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Abstract

cal model in machine intelligence and pattern recognition are discussed. We specially

(E-mail ; nnzheng@mail. xjtu. edu. cn)
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In this paper, the general theory of statistical learning methods and graphi-

depict the inference process and learning algorithm of graphical model, and the general

steps of application of statistical learning methods to solve problems.

give an example of dynamical Bayesian networks for time series data analysis.

In the last, we

Machine intelligence, pattern recognition, graphical model, statistical
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104 ' o] k. 2 iR 28 ¥

F 23 1062 4E Rosenblatt 32 H T #rV/E B HI L (perceptron) By #1122 W 48 AL A M, BRAIHL 2
— MW 1T B ¥, B FE B & S gy Ea L #E1TIH %#Uﬁﬂ’]ﬁﬁ% & . Rosenblatt &2
T Lot R SO B, X AR R E AT & R BT R R s, 3
iR AL AT B BR LA & Rosenblatt ) i, Zh Y ﬁzﬁﬁﬁzmmﬁ%ﬁ)\fu:wm%m
B9 H. Minsky M1 Papert 7£ 20 {22 60 U BIXT B AV ShEEAE T B — P i &=
. IASET 1969 £ KK T — A Z WA Perceptrons Y% 3, 45 P i i B HIPL A B 22
AR R-2 (XOR)INEE, I A R — 1T E H A, Minsky 2 A TEHgEZR 5 A
Z—,HTHEERRGHAGMZ,[FHBFZEEES [ A Papert gixX —3EMWAE 1, A
M 3E A = B N L 2 M 45 i 55 — I S B IF PR A T Ik BE/a Y 60~70 £,
JRE Minsky il Papert Xf T A THEMEH RIFEESE (BN LHEM LM TIRTE /N
WHE NS, FIREBS] TR KA. Grossberg fFR T IAH CIZ AL 89 # 22 31 B
P, R N T 22 X 48 SR 4T AR B 4 9 B AU L. Grossberg WY A\ L #2848 B R 4574 Y
R AT XA RIATICAZ 8 T 8 M YRR, 1971 4F Amari $288 T H/RALHE MK HE I, Al
N T &M 28 P& H A /R{E ; Anderson & i T 58 2 43 fi B 2 HE B 483012 ; Kohonen 2
T HAHBREICIZ, R T ARRTEREFANLILIZHGE R, 7 60~70 448, A1
BHT RN FEIP, 0 Widrow #1E R Madaline B ﬁ}’“’??ﬂm Steinbuch £ 1 B2
>] Hi B (learning matrix) 5§, 4 T R — 80 5 B S0 A S2Br A 78, A TR T RE /R#
RALA (Hidden Markov Model , HMM)'" 2 B4R B . 60 F, F it Ty EAHE D055
TR KA RE. B0, Vapnik ™2 H T VC 4%, VC % 4% > H i ZE A 2 ; Tikhonov!™
FR TR E € B IE AL B 3 Parzen™ % AR T % B A ES 80k 7 i
Kolmogorov"' 8¢ A T HIEE HENEATE. XB T AEES T ESET T4 75T
HI 0, R RS T BRI S PSS BB # I M ENTE.

7 20 20 70 £ B FA LW M S EAMER Ry L A T Mg A
FAAVOCHEZMR T GEE B ENHAL. X RN ERMLELY A OCHEER
{112 UCSD #J Rumelhart fil Carnegie-Mellon X2 #] McClelland. ftifi1% A TAE EE S
NEFEDY T #4772 A ¥ (Parallel Distributed Procession,PDP) A, 44 A T #HAZ K
R RIEERH T PDP MAL, iN55 42 SJ &k, i /R 242 B (Boltzmann) ML FIE 2245 % (er-
ror propagation) & 5.

