TFEREER 4 R)
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SHODERE

*

FYhLDE T (BEZRR)

B . BHLEALIRAEEA
EESRAY + Bayes MDAk
» BREEFAORGREEN
« BHIERLEREEROBR
* universal prior &7 —2EHEIZ KD FHl
+ universal probability [Z&% MDL
« MDL [EAYALDH T DEZFHERXE
Induction IESVORD % ERBARE

+ OED (Oxford English Dictionary) IZ& A&

= the process of inferring a general law or
printciple from the observations of particular

instances
» CALIZ. inductive NTEETH
= inductive I&: the process of

reassigning a probability (or credibility) to a law
or proposition from the observation of particular
events

* X vDEFFE Epicurus
= If more than one theory is consistent with the
observations, keep all theories (Principle of
Multiple Explanations).

* ZD—DONEMR: —DEMmALRERUHTHE
ALY

Occam D F 7]

Isaac Newton DS 3

+ We are to admit no more causes of natural
things than such as are both true and
sufficient to explain the appearances. To this
purpose the philosophers say that Nature
does nothing in vain, and more is in vain
when less will serve; for

, and affects not the pomp of
superfluous causes.

+ AOICEBRLTWLSDIE

= Entities should not be multiplied beyond necessity.
« Bertrand Russell [Z&hlE

= Itis vain to do with more what can be done with fewer.
¢ BLEBEORR

= Among the theories that are consistent with the

observed phenomena, one should select the simplest
theory.




BIRIREA—F R DB

* BRKREA—FTEVA

o AIXFIEPREE L ZEIRELE ST HREOIK
BEED, ANXFEHHA. BEKEEEXT
DALY RDIKEEFRDD,

o AIEA AN FE|EZIBEEMIZH TS, 6l
o I8 : 0,000, 00000, 0000000;
o fE#: £ 00, 0000, 000000.

» CNICSRIETZ2DDA— I EEZD

2DDA—kTLY

* ROEBLLDA—RI LU MNKNEZSS
oo Yo e e e e e

s
—0

HEVICHEMICAWNSE., |

Once upon a time, there was a little girl named Emma. Emma

had never eaten a banana, nor had she ever been on a train.

One day she had to journey from New York to Pittsburgh by train.
To relieve Emma’s anxiety, her mother gave her a large bag of
bananas. At Emma’s first bite, the train plunged into a tunnel.

At the second bite, the train broke into daylight again. At the

third bite, Lo! into a tunnel; the fourth bite, La! into daylight again.
And so on all the way to Pittsburgh. Emma, being a bright little
girl, told her grandpa at the station, “Every odd bite of a banana

makes you blind; every even bite puts things right again.”
[N.R. Hanson, Perception and Discovery, 1969, Freeman and Cooper, p.359]

M.Li and P.Vitanyi, An Introduction to Kolmogorov Complexity and Its Applications,
1997, Springer-Verlag, p.318.

£L2—2 04!

s BIZIERDESERMAELTHELS
» BT ARV RE BT AREEN
 ELEMHLILORVEMIRREEN
s ROPITIEESLH?

» BERERHRM-{SAAST-F (FIFXRZ%
W) AHD. TV LICTERYEHLEEZSREHEL
RY.&FnRRRELAKDEIGZHET
%o mEBH oI, mn LHEET S,

o IEFELBMNBONDFERILON., 0IZHIIET B,

BHiisLlk

s EICIERTETEOBEL
w 1/4 1E 1710 KUY BN ?
w 1/3 1% 2/3 KYEHEM?
o 1/3M BRI 52/3(L FREK
w X200+1 [F 13xI+5x3+7x+11 kY Bl 2

Bayes D& %

s EENLGHRID:
=« Bayes MEB: R H NETHIMERT, 8
REDWEADIEE (belief) (prior probability:
BRIER) EH N EXON RO ET—4
D DEHAHEREDTETHD




