A2 = a2, A3 = a3, Ay = a4,
As = as, As = a6, A7 = a7, As = as}
= Wses(as, as, as)Wass(as, as, as ) Wer(as, az)
xWas(az, as)Waa(az, as)Wis(ar, as) (10)

LREND. TOMBHEBINICNST R TS T7ERBIZK 4 T
Ezbh3. CoOFEICBNT

A= {Al,AQ, Aa, Aq, As,As,A'],Aa}

a = {a1,a2,a3,04,0as,G6,a7,0a8}

It

LWVWIRBEEBATIE Pr{d; = a1,42 = ag, 43 =
a3, A4 = a4,As = as5,As = as,A7 = ar,As = ag} W&
Pr{A = a} LB LW TES. HERICLT ases =
{Gs,as,ﬂs}, a3qe = {as,amas}, Qe7 = {a6,a7}, azs =
{a2,as5}, @24 = {az,a4}, a13 = {a1,a3} EVIILEEMA
L, B B={568,346,67,24,25,13} LW EEEEET 5.
CORF, Pr{A = a} BRDL S icRETh 3.

Pr{A = a} = [[W4(a") (11)

+€B

iz
Pr{As = as, As = as}

Pr{As = as}
ZRDIDNEEICIE, HUDERNICH S Pr{As = as, As = as}
BEU Pr{ds = as} RHBE TR LICHBH, chid
Pr{A =a} DHIEEIHTHD,

Pr{A5 = EL5|A3 = ag} =

PI‘{As = as,As = (lg}

=3 3T Y beisbancsPr{A = ¢} (12)

Gi=£1¢p=%1 (g==%1

Pr{As = as}

=2 2 ) SeaPr{A=¢) (13)
¢ =+1¢o=41 (g=+1



I DEHEENS.

HiL/—FORBAMHEAZ L, KO EMExy FT—IHE
AENTL 3. Co&d sR$HRZENL L TREI N
2y FT—T @ RUARASTT Y2y FT—T7 EHENTVS.
Tz, M2 PH 4 DHIDOX ST TRATRENIHERET
WIIHEBRR TR TS T ANVETILERENS.

3. REREWE

NATT 2y FT—7C X B HREEOREE T IVt &
S ERA X OBV TESHLSA TV LML
BNG, /- ROKEE K LT5L, —ﬂﬂmﬁﬁktxfgﬁ%l&%u\
T, — M TER TR DFEIC O(exp(K)) DA—X—D
HEBRNZREE O TLEI RS, Eu\ﬁaﬁ%ﬂ&ﬁ?ﬁ?ﬁ&zﬂ_\
LLTRERENTES. UL, 1980 FREIICATRIBED
S8 T Pearl [5] IC & DIBR S N-FEREMEH 1990 FRZBE
PORIEILEBET, TORATIT U2y b I— 0 BERNT
WA ZXLELTHERT3F—T7 IV r—vaveltoa—
oarv¥a—7« e kENSZnHEPLCEEEEDH DD
H5 4. AETIE, ORRBEREICOVTERBEZEALNS
RS 5.

K HOBEER A = {Ali = 1,2, K} LZOXEHE

a={aili=1,2, -, K} CNT B&EEHESH Pr{A =a} =
P(a) B
K-1
Hwt i+1(ai.az+1)
P(a) =1 (14)

= K-
Z H iit1(Gi, Givr)
¢ =t

WKEDHXONBBEREZD. FIZE K =5 DFEDT S
TERRIE 5 DESIE5EA60%. COBREBEFNICHLT
Lici—i(a:) BET Riji-ifai) 0D 2 DOBERDESIC
BATSB.

M, M,
PRETRES 55 385 R
G=1¢=1 G=1
i-1
XHWi,jH(Cj-,CjH) (15)
=1
M, M4, Mg
CUSSES DD IR S
G=1¢ir1=1 (g=1
K-1
< [IWoe1(6 ) (16)

=t

Licipi(ain) BEU Rimici(aio) EROFCRER 2T

(e (s Jr(2)

5 1 JTSBIRE R R DIERETHE AR 5 T RBIOH.
Fig.5 Graphical representation of a probabilistic inference with

one-dimensional chain structure.