M 20 THZD 80 AT IEE] 90 FARINHA, =4 T —HEE B/ #12 K 45580, 1982 4E Hop-
field E— M R EE R B ZREZHHRMEFRE THERERERE UM, 48T
28 K 2GR E YEHIHE . Hopfield W 45 BEALA v] B FEAARICIZ A& AL i+ 8, FF3R T 14
M2k H T i1 JH 89 & 2. 8 4 Kohonen™ % & T 516 H 40 47 mh & (Self Organizing Map,
SOM) #1830 ; 7£ 1984 4F Kirkpatric" 61X 20 & 004K [ B4 1 T A 0B A B, WS E815E
KW FEA BB T Boltzmann HLM. B 51 7& 1986 £4E Rumehart 25 AP B AT L 2R
HiassZ ) R aF % (BP)H L5 R T S MR BF . Kosko 2 H Tﬁ*ﬁﬂ%%ﬂ%ﬁ?
GE-T, RN B S T DAL BE N TE 2 L JE R S GBI B P B A S iRy B, e B
S RET AT ERHMIRERM EMERERR, X T EC SN FHES SR M. B
THSHMEMNEREEAMEE SR —MBFWHRITE xS AT WML ERH LR
Sl E RE S MEER T TS . (B R, RE A9 M2 W 48 A BT A R A SE g,
RERV —ER —H Rk R
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M 20 42 90 FERBNIAE, AT B R RS FitE I Hxsy —dIrE™ " T4t
JHEARTIRHEL O LT 60~70 B, TERM B E S 7E T 1 — S5 o [a] B B
AN B A e T AR W R R ALY DA it e AR R — B e A Ho AR
HEMWHR TAYEM . Comon®®¥E 1994 £ 44 B 89 M 37 5 47 ¥ (Independent Component
Analysis, ICA) B ;1995 4& Vapnik 14 A 2 H 8 37 ## 7] £ ] (Support Vector machine,
SVM). Mg X #E BV X 81 B 24 % > (kernel learning). HEIE LG Y 21 E T
F MR TAES , X W TR BB A O JE R M A, B R R VERI B B L
RIE R KRR . HRH TIHFRIELERANEFEIEILE DR, TEZF T HI B HER
B — MR T By o F2. 5 B[R], A DIy (Beyesian) & J IR T @B T IEWER T
R & . 453 2 EM™), MCMCP T RIMCMCBH&E B 8 5] A, {# 18 Beyesian 1/l
Beyesian 4 #7fil Beyesian St it it E A4 &4 B Ab B ¥R F AR A —Fhom g 1Ry LA

2 gt A

MBEAS T4 5] i) — I AL G 38 = AN 040 A P2 AR 28 L VI SR E8 Fl 2 ST L4202 % 5
Yy 6] S 2 M 25 5 11 BB B 4R P e R M BB S B A B T I S A e SV A iR BN R A M LY
AR RBET 7 B FEAEPER LSS (classification) | Bl U4 11 (regression) F1 % &k
1T (density estimation )X = F B [n] &5 _L. E:EF'%{JETETI’IEJJ%E;&%IT? ) *Eﬁﬁﬁiéﬁlﬂ%ﬁ
SRR T %5 B A A B, 5L TT LS B ER S R A B AR U R R AR T I B R R AR
BER R, SR FET D ES R RS R EEED. SiHEANEA S N85S
FITZE B R F S50 VI oK
2.1 ETHEFRIHHENGEITRE _

B I B ERUR E, M HE SR A R, IR E AR LR
B[RS ARGE. 3 F— RS, 0 LUK & i IR B 18 5 W R s gt F i — 20y
== 45 B (Gibbs ) 4345 90, X M0 A AL RE B B Fr ey e AR 6. T N F B A 52 5 12 U F7 10k
WS SV G R 2 —3. XM R — BRIt A, RAMERNT R, B
T BRI G gy 5 /R B R M 2% (Markov network).
2.2 I HEM4R (Beyesian network ) F15E 3 gk £ 1 Ll {& 1T (energy function approxi-
mation) B 45 1HRE
HEMREAS T A RN R EE RER G, FERE S MR
At 43 oF ¥5 (partition function) fYiT B E #E SR T T LT E LK R iﬁﬁ%ﬁ%
it 43 BF 350 & — 4~ NP hard [8] 8. % 7 ## 8 X —H 8, A ORI P75 BPZ —=2 i H
] [ £ 4 Y T I 7 O 4% S S (OA DR B4 B e AR AL, ol T X B AL /] L E 3T . E[JHSABIEH’%
Bh B Bl 2E B 5B b — oy g B AT SR 1 T [m 45 L (B B B IAE H (belief) 1Y
WE 4. 13 FI A B AR P 5 — AN B B4, A B 7 ST 3, DA 388 40 1t 3 42 R Y BE 20 bR B9 T 3L
) F 42 B 0 1 15 o 7ot R0 T LASE I IR S5 AR AL X Fo iR IE TRt B TR B H
FHARSETYH PR REM I EREN BT X — K87 EAH{EY (mean
field), Bethe Ml Kikutch & i %0004, F) X SE Rl 2, FOR7E A 1 B LR B8y A%
12 3% (belief propagation) 5] LL7E o 11 B b 18 B4R 4 49 3T (L 45 . (ELR 15 A& 36 775 H A
HE A TEESEET S0 B RBR M.
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2.3 &I EEY (generative model)