Bayes DA ED & E

s ERMLGEFT7ILIT) X LOERE
= Naive Bayes &
= Bayesian belief network
» BRTANEEMEARAD

* BEE YRR A D 1R
 DFEETILT) LD IEHE
s AVHLDOFHTIDRAZE

Bayes 0 TE &

p(H | D): M
P(D)

- P(H) = {R8t H OB AT

e a priori, initial, or prior.
= P(D) = §ll#& %I D D ERIFEER
= P(HD) =D N5 Z5NT-FFDOH DRER

o EERFESR: final, inferred, or posterior.
» PDH) =H A5 X 5B DODDHER

Bayes O E H (2 DR ER)

__P(DIH,)P(H,)
>, P(DIHP(H,)
» [RERITHERF THHMHMTHDET D,
= 2 P(H)=1
+ {REt H IZxLT P(DH) A EtHETESLT 5,

P(H;|D)

RERDER (FRERFK)

o —MBIZIE, WAT—2DBE, BBRENLL
UMRERERU =
= Maximum a posteriori hypothesis hyp:
hyse = arg max P(h|D)
P(D|h)P(h)
P(D)
=argmax P(D|h)P(h)

=arg max
g heH

R ERDER (R ALRER)

* 3L, P(h)=P(h) ThhlE. HEIETET,
B A 1% 55 (maximum likelihood hypothesis):

hy, =argmax P(D|h)

HEROERAR

+ BB R P(AAB)=P(BJA)P(A)=P(AB)P(B).

+ F1E XK : P(AVvB)=P(A)+P(B)-P(AAB).

*BRALA,..., A DN DI TH
nIE. X" P(A)=1TH-T
P(B)=2i-1"P(B|A)P(A)




B2FE (FindS) DB

s BEDHMSFEDRELTEZD

« BHIEE X, [REEZERM H, FI#ESEH5 D

= FindS [& VS, p D omBIFIHRGRERE H
+ Bayes #REAIHE S MAPRER IS ?
* FindS & MAP {RERZEH 19 M ?

BB EDER

* BHIEE {xy,... Xp} ZEIE

*+ FIREE D I1F {c(xy),....C0m) }

* ROEIMEhEESN
= P(Dh)=1, h BADEBEELTLINIE
» P(Dh)=0, £5TL+hi(E

s P(N)=UH|, e —knHhcdT b
P(hD)=1/|VS, |, h BDEEELTLINIE
P(h|D)=0, Z5TRITRIE

FRERDEIL

BarE EEMmMEMAPEE

H Inductive system
Candidate Output hypotheses
Elimination
[} Algorithm
Pih)y PRI P, D2y
Equivalent Bayesian infer m
— Training examples D
hypotheses hypotheses hypotheses Hypothesis space H N Mﬁ
(a) () () VAP loarner
hy, =argmax p(D|h)
e
i m
EMERROST /1// =g ] ole 1)
. - Mg
.
h 1 di-h(x) ¥
=arg maxﬁ ! eig( "( )]
. el Sa 270

* EREMBOBEIEEZD
o F#RME) <x;, d>. 1BL. d; X/ A XEEH.
= di=f(x))+e;
v 6 [FTFHODHIRDEFE DHREH
* COFF. hy [FRDIREFEAZH/NMET D

i = argmin 3. (d, ~h(x))

BAMBEL L DERKIET S




RAMEFORLHYID7DHE

o ChET. 61D DHLETOBLHYS SR
Eﬁ.%;k&)—cgf: (15'] : hMAp) o
* RAEHDRLHYSS (HEENF) 55
FESLDDTHAIM?
L] hMAP(X) [i%%&Ljaéﬁ\ﬁ—GlifJ(/\ !
e RDBIT. x DE2ELHYSHEEHIIE ?
o 31 E5t: P(hyD)=0.4, P(h,|D)=0.3, P(h;|D)=0.3
o FEHI: hy(X)=+, hy(X)=—, hy(X)=—