LEIBBICHENIMOND.
My M,
YD a6 &) (17)
¢1=1¢z=1
Mg_1 Mg

E Z‘Sﬂk 16K -1

(k—1=(kg=1
xWic_1,k(Cx—1,Cx) (18)

Li-2(a2) =

Rr—k-1{ak-1)

M; Mgy

= Z Z 60-i+1,4i+1

Ci=1¢i41=1
X Li1-i(C) Wi i1 (G, o)
(=23 K-1) (19)

;1M|

Riwi- l(at l)— Z Zéﬂ —1:6i—

Ci—1=1¢i=1
XR4+1—>1(C1) i 11(C1 1,Cz)
(i=K-1,K-2,-2) (20)

Liivi(aiv1)

itk (19) BLU (20) ZRAVTERACFE LN
BEU Rizi—i(as) ZRVCEIHEESH L

Li1-i(as)

Pi(a) = M’L‘?i—lat(ai)R1+1Ai(ai) (21)
ZciAl—vi((i)R'i+l—n(<t)
Gi=1
Piiv1(ai, ait1)
Li—1-i(a:)W(ai, aiv1)Rite—it1(ait1)
oMy Mg
Z Z Lic1-i(GOW (G, Gr1)Riva—ir1 (Givr)
¢i=1¢41=1
(22)

EEZ BN, Thick W BIBRMNRDEND T LILES.
THERBOED BV & D EMABIERE & DHERETIL
—ffbE s CThETEDLVHRBCRTI DK, &

HRNEOBEL 75 7 RR L OBIFE LD —RNICERT

5. 87 A={A), Az, Ax} KNLT K B/ — FO%S

Q={1,2,-K} #BEx%. CD/—FD3BEOV DHDH

ERATESTHER BoTdhr/— PRk / —F

HHEMRT L, TNTORAE/ —FHOKEZ BicdD

KT IKT 3. CORPER A LE2OREE a BLUESE

B o U THREHRSf Pr{A = a} = P(a)

H Wilai, a;)

Pla)= 22— —— (23)
EZIPMK@@
ijEB
LERINDBEEEZD. RIc B W
B={ij|i:1,2,-‘-,K—1,j:i+1} (24)

ik hE52 5n5E, R (23) 3K (14) &F@e k5. K (24)
KL TSR3 757 ERE 1 e RI Licd



%. ¥fc, BKIRBTSHERORME/ —Fif i K LT B »
5 ij BRUWES B\{ij} 221 %. O B & B\{ij} iix
LTYS7&RABERILLE, BIRT 35 7 EER S
F7TH0, HD B\{ij} FHIC 2 DOBEE Y5 7icnhh
TLESH, BT 7772/ BEERHO2LVS. BIC

6 REELLTRENIHLRETNDTFTERR.
Fig.6 Graphical representation of a probabilistic model with tree

structure.

T 27T 7hH 6 DXSIcABERFO DL E, R (23) T
EZ SNI-HRETIVICHT B/ —F i OROHERSHILRD
LIlcBEALNS.

Pi(as) = Zi [] Av—ilen) Gen) (25)

”
iecy

Potasa) = 5= TI Avoila)) Woaa)

ee\{j}

x( I Mgﬂwﬂ (ijeB) (26)

3'€e;\{i}

TTT Ap_i(as) 8L

M, My
YOS bwaWiotcen [ a-ven
Ci=1¢; =1 7€\ {1}
Avia) = 2 :
ZZW:'.:'(Q-C,') H Ay (6ir)
Ci=1¢g=1 seeu\(s}
(19, i'€cy) (27)

NOEFBRINCEHEEN, 2, & Z; BRREERTHS. o ik
/=R i DFXRTORARE/ — FOEEEEH.L, ¢\ i} &
co WH/—F i BRRVWEAERTY. k1o T, TOB
BE Ay _i(a:) DOFE m;, TH V: BRHLNB T Lick 3.
CCETORBETVOBBELELDD L, X (23) IK5X 56
NBWELSHICBEVTRER / — FHOES B 1LY
STBEN R 3IREBETH LI5S, TOI/ZT7 LT
5z 6h 355 RN > TERINCGTE T SR8
ANEREENZEVS TLICED. 0 2 DOBREIRR (19),

M;
(20), (27) EHVT Y FHEKICHELI L LTE, BAN

¢i=1
I (BUEHREOBICHE B S TECIEEERVTI) BE

(D WA, X (24) T B B5X5N0%
e\{i£1} = {iF1} £%%.