75 AT
NFENLH]. B

AR G A 1 G AT GE b M A R4 17 A R AR R
SRS T — SR AU 4 B A R LA S A 4
BB, FH Ny TR % 50 05T 7 A 6 B 0 B LI . SR 07 D 7 e S ML

PR R A BRI REEN AN R E X RN S EH R SR, E 5
B EWEY B A, T 15 2] g R BUAR 28 5 i R A R AR R K.
2.4 ETHRHBIEBEDNIITRE

A AR A B

HIEM A

EARSITIFIERI ST R AR 2 i B EESRZ BER, FOVE EA RS ]

A3 A B PR HE A ] 8. X T 55 )E WY 27 AT 55 » SRR =43 2880 B 1B 4347, 1] DA B I %5 8 Ay o ) B

HIZF N R SO R E R I Jik. X, B W AR ESF I R EMEEE, N T+ H

SREURERGTRAS R HFEA AR, AER A HRE BRI XN H]

N M WY
K F. Xk

A AL A (discriminative model). 13X A A gy $L AU R B XM EHL (SVM)OEY, an 8 LR

H /Y, % R B VR AT R B AR A B o A YRR E , DUS B IE B A 43

ipp

BHEETARZRE, EFAEE R AR R BT XA

—BRHAAIE T BB L AHE R, AR R A B ER TS
PR3 R Bh 53 7 & A % .

[ 5=V

BT REARIRM B GE T o A0, 8t 3t 22 S B B @40 A7 RAEERE T A B £1583)

B R AR, 1 45 BE Al 1 [R]85 -~ A B MERR R ) IR) R, 2 B AU B9 9% 25 (ill-posed) [8] 3T , 1]

HAR 2 HAR N A

F R REEHIFEAR AT — P E SR S8 Efros® 4 A AT ER 5L
SR G BT EAMTEEREHEZBALRRITE & MU . MR B4 BB R
R [ AR B R T R, R RETR A R PR A ST AR E. AESEUE R LR EH T &
SRR BRAETTIES . IES U RAE T BN e A B M KB TR OR , BEA B A & el

BBIRGUT YRR R8RS, H T IRAANG BV A R BN B an i 1 B,

(a) )

&R A
A BE
L] (L
G {2
5t R A ¥ 1
5] I
BE o 0 C RARS
IFRAMGEE b BFARAKHEE  © YRR

K1 ARG 45 R H R

HGET TR & A I SETH LB A RN RFE BRI RE AR “ S " R A BE A 4. R
ST RAT RS T EBAHENIR =4 £ 8 B AR, LR SRS

m3—H

EAZEY

TH. t*ﬂﬁ'%ﬁ’—%gﬁ@%ﬁ_ﬁl U5l [e) 3BT THEEES RN, ] 3 R

LB Bl B AL 4 g Los- o9,

3 G — R E A (AR

KB (graphical model) i 2 & i (graph theory) Mz 1T 1 AHZE & B 724, 1988 4F
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Pearl 7F f i H Q91 FH R W IE 38 T K1) FBE 2 W 48 (pro-babilistic networks) A L
HEEM T X R TR R AT EVEW I, %Fm+£$|ﬂ,¢%$ﬂ%m}wm Ry 4] 2% 70 2
WY A ARSI T BE R A B, DIk W40l LA A W E R R (B D3 ) 4%
2 PR REXRNFIRE WEMNTESMW NI W E K EIRF R K 4 (Markov
network). X XEPLETE R R BFEEA, v ISR B R F AR Ft, EXFHEE L, E
RAHRE — T EZRIT. ZELEGERR ERXBMNME T HE P BRI Z N ARSI E
B, e iR a8, £ /420 8 (PCA) S JT 4 B (ICA) L K /R %% = 11 (Boltzmann ma-
chines) . B -Frth (FA) B 5 B F 28 . BB /RE X ER (HMM) | B I BB H /RE R
B (factorial HMM) IR G IR S /R B RRE BT RE R SRS RE . AV #
R S 2 (A B (switching state-space models) | JERMEN T FR F .