Bayes Fxi 7% 73 £8

+ Bayes optimal classification:
argmax 3 P(v, |1 (| D)
1 hieH

o {5 P(UD)=04, PC-h)=0, P(+h,)=1
P(nD)=0.3, P(-|h;)=1, P(+n,)=0
P(nD)=0.3, P(-Ihs)=1, P(+hy)=0

=PEF Shiew P+ P(H[D) = 0.4
Znien P(-) P(h[D) = 0.6

ZLT  argmax 3Pl IhP(h D)=~
Vi<V pen

FHIFERS

o WEHRTIE, BRIFEES L. KD,

HEFREN. BELGWERDND

« BIZIE, XEICHFHHEEDERHEEDEH
PEHEIDELSIN? Fih HEWES.
AOSRTRECELYSS

Zl T, (EDHFEERIMTHCEL)BR

MIFERUCIZEZESHEF D MIEL

AIM?

*

LeE-EDE

¢ D.Hume (1716-1776):

« EQORMIETAIRETHD, HEES, HAE,
BRI DT —R LB D EIC Lo TDAFER
IZEL3SMNLTHS,

» ZTOTEDEREIFHERN A EEHER LT

Solomonoff

+ Solomonoff [1964, 1978]:
» ETOIRMEHERIL. 2ERINZNET DRI

IRETES

o SMETBHICIE. R DO HI CE SRR N BE

o SMET HESITEHN B RICITEMIE
(simplicity) &H 37 14 (indifference) &A3& 5

o Bt RLEMURGNZRLEETED

o RNITE: T3 THVEEA N EE(Z(E, EH DR
BIEENLREKRICIEBTED

2:E 5 D51 L IR HE AR

* B={0,1} (BR&EALELHATHXLAY)
= B*=0,10FRIILTOESE
» B*=0, 10O FERIETOESE
s WEOME(IBLDOEERLSM
» (BB MEEB*OER
» EBROAELB*OER
» FERLB*DER
n 5L ONERICHERMICERLT D




MR A

* U(X): XFHI X ZHEETHEXFIIDRE
= §(yPX)= H(xy) / p(x)

¢ semimeasure:
= Y(ETXFFI) <1
= H(X) 22acp H(Xa)

* M: a universal enumerable continuous semimeasure

= £enumerable continuous semimeasures DEAMNDE
Fl TH2T. YeM Ic>0 VxeB* pg(x) > cu(x)

M®DHE

* Si=Xi9=n-1 H)(M(0[x) — p(0[x))* &<
e L [& recursive semimeasure
* 3. 8,< (1/2) K(u) In 2
= K [& Kolomogorov complexity. p (DFFE1E) %
H 719 % self-delimiting program D& fE &
* MYD)/u(yX)—>1 (ufEZR1T)
oy [EHDHEELI-RE, X DRIMEKRTHLE
o L [ positive recursive measure

MO &E

* limyy) .. log p(ylx) —log M(y|x) =0 THBD
T. -log p(yx) &/MET 5 &L -log
M(y|x) ZE/MET B EEER—

» EHEADVTIENS

=&

o AL (EED) prior p [I2RLTH,
= log M(x) - log u(x) [EHDEZHUT
o CNITEE, IIVSMMAFEET S (TNIXEE) &Ly
STEMNKY]
2 01D ERFI x D20 HKIHEEDFHD M
LpEDECROHFE) T, x DREn T3t
L Un &YESHAD T B,

MIZ&SF A

* MIZ&DFRIE. £ TDsemimeasure [Z&
B5FRDEHADODEHEEI

s RERIOTSLIZESF A IEdominant
mnhe
= 3EI(E No.