B oeo= {i—Li+1},

BROPNELTVRERETCENTES. EIRChLD
& O —BAEERETFILEEDLIICRIEBVHEES T L
Kb, TSTHRBERFOLWV I CERHABRIRVEED
CLRBERLTVWAHERBEZET 2 V57 0B &EEEOER
{LOBHATIRE DR YNE{ Ao TLES. BRHERODT
Tk T OMROME R, —MOMEET T )Vicx L TIRRATHKA
HIBOETHERBT LK, KBEEL DTS TICERT
BT L THRLTER. LHL, —DDF 5 70RMAHET
LZHBOBBNE E-TL b L, TD& I BERIZG TN
SLUENRWBANTTL 5. MERNHRUE CIXBETIRD
DL VERETIIVICH L TIEBETROKS> T bxdhx
S586T, EHEBAL, REBERDHDOTES IR
BOXWTNTIXLEERT 205 BAT, RO
HOELT N TV XLD—D& U THRERESERHI O TWY
5. X (27) BK 7 ORI —RICESAE ./ — FYOES B icft
Bid 37T 7 WARBERRIRVBATY, BETIC LT
E ROLS>EREHABE7 VIV ALEROTHEENS. C

7 MREETRZIIU7BEL L TR BRET VO
Fig.7 Graphical representation of a probabilistic model with cy-

cle.

DIFE, X (27) 1B {Av_i(a:)} KT BEERABNEREY
TEMNTES.

RREWEOT7IVT) X4
Step I:  {W, i/ (a:,ay)|i' €B} EFHHAL.
Step 2:  {A;r ., (a:)|i€Q, V€c;} DOMMBEERET 5.
Step 3: 7«0 ERTTS.
Step 4: rer+ 1, Ay_ (@) E=Ay_{a) (1€, VY Cc;) EBET .
Step 5:  {Ayr L (a:)i€Q, ' €c;} DEERDEFHANC L O EHT .
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My My
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(1€Q, ' €cy)
Step 6: INHHIERMSE
M;
1 5 -6
2D )~ Al <10
i€0¢,=1

EHELXINIE Step 4 1CH ¥ D, WETHIE



Z,ci H Ay _(a:) (i€9) (28)

¢i=li'€e;
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veei\{s}

H '\j'-'j(s’j)) (ijeB) (29)
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Padeg [[Avaiten e (30)

i'ee;

P,J(a.,a_,)c——WJ(a aJ)( H A,_,(a.))
e}

[I Avrsten) Giemy 31
i'€ei\{i}

K& Pi(a:) & Pij(ai,a;) ZHELTRTT 3.

CCEC, 28 B R 2O/ —FHOERLLTERLT
EfH, HRIEWEG [ES B ICBRTHIROEERN 2 HLL
LD/ —FDES, THDEITAX—THIRE] LKEES
ICHIET BT W TES. BHORY, TTTR, RGO B I
BI 31RO 2 HOHBRERZER v BLU v KL TEZD
HBMHYREIC/—RTHB, Thbb ynyeQ BEHILD
BEKBETS. FLT o DEHER [/—F i BESESE
LTEDIRTDITAZ— veB DEETH D1 Thbb,
ci={nly > i,7€B} &HETS. TOLE, LORBLBED
TIIU XLIERDE S m—BLThf-BIciREh 5.

ML NRECHEDOTILT) o

Step 1:  {W,(a,)|v€B} ZH#RAAL.

Step 2:  {Ay—i(a:)]i€Q, v€c,} DIMELRET 5.

Step 3: r<=0 LRETS.

Step 41 =T + 1, Ay—s(@i)=Aynilas) (1€Q, v€e;) LRET S,
Step 5:  {Ay—i(a:)|i€SY, v€e;} DEREROEHFANC L D EHTS.

Ay—ilas)

Zaa e [T T A

ex\{i}y €cy\ {7}

Zvvmn M

e\ i}y ee \ (v}

Ay (Gir)

(€9, v€ci)

Step 6: UURHERMF

M,
ﬁZZZuH(m = Ayol@) <1070

yEe; 1€ ¢ =1
ZHELEINIL Step 4 WK EED, BT NIE

[[r-i@

€c,
Pu(an) & —

ZHAH«J

Ci=1v€e,

(1€Q) (32)

wy (uv)H H

ievyy'€ci\{~}

Zw I TI »veste

i€y €c;\ {7}

Ayr—ilai)

(v€B) (33)

Py(ay)«=
IK&D Pila:) ((€) & Py(ay) (v€B) 2HELTRTTS.

ZHZ

i€y¢(:i=1

a,={a;liev},

BEENFNET. COTNVITVXLEFIZER 8 IE5A6N3B
EIUH I ZARDY 57 RBEFORRET NV TIMETE
BREZTIND. AVEARLIE B KRBT AHERDIRED
DS AR—% 1 DBRATEDTF I 7NLIMOMREHEIL 2D
DTSTEFHINTLES LVIBEER>TNET 57D
ETHB. TNERRDABERF>THLREYTLNTE
5. L Lihs TG B A 2EULD/ —FhbE3%0 75

8 HIEAKRDEDOT S THRBRE LTEINHRETINOH.
Fig.8 Graphical representation of a probabilistic model with cac-

tus tree structure.