RN EARBEEE -1 RERRAFZEAFE R REGH 7 F R — G H AR
or XA AR RO e R HIFTE SRR T A& it e v X B J 5 oy — 1T &
4, [F] B AR UE & 30 20 TR A RGP E— 2 # T o B R v] AR SR IR B Fe 4 — 2
T BEL Ay T L. KT, £ P R R AN T AR - st iR e B 2R A AL B BT P AR @ e R
Zeth Ry . A B, 2 F ER A S — R AR T EFE B TR 8 SR A S Bk,
FEER G, G- ERE-AEYEE. YR 2 E 8 R ERE T R Z (8]
A TCERE M PA R R, T S A BRER AT EIARYEIA RS BRA B
e 2R, BB X LS B AR F MLy, IRIEEL R G RA T, /] IEERI SR 7 4
AR, — B G M ERAEL; B3N Tnm B BLA A W% 2 XH Jo e 2 2 /) B R
R R aE E AL FE o B RS BEYLR B 2 B R AR R TR EEA TR R AR
B a8 37 7F W B 48 (cliques) i 2& 68 |, It #r 2 A B /R FL R K 4 (Markov network). /R
Bl W 25 Yy S5 7Y S 45 R AE D R AL SE (R AR AR B T 732 B A A9 5 IR B R BE AL 3 (Markov Ran-
dom Field, MRF)™* . fH iz , 764 17] BB AL b, 317 i Z TR AY 3 22 J7 TR /Y » XM 7 [ PE ) 1)
THENAE R Z B &M R B TR M BRI #2285 78 DI am bwy, N IeA
i) AR R A, B A DL 34y ] 8% DL 03 I 4% 40 X B R B SR I 484 T 5 s ) SR A IR LA R 1, 7
—EW &G T AN ERETHEN 2T Bk EREENE, TR & AR
T T H 4 v R A 3 A A DL BRI (B AE RS DLt B M g 22 S B — 2 U

823 5],

A~ fa B DL R 4% 4 R 2 R, T R Z '@\
G 6 L AR A 2 i AR T
A3 543 BB RR AT AT kS (X,
B T L R AR R — A X B BT B
LEHEEN X, WEE 2, % & XML o2 TR Ry UL R 45
AL X, = (X, X, ),
ZEFE] 2 UL T 2o 6 A BTS2 18] 6 36 2 20 T HL B 4 R 2 B e ) B LA
B B g S (A A ST 26 2 , A4 L I3 R 48 (9 47 SRy 52 4 T LA W 1YL 78 R ) J 0 4 (R A R e 2
. — 5 2 B R B K T AL N R 3R 4 (A R A A, B

DTy 95 933 Ty s L5 9 XLg) =

p(xy) = plx, 1) P(Ia‘$1) * P(xac‘xz) ¢ P(i’s‘ﬂ% P(-Tﬁ\xzﬁxs) (1)
B — R, XPAFA] o A R DU R 48, B SR BT 9 S MBS IR B u] DA E R
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FAF R RR B

A BEHLAE B 3 A2 (40 A ML 3k R TR AL B &1
B B0 — 1 DIE 3 ) 28 AL

P(~T1 s Loy

ST, ) = HP (x, |;I.‘ )
B pi(a | 2 ) FRR 5 1 B R SRR 5% K

(2)

R A TR R TS
GBI R MBI A1, SE BRI ALA T BN T R 8 Rl &

iR E Rt FE AT EWERMFMEBERE p (2| x). BHEGEH R FME
W R S R B AL i 145 1) B CH T4

A3 X 70) 25 38 ok 2 LB & 1
X R B AL AR B p) o B R X

Xt 42

SUMUE €Y
AR ER L LT E ST S 20

HIHLE

i E AR R PRI O IR 2 —.
A RXTHENL AR Z B R —FMEWA L. 7R EERA B ¥ 2B &5 Bl
T B A HIw R HrBE VLR B 2 (B89 W FE RS BK &, t 3k 2 0 A 22 B8 A o W W0 25 e
L. XTFREHLAR & 2 [R5 &R 4 i 2R B AE
B e Ry 22 > . EARAE

LRI ST A S — ik, B AR SRR ST BT R s R R R B SRR S50

Ak aE T TR EAR R 2 ) 5

& AT 28R g8 1R R g & 2 [n] 5.