e LA, FaEDIZE X dominant

s MOEEMNS, FREDIZE . MDLIZKSF
ANZRETHHAZEN DM

T—REHEICL B E

e HDHUIZKDNEEEZD
+ —log p(y[x)= —log p(xy) + log p(x) Z&/NM<9%
y Z3K&71=Ly ({BL. I(y)=n),
o =75 limy,.~10g (yix) = Km(xy)-Km(+O(1) <o
= Km(x) [& x Z5E58ET HEBRXF % HE H9 % monotone
machine Dx5E B K
= monotone machine: work tape LA#+1Z one-way read-only @
input tape & one-way write-only Moutput tape Z3FDTM
. Km(>;) & —log M(x) &ldp-random FZH L TILEH DZELY
LAV




T—REHEICELBHIME(Q2)

s FTEhB: pyx) MEXELDIDIE
= M(y)x) MR TH->T. ZDEFIZRD
2y DX ICELTRLEMSNFBETHY . HD
ZOBEIZRD (x hMoDEER y DMED ),

» 728, xy AY p-random 5@ prefix T+ (EiE
BILY, EVVo=E A H S

!l

s M(y]X) [Z x D y A FFEIZERBATESIZE

REGEELLS,

= M(10M=0(1/n) . Thtrb, fz{SA 0 ALY
=% TIX. 1 D THERATHLYIEL 0 A THE
BT BIESHEHE

= Bernoullii@F2(p, 1-p) LIRFEL .. EHIHERE p
D—HFPIELTHET HE p=(n+1)/(n+2). T
b LEDEE U(n+2) 555

+ KISHBAEAR 574U VSR (E, 10,0004k £
Yo Dtz ThhlL. £ 1/3,650,000TH
3 Laplace, A Philosophical Essay on Probabilities

* TKIBIZEATAEHMINREh TN,
ELW (EHATIEZORHRARIZILEL
ZENEZLY)

55 D [ =

* W[IYBayesIZE <
Pr(H|D) = Pr(D|H) P(H) / Pr(D)
o H:RER. P: (REZDBRIFERE, D: 8AlT—42
» DEPEEELT Pr(HD) &KL T HHER DD

s CNIEERDLDODRIMEERIL
-log Pr(H|D) = -log Pr(D|H) -log P(H) + log Pr(D),
-log Pr(D|H) -log P(H)

Shannon-Fano & CHER

+ —log Pr(D|H) —log P(H) ®&IE(L.

« —log P(H): Shannon-FanofF 5124k 5. k&% H M
HFH HFESROTR)

« —log Pr(D|H): Shannon-Fano & &12& 5. fR:k
HOTTOEBRT—4%D O HHFEED
TR

+ E5L T, Shannon-FanofF& T FH XLy

(FELD ? (HAHEERMTRONEEE?)

ESRIEP

* P(x): BRABTERINERIEZLOEH
+ semimeasure:

= 2, NP <1
* m: a universal enumerable discrete semimeasure

= %enumerable discrete semimeasures DEEMD ERP,
TH>T. VPeM Ic>0 ¥xeN Py(x) > cP(x)




mODHEE

¢ log m(H)=-K(H)+O(1)

log m(D|H)= -K(D|H)£0(1)

= K [& Kolomogorov complexity. H (D#FE1t)

% 513 % self-delimiting program D &ER

* K(D|H)+ K(H) —o(P,H)

< -log Pr(D|H) —log P(H) < K(D|H)+ K(H)

= a(P,H)= KPr(-JH)+ K(P) < K(H) + O(1)

» "h % FI (fundamental inequality) EFEARZ &I2F 5

FINRKILT BIZIE

* H A P-randomT#&H %

= £L P-random CTHULMEEENEDRIERTHo1zLT DL,

KO) ZRAWTIE/LALZL
¢ D A' Pr(-|H)-random T %
» HL HB|HEDEHE D A Pr(|H)-random THELNET D
EARERIFELRWATEESEN $H D
o £TOIRERHS P-random [Z555 K5 P EESH. D
Y Pr(-|H)-random &75 5 & 5% H #E AL &L
(MDLIZ#%BayeslZt & LAELY)