AZ—DEATHYH, BILET HERD 2 HOWERERE ISR
A=y BIU 4 WCHLUTEIC yny €eQ DD IID) EW0IF
HOTFTTO—HDTSTEHE LTERM I DL S HLDEEX
B, —RICHERHRL LTRONBZANAIT Ry FT—7
TRIDEI BT TERERIFBENEV. TOLS RS
WK EO7 AT XLIEPE D BELEEREEX D WS RE
Pl >TLES. TRHZN, COBELHELEROEKD
eERHESHT, EUT ATV XLE LT, IELHEEDO KXW
HEREESNAT NIV ALTHNE, —DOEEHEELTH
NxF—TTUr—2arek3 EMRFEIS.

4. BRERIONT SRBCHZEOMN

HMECEAON—BibE i EREREDO 7V IV
AL%EK 3 THEAXONEHIE lAsia) KERLHICD
WTHIAT 2. Ccofa, mMitEAoh—RILETH
FREEREOT LV IVILIELITS Q B 8LU o
30 = {1,2,3,4,56,7,8}, B = {13,24, 25,346, 568,67},
c = {13}, c2 = {24,25}, 5 = {13,346}, cs = {24,346},
cs = {25,568}, cs = {346, 568,67}, cz = {67}, cs = {568}
IKEhEhThEZ 605,



K9 FEBMN2MULD/ — R DS RBITAZ—DHEETHD,
B ILRTHHEED 2 HOMHREZER v BLE v KNLTHE

I Yy €Q DD DT T T RIBOFI.
Fig.9 An example of graphical representation in which the clus-

ter of the common nodes of two or more clusters in B is
always single node and it is valid that yy'€Q for any
clusters v and v’ belonging to the set B.

X1 K3 THALGNIHERRICT DR EHE Pr{ds =
as|Ag = ag} DM, (a) —RILTNIHEREMEE. (b) BEH.
Table 1 Values of Pr{ds = as|4s = ag} for the probabilistic
inference given in Fig.3. (a) Generalized belief propaga-

tion. (b) Exact calculation.

as | ag | (a) (b)

+1 1 +1|0.8447 | 0.8468
+1({—1}0.1739 | 0.1660
—-1[4+1}0.1554 | 0.1532
—1|—-1}0.8261 | 0.8340

R (8) IKBW B Vie—s, Vo7, Vaams, Vaus, Vama, Vi, V2,
Vi OffIE R —LR—3 http:/ /www.norsys.com/ TH5EX5NT
VAREEAWTVS. EUERSH Pr{As = as} = Ps(as) &
KU Pr{As = as, As = as} = Pss(as, as) Z—RLE NI-HEH
it LUBEREICK b Ro, ZOKREX (12) KRAT S
T eI DBONTRITEMHEE Pr{A2 = a2|4s = as} DfE%E
RIUICHGAD. CORBOMBHAE L Pr{4s = as, As = as}
BLU Pr{ds = as} BEFDEE (12) BLU (13) > T3
B2 LeEKT 5. HREMEDEEFTEORRICIERIC
HNMEESZTWBT Ehbhd.

5. FHERMERINEL REEME

AT K TIMERHEGR 2 REM & U THERN IS AL & FeR (il
HICDWTERH U TE RN, &3 —DORRNEBNEOF &
LT, A TIEMRE TV & X1 D < Bigetic >
WTENT S [8] ~ [12]. ThENA YT YRy bT—20—D
TH5.

T4V RVEBRERE (€ 71))) ERENZEARREERED
CERINS. BRREINTIHHLHZTEEL, HEIH
BINEAL, FHNIEEL RS, COL S HHSE T DMmg%E
EBE BB LTRLUEBYBRAMTHD, I TADR
FEIKEFRICAFIENZ T & T, KL LT -D0E{ER
RLTW5. COR, GLAOERNSHEEINTL X zE§
HEHLENBHIOMIE, THbEFEERERTT LV
BN ERBETHS.

CORBRERETIVERVTEITAHS. EARTLEI
WRESNT-FEEIC 1,2, K EVWSISFELEEDSALED
, i L0 INVONFENTEROMENY FVE F T
RITLILT D, FEEOERE i ORSRIE z; (o HERE
B X; L93L, PEHEOBREDESICNT HHERLHIE
X ={X1,Xa, -, Xk} ERENB. ARICHILERICHLT
&, EE i OFERE y KT IHRERE Y, LT5L, 28
AOBERHAOEBICHT 2HEERI Y = N, Y2, -, Yk}
TEEINS.