4 FATHEE 5% L

AR —HBEVL A BB & A
AR T X 00 K 4 SR 15 3 H

THY B HY fh. 8357 A IR R R Ao I S5l

FH [a]

R ar oA BRI S W R R AR A4 A 2

A [F] BT, B EARBER N F I BikE

it R .

HEERE P IAR T AR EAEZNFE Xes Xy Xa. H X R WM EE 891 R
o 2Ry R Ja 26 ] LR etk iR 1%

W S L. XF ST RETREE
0] &), Xy i BRI P SRR T
T‘f l@ﬁ%ﬂﬁ’]?%

4.1 lﬁi%ﬁﬁﬁ

] A 78 23 1 W o R R R

R E AT 5
LMY ] BRI SR T R R £

p(Xr | Xp). IR AT LR F)]

HTH B A% 3 AL i) 22

P(XF|XE) —

FREUIT HERTE R AY B0 R B

LI 5 Y o AT T S

Jp(XE,xF,XHmXH

B AR — AR B R R R
o

iE P i

J:[P (XE !XF QXH)dXHdXF
R G332 5. 1A, X

fl 57 SRR AR R, B

TR RITERS R ST E SRS A P (Xr| Xp) Ryt
TRERFREMEBZZH ERSEONSR. —&%

(3)

AR EREN A,

=TT H 5 . Pearl ™ 7E 1983 F4 B T A

RGUTT BT R 7. iy I iE G F R DU M 4. % B k7

— M DI M 48 B A HET BE 2 Junction Tree (8 Join Tree, JT) & . Lauritzen ™,
Shafer*>'%¢ N2 BB T Junction Tree BB MR L. ZJ5,]JT AT T K

1) #9594k (moralization)

]

L I O B A G T T R T AR HE SR JT BRI EfE B — I
‘ﬁ_&; Dl

B. ZE AT S HERERHEEER

%% Y

PMETHETTAERER—ERFREEY S EEHME L SRS E
CHERTA. T HEEE U T IR
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RB R M 4G H B & TR A 2 B P A8 AR (W AHER T B8 5)C.a HEe
BRI %X ¢ L. F IR LASE DU Sy ) 285 1Y S 30 2% 1A A8 258 A 3 4K 0 X B2 | B IR B R ) 4% 1Y 45
HE BRI £ ﬁﬁ?’lﬂﬁﬁﬂ & AR Ay o e ], XRERE A AR R B g9 2 ) 48— 3R

SR R FE TR LN S BUE Xe=e BRI ARG XrW R FREREE
H%(X“ g = e)

Z H¢C(XF5XF = e)

T3 (O R AR T E X B A 77 =K. ﬁT%era:frﬁxﬁtimﬁ-E%ﬁM%ﬁ%ﬁ%ﬁ%mﬁ
A] DI B 5 {5 1 2R o0 A W LA o O i1 2 o A 2 FR

H¢C HP(XC!XE =€)
P(Xp| Xy =€) = - 2 (5)

H56 HP(XMXE:{?)
"EFI ¢cj[3‘_‘/[\ﬁ£ C @g%:ﬁh;ﬁ XC%ijl%ﬁj ?#3%%%%&%(SE‘ipel‘atOraﬁ/j\ﬁZl‘Ej%ﬁ%
WO EEH T E XSG oM ERMEARBEEE 1. B T A% A A E—TRESH
HAEETE . MEEBIRKKRES. JT BERETE 6/ ¢gaf . — M E Junction Tree #Y
B 3 B .

p(Xp|Xe =e) = HSbC(XF‘XE =€) =

(4)

(b) M E (¢) Junction Tree

Fl 3 Y I KR U L

DI EEERSER ¢TI 1E
a'ézifﬁjc'.iml{ﬁ_&tlﬂ O 24 o A58 THME B ¢ RS RIBRIE B X B HH B %,
SAEESEEB It HE &,\a%m RGN/ BEBNERITESA—H. AT R THH
—F VEEM AN B ERESRERN . M TELRRAMEMEEA  EEFEIERS

a) IEPEU & (collect evidence), MM SIFIG . B0 FH SAWERBCH AN T R
SN E, MRS EEFECHMAmE, ZERENRXT SEREE HFRT AN

b) IFHE IR & (distribute evidence), IR BH I8, BT HWER B S AERIXLT
..E'ﬂ?ﬂééﬁ{‘" B . FHECHAR, BEEAEHMETTRERERE B3N AN 1E.
BB R R B 4 R, Sad TH BRSNS R, AT LIS B BT BT T S BI85
A SRR SE R T Go T T B 1 . B BT 1 S 1] (foward-backward )M 48 i1 #E W B I