=&

sPELTmZEALNIE, MDL GHE#OH
F)&Bayes (FEERDOER) LITFMIZED
¢ P(x)= m(x)=2K® &g (L kL
=« K [& Kolomogorov complexity. x (DFFS1t) %
H 7395 self-delimiting program D &x¥E &K
s ThbE, HAFBILFER(TOTILAE) IS
LB X DHAEORENRS
 EMNBRGL, BIERFSILEELILS

Bayes & MDL

+ Bayes:
= Pr(D|H) P(H) Z&KX{L 9 BHZERKH &
+ MDL/RZE (FR%E):
s KDH)+ KH)Z&/NT DIRERERD &
*E:
= P "2 H > TLVSEE(E Bayes
» HERMTIEGNEE, P ATBHDEE MDL

Bayes & MDL

+ Bayes:

» BIERE D WA DIEE (belief) (prior probability:
FHIER)EH N EZONTFOERT—42D
DEHANERLOEERRNELT HHERD &

* MDL/RZE (FR%E):
» ROMERDETBREFERD &
o IR DETR K (EvhE)
o BIERWTEHAT—4%LRLIzBD. T—42D5
& (Evh)

1

o. Temp Humid Windy Class No. Outlook  Temp Humid Windy Cl
1 ove hot high not N high not N
2 ove hot high very N high med N
3 ove hot high med N normal not P
4 sunny hot high not P ormal med P
5 sunny hot high med P ormal not N
6 rait mild high not N ormal med N
7 rai mild high not N ormal med P
8 rait hot not P ormal very P
9 rai cool ed N high very P

10 rai hot very N high med P

11 sunny cool very P normal not P

12 sunny cool ed P high very N

T X7AL: 24(3 log, 3+1+1)=162.12 bits
FHRTORMECHEEDOHA LT
#EOTHIFIE, 54 bits TT L




M/~ EBHECESTEELET
—r
1 Outlook 0 P 1 Humidity ONOPON
1 2 111 log3 111111 13.585bits

B4y 1/544 — R 72D T, log54=5.75bits HVFEHE
A%t: 19.335 bits

1 Outlook 0 P 1 Humidity 0 N 0 P 1 Windy
1TempONONOPONON

120 + 2+log3 + log2+1=25.585 bits

FEDH

* A vhLDHIT]EBayes siE L
« BRMICEZO0E
« TRENITRA:

o MEEBFEEIARSTREN

o MBETHEES )

universal (semi-)measure [Z&k5%f—

o TM [Tk Bk, 2-itRafe e

» BREINIRET—AREEHTERRFREDRHZEE
R~ BHREERADRHEZER

S5 3k

¢ Tom M. Mitchell, Machine Learning,
McGraw-Hill, 1997.

+ Ming Li and Paul Vitanyi, An Introduction to
Kolmogorov Complexity and Its
Applications, Springer-Verlag, 1997.

F &8 MDLERZE (principle)

o FVHLDET]: FIMREHREENR
* MDL: R#&E&/MET DGR h &N
hyo, =arg Tin Lc,(h)+ ch (D [h
BL. L(x) [EFEECIZE DD RRE
o 5l H=REAR. D=3lIl#&51
s Lg,(h): RhERETEE UM

s Lo,(Dh): h dHE D ERETBE v
h CRITELEIN AN DAHERET S

» hypL [FRDRESEREZLEHMET D

FEH MAPLLLERT BE

Ny =arg T""LX P(D | h)P(h)
=argmaxlog, P(D|h)+1log, P(h)
=argmin-log, P(D|h)-log, P(h) (@)

* HIRERICLDE
« BEpODBRORBEHEFEERE -log,p EVk
e ORIERDELIIZEERTEDS
s —log,P(h): XEFEDHLETO h DERE
» —log,P(Dh): REFEDLE N NEZSNTI=2ETD D
DR E