EZBNEHRETIVE, FEROERBRERET 2580,
FREBNEZ SNz ZICFDRERY S HCEREERT S
FHLBREFET M0 LIcH 5N, Flig « BMERETH
ZHE Pr{X =z} &, Fllf§ x H5X5NEVSEHDT
TOHILES y DERENE R EHER Pr{Y = y|X =}
EEETNE, N X0nR
Pr{Y = y|X = z}Pr{X = :z:‘}“)

Pr{Y =y} o
ZHOT, 22 5NHLER y H 5 IR ¢ HHERICHE T
EBLWVS T LickB. BANEHIE LTI, %R Pr{X =z}
EP{Y =y X =z} %Z
Pr{X =z} = % Hexp( - S- xj)ﬁ) (35)

ij€B

Pr{X =z|]Y =y} =

K
1 1
rar < =e1 = [T (gt )
i=1

(36)

LUVIOIFBIKKET B EVI28D0H5. A (35 KBV
T [Niyep BINTORARERNORE B = {ijli,j =
1,2, K, |Fi = 7| = 1} KDOWTOETH D, Z IHEBLE
BERLTVS. K (35) IREREOZERINELANE S A IR
FEERINBHENEL LB K5 IKBREINTVS. K (36)
EOEM o OIENEEHY ZHE LMINZ80T, K B0
BUWIHN R 0, 78 1 OH 7 ARERE N, Ng, -+, N
ZBATBE, Y. =Xi+0oN; (i =1,2,---, K) &5 BRA
Bon3. COFEGHSENHEESHE Pr{X =z} Kit>TE
BEN, HER Pr{Y = y|X =2} KBV THIEETNB T
I XD AEEHEIMERENZBORREFRER 10 ic5X 5.
HAFERT N (35) LAMEMIBGH Y AME (36) RAV-HR
HIEHRALEE 7 L T XL 2E 3 MITH X LR clEic L 0B
B UTREOEBEROFIER 11 1ORY. ThiIREMEL
FITH BN, MEROERNEGLEFHIESRERICL XS
T, Ty VR, B8, ERERED S BERODOBEKD
BHICW =2 X TELDIGANERBLDDH S,

6. NAI7Ry bI—9 LRBEHEOER
DRR

AF a— MU 7 ILEBE CERRASRLECT LD LTHE
BEREDTOBERAIT U2y N T— 7 L RREGIEICDOWT
DR RITH 1. B, TOHREHEOBEBER LY
U547 5 —ERBOB/MUICHT 2L RER & UHERRMA



10 HEEMEGURIIBIBZRAIT YRy NT—VO/iE. (a) $
AR Pr{X = z}. (b) ${LiAE Pr{Y = ¢y|X = =}.
(c) BEHEEL M Pr{X =z,Y =y} = P{Y = y|X =
x}Pr{X = x}.

Fig.10 Bayesian network in probabilistic image processing. (a) A
priori probability distribution Pr{X = =}. (b) Degrada-
tion process Pr{Y = y|X = x}. (c) Joint probabil-
ity distribution Pr{X = o, Y = y} = Pr{Y = y|X =
z}Pr{X = x}.

'E}E%

AT B

11 HRNEGUEIC L SEREEOM. (a) HiLER (DK 407
DOIMENERA Y AME). (b) HEENERUEIC X 2BEHERK
(FeBInIRIE).

Fig.11 Probabilistic image restoration. (a) Degraded image (Ad-

ditive white Gaussian noise with variation 402). (b) Re-

stored image (Belief Propagation).

OVHEN SRIFINCER L &I EE DV DhDEBTDN
TW3 [13] ~ [15]. FCANNY 254 T —HHBIINT S
ERFEEALOT TO—Fh 5, ERERENEEMERIC
B BHA AT T 20 HEGTHEINOMEENTVE—T
SEML, 75 A R—EREEIN D KBBREETVCEITS
SEUNT T & FOBCHIRENZIEEETHB LD, T
BRI E N, BRAMEHRULE & D RO RICHERLE, et
B HEt e VS 3D0RESSHHNMA L LVER
HREMELHENDDHS.

£, BROBRLERAEF 2 — MU 7 LEERTENEAT
e, ERLELNC LB RAREREMC BT 2R DITENS,
CDMA ¥V F1—FERARE EALICAETNBHAETD
NTWAB [16] ~ (19]. BIZFEATHEM AT ORI BN
DIFHEOT Tu—FORELEENT NS [20], [21]. R
HIE L DEREDBRD & D bh DR T VSIS DOV TIIX
R [22] ZBERL TV ETW.
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