Bl L g E R JT 8ikW— 1454
75 8 Ze i A b % B Junction Tree B AT, ATRESIB R A & K E T AE. BRI

{%E%ﬁ%ﬁv Y S A R 4 A 7ESERR R o, XX R B AR AR O ﬂfﬁﬁx&“%frfﬁﬁﬁ%




110 P=i) é £ i 28 %%

‘:Dc!, R -;65 T ('bC}- / \ \

(a) 1H B 1% (b) MEFEH S (c) WEFEIRA
4 HERMFHHEBFETRE

2. B AR E AR MCMC RHEDY A 9E T (variational approximation)/4,
4.2 EREZF>

B BRAI W) 2 ] 2R R ASH G D) S8 B MR AL 5 S #HiT%
A BB IR IR OCT » vT AR H AE B B & 2 8 2K 3k BUR B 1) 25 49 L AH . /Y 2 %8
TR T . BRBEHEY IS FE T ERER LS. R EER P& F BT S, 2
A e R = AR A5 M ME. f2 B iR B, wHE E AL R 4 2T 4 S T AUE L
D E BB Z5 44 B A1, 230 B3R R I T 55 20 BB AL G0 B, 8 & B2 T o5 5 3) B AR A 4
P A KD, 2 FP T AR PRI S O R BRA S RA . B E RS I BEH, 25
TR AR T S R TR AW S S BT UM T e RS A AR, AR
AT RS It B R g s 2R E B A R ELRR Y ARSI
AR AR A B YR A B oRAy e,
4.2.1 MR
TERIB RS M B0, A 5 8RB FE AR A Y WIESR T, M RA S5 6 #17H
KAUSRAG AT ik 5 a0 DLk a3

§ = arg m?x{P(Y-ﬁ)} (6)

”:‘IEI’I‘J%@K WA R AL BB S SRR . B A BT S IR 2B
FH LM ITE R EM BEY, DIRFE EM 8% B BRI EM Bt — N E 22k
AL IR AR AR S — AR FU R AR AL . EM BB S — SR AMSE WS . F E $ (Ex-
pectation) , [ %€ 4 B B S50, [ H G T HHEWT =I5, 455 XM BCHE F i+ B R 0 20 A s 78
M # (Maximization) , [ & E Z B RGBT &0 0, FIH B KPR EN FHERA S5 1
A, EETRESH X EREANRSHEE N P(X,Y;60). 48 W5 8 b i qim ke
25, A8 B B AL AR 2R B X5 K

L) = long(X,Y;ﬁ)dX (7

1.

1T LOF, RS EHFERBHBERR, EEEKE LO R+ FMES. @
FHITERFM Jensen AFEAK LK HEROIEFEL 3 HF 69 4032 , B

L& =10g Q(X) P(g(;’)ﬁ)

JQ(X)logP(X,Y;ﬁ)dX + H@Q) = FQ.0 (8)

Hit QX)) ABERA— M4, HQ) "NA QXM FQ,.OHX LO K —4 T 7.
NTRIBILRE, RBRAERN 2 QOO N IZFE FTAR TS, it Bk — 4 s

dX =




3 TR VIS SEXIRAFREFNSEITF T FiE 111

B A ES N ARORe. EHE

BN T, BEEHSH N QX)=PXI|Y;0),B{#15(8)

A Y SFFORAL HAE B 241 R A A X F i L R AR MR 9. A — MR R B 3

°  EM HiEfd B ERZEWM T

P

E Step, Q"' = arg ms.xF(Q,@*) :
M Step: #*! = arg maxF(Q‘*Jrl g),

MK TR FQ,ORTHRE. T‘*&ﬁck?ﬁéﬁﬁﬁﬁP,E BT R ITRAERR D MNE
LR S HEEN T RATBEEL R E LM M B2 R Ut B S HUE R R

HI{E I 0. FE 2 80RO T - AR T B — R ML F &, EM RE R 2R 2 — 1 Bl

PR,
4.2.2 DlntirE>d

I
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FAITE R T ERASHB oy B, EENSE T I RIEH AR, BRI E &
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