ZvHh LD BT (Ockham’s
razor)

* OED&Y
= Occam’s(also Ockham’s) razor, the leading
principle of the nominalism of William of Occam
(see Occamism), that for purposes of explanation
things not known to exist should not, unless it is
absolutely necessary, be postulated as existing;
usually called the Law of Parcimony

AvhLDHET]

o FRAHAKXKER KLY (FiE RH)

» (WBERLICEEZSHIELTIEIERSHY VST
THLNZ(BEHHDERE), LNHPD{(Avh
LB TIDHZFYNIE, [FALNVERESNT-F
= RIEMEBRYE, BNEREE (AR
HLIZIEWLAVES MRS ERLTIEASGENIE

F \
* Modern approach Tl& ERELTLS,
= The most likely hypothesis is the simplest one that
is consistent with all observations.
HIH A SO
William of Ockham EEim

= Occam was a pupil of Duns Scotus, but rejected
and opposed the Realism of his master, forming
a new speculative sect who revived the tenets of
Nominalism. He maintained that general ideas
have no objective reality out of the mind, but are
merely a product of abstraction. His teachings
prepared the way for the overthrow of
scholasticism.

o FRHERAXEHLY(FEH BH)
» ETS @E‘%ﬂ@qi‘lﬁﬂ’]ﬁﬁ% BMEERAEREDLOL, EEAIM
BOEREMEERT D, 8, 18 BELLED(EE universalia)
1%, EYMSIRIIL, <ﬂ§|%l:5’&l‘iﬁf ante rem)EE T HEER
<, E%@jiF)E%E@%%?ﬁﬁfﬁﬂo1@%@&%&76&
SRCKHER RN INICHILT B, DB, TEIL(EMIC %L\'C |n
re) DHRTET HEL, @éb?ﬁ‘@?UZFTbXB’]% \_»urm
BB BTE TS5, TUoRILAR, YvuR—
A—LBH, BEES RLODILA—L, ‘/—)I,;C‘&U—o)zl
NRR, FRR-TIALFREHREK,

MEE 4 B

o FRHERAXEHLY (FEH BH)

« BEWmELV, FHOESHICHILT S5, EBYMOHE
=L, $8- E&&@iﬁli§r‘l‘!? AR OFEHDFT
(EYDEIZpost rem) E LB LR, ZRIEFLLMEWIC XS
BHHEH(FE vox) 7L L(% nomen) TH DN, EMIZELT
FEHMNBIELIRIET (& conceptus) EfzIE S DL

LCHEMICKYHRIESNI=5E S terminus conceptus) &SN 3,

BRTYRR, FATG—)L, AYHLBIREKRE, TAT—LIEE
BIEBMBER)EIZ(ER sermo) THDHEL, EED (5
conceptualism) &(E &t sermonism) D FimEiil, A vhl
[FERBD(EEFER terminism) D EERE/E D, MER SIS EAE
- BREBADOERZLE, THORRBZEERLI,

FAKEDHETE

s IREBEE A (testset) ##HT
» FEEOHRRZIATLHOD. HIOEE
RBIEFFCFHFERALEGLD

e LML, BIEEHLIDNKE

* ZZT.

10



FAREDHTE (KT

sz)ﬁ,f’&r‘:é
» BIEEDHD
o BEEEDRESERDD (EHIKY/IN)
o ERENIBESLREESICHITS
1 SUB LIS OHREELRDLSIZH TS
 RESERLTEE. SoniRiizEH.
ﬂﬁﬁiAéﬁutHwEkiékmé
o L3O EBURT
o LE O EBURY

FE AR

s JfEEEDKRES vs FHFRIFEE GEE)
Ny

e xmwwemfﬁ

A learning curve for the
decision tree algorithm on 100
randomly generated examples
in the restaurant domain. The

graph summarizes 20 trials.
(Avrtificial Intelligence: A Modern
Approach &) Fig. 18.9)

% corTect on test set
e
3

TRERIE R D F A

o [RWEMIZESEEDEGHRAEZESD
s KLVEM:
. %@Eﬁ’&ﬁﬁur MELT-F. thOBHETO S
/LY., BONSERFISOHFENK
EZ(TFDIEEIDNEDLELD) DT RFEE
75\ FORMBEEMAZEIZEYALETEN, £
DEDKE=NED

FER=E (Il K HEREA)

+ BEHEFTEIHMIGEEZS.
» ZOTlE BHEOERNNT, SRR ET D
EWEROFERICEAT HFHRETHOTND.
2 ESEHEHRER (R FELOMVIRITE) O
BIZHLIFILDEMADLTINS.

 MOBDELROER (T, S EEMAMBEIC
HoTLB

15 E (=L HEREA (&AT)

s TR 2VEOEREHREZROBEREHATH
5OXHAIELSTHASIM ?
on FILTHD. Al ?

s TlE—RBICm BEOEREERBROERE
HZTHELOIRBEIILLKSTHAIMN?
e log, m FILTHB. fAM ?

s Tl EHETLEVD, 2BDOHRBROGEREHR
ZTHEIREIELETHAIM?
o ERELTHRALEZRICEST, E--1FEHRDHIE

MNELGSTLESIOT, REBDOFEHEEZSHL

15 E (=L HEREA (&AT)

11



TRERE (H11Z K HERBA (FAD))

Zlog, 3 FJL
E:I’%Zl:;\)ﬁfg RURMTEHTHDE
(3/4) log, 3+ (1/4) 0
FILILZIEELICHER
FHBIEMNTESIE
B EROIE 1273:%
ENRES
ST, FOUIRER
flil&. REABCDETE
. #IrdeL T,
BITISBEIFZL 2 ((3/4) log, 3+ (1/4) 0)
= (3/4) log, (413)
+ (1/4) log, (4/1)
RILE#d

TRERE (B K HEREA (FED)

COBEICIE, FHILINER
fifild, RAABCOEFTERKITSD
ELT.
3—((5/8) log, 5 + (3/8) log, 3)
= (5/8) log, (8/5)

+(3/8) log, (8/3)
FILE#E%

BIC—RICIE, FHILSIER
%, REMCOEFTEETS
kLT,

p)l)ogz (1/p) + (1-p) log, (1/(1~

p

=—(plog, p + (1-p) log; (1-p) )
RILE#D

15 E (=L HEREA (&AT))

» TlE.EEERTED . MEOHEREZDERE
HZTELIRMIELLSTHAIMN ?
o REAMICOMYBIEEHKITHELT.
I(P1 P2r--s Pr) = — E p; log, p;
fA %)
1 COEIX FEREMBFD. FERITHTEFEMNS
(DHAFE- FHE)ZRLTWNDEEZONS.

EHREOEME Y

s PEEEEERBER (NFGC1EIT
Z)DERICHLIFILDEN DTS
ELTEREM, ERXICIE. ShELIEYRELS
hli+TTHS

1&#ER D E7BA (Modern
Approach)

¢ UTFISRI A, FEHTHS (FE-TIE
LVELVAY)

EEREDHYFHE
(I £ 258

¢ AU RITDEREUTHIEEERD
¢ LLIERAEHEETTRITESLL, EDFE
REMAHIELDMMEFHFEY S
o INLEBYRYT 234 BITOBEFIZSMNT S
» L 099 DHERTENTHHIMNLTHY., Th
ZEEIZH-TLNBET B
 BARRICETD. BAIFRIBIE 098 FILTHD
» (FRDOBTRHKEID) TSI EDFHEREHZ
TOS &L TH, wHfliELT0.02 FLLLE
HASRIZIE S

12



&= O R E (KA
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