TRk (5550E)
W RHEREF AT RAX

BREEIRNFETFY
BHEA

{61l (Mitchell Chap. 6.2) reSsip

HERENH L ORELRH =L ERNBETH=
COBEICE, REITHEAHEDELSM?

1h. BHREL. ALIREA DL L S
E(F 98% £55. £, MLV EFICE LEMEES
BREE(L 97% ThB. / —

posiive: 3% neghtive: 97%

51T, EAQICRTEHINHUELDEL 008 THD.

P(cancer) = .008 P(—¢ancer) =

P(+ | cancer) = .98 P(+#| cancer) .02

P(+ | —cancer) = .03

P(+) = P(+|c’r) P(c’r) +P(+ | =c’r) P(—c’r)=.0376

P(+| cancer) P(cancer)
P(+)

P(cancer | +) =

;EZQ

= Bayes EE

= MAP & ML

= Bayes i 5 $8%%, Gibbs 7)LT) X L
s DIADHEENEEDHEEM

= Naive Bayes

{51] (Mitchell Exercise 6.1)

2[E B ORE(EFHFEIILET H)ERIT, ZORRLBMET
HotELELS. AV THIERBERIZESTDTHLIN?

P(cancer) = .008 P(—cancer) = .992
P(+ | cancer)= .98 P(— | cancer) = .02
P(+ | —cancer) = .03 P(— | —cancer) = .97

P(t+,) =P(+ 1, [ ¢’r) P(c’r) + P(+,+; [ =¢r) P(=c’r) =.00858
P(+, +, | cancer) P(cancer) _
P(++,)

P(cancer | +,+,) = .896

Bayes M E &

P(B| A) P(4)
P(B)
o
P(4,B)= P(A| B)P(B)
= P(B| A) P(4)

P(A|B)=

3 RIS

FEOLK (X FHAHEEOER ! ):
P(AAB) = P(A|B) P(B) = P(BJA) P(A)

& MERICHL T

P(AVB) = P(A) + P(B) — P(AAB)
EQEIOLNW

PB) = P(B.A)=Y P(BI4)P(4)

i=1 i=1




REEIRICEALTHATWAZ E

LD 1) P(h)
P(D)
P(h) = %5 h DERTHERE
P(D) = El#T—% D M E#EHEE
P(h|D) =D WNEZohf=LED h DEHRFEE
P(Dlh) = h A5z ohi=LED D D AR

P(h| D)=

T8 D EERMLELLLMRE h £BIRTHENTES !

F FHEAREERSERER(GLHNE) ERBT 5D T
E RO EREER" 2EAHENTESDIELIM?

i MAP#t €

p(h| Dy~ PRI P

P(D)
T—ANFEDLEE BWEETHDIE. &RLHY
IRNERATHSS.
$?§ﬁ$%kﬁ§ﬂ (Maximum a posteriori hypothesis) hMAP:

hy,,p =argmax P(h| D)
heH

= arg max P11 Ph)
heH P(D)
=argmax P(D|h) P(h)

heH

JAXDNENEEZDERERDER

P(h) P(hD1) P(h|D1,D2)
&R fRER &R

ML¥E

2TO 0, j 221 T P(h) = P(h) &fRE
ThIE, KYBBETSE, &AMaximum
Likelihood (ML) {RER ZE S &IZ7HD

h,,p =argmax P(D| h) P(h)
heH
h,, =argmax P(D|h)

heH

:-Eik

= Bayes £

= MAP & ML

= Bayes &x# 5 $83%, Gibbs 7)LT X L
s DIADEENEEDHETED

= Naive Bayes

MLIETE D — D DFAEFR

« WEERTE, FATEES ML KA.
SEFEN FELEVEEDNS
s BIZIE, XBICHTOREOEREEEDS
HINMIEHADELIAN? Fih, HEHE
=, AOS\MTREKERYSD
» FRERSANEELGVNELL. AE
RAEFBERGER
REBAILIE, EEHOLEEENT X TELNELBALFHTHS.

DEYERDOFRHEES L —HTHIEDRELE M THD,
ZEM?




:-EJX

= Bayes EE

= MAP & ML

= Bayes &#7 $83%, Gibbs 7)LT X LA
s VIADHEENEEDHEEM

= Naive Bayes

3 {5l (Mitchell Chap. 6.7)

P(h,| D)=4  P(—|h)=0 P(+|h)=1
P(h,[ D)=.3  P(-|h)=1 P(+hy) =0
P(h;[D)=.3  P(-[hy)=1 P(+|hy) =0

TAWZ: N P(+|h)P(h | D) =4

h;eH
Y P(=|h)P(h,|D)=.6
hieH
LT argmax Y P(c, | h,)P(h,| D) =~

cie{+,—} h;eH

RAMEFDRLHY 555758

s CNET.EH D DLETOHRLHYID
RERZEROTES (B 7y0p) o
» REEFORLHYSS (RLEERNELY)
DERHRIEEIGLIDTHAIMN?
,,,,,l—hMAP(X) (i%{l%”iéﬁ;ﬁ—clif;b\ !
« ROPIT. x DESELHYSZ5ERNIE?
« 3{RER: P(h|D)=0.4, P(hy|D)=0.3, P(h3|D)=0.3
= FEB: )=+, hax)=—, h3(x)= -

Bayestx#Ei77 FE 55

n INTA—R0FLDHEES M P(X;0) MhonBDT—42
D={X;,...X, } DERRAISNI=LT S5, D IZEDIE, XD
T—3Yy BNEATHEINEHELLY,

n FE1 INSA—H0EHTEL. P(X;0)ICEDEHTET S
= MLE (RALHE)
» MAP (E#%RERRA(L) Onar = argmaxP(DIO)P(9)
» HA%%${E (posterior mean)

6= fep(ew)de = fep(me)P(e)/P(D)de
n FiE2: INSA—R0FHEFELELNTKRDO D
P(Y,6|D) = P(Y,D|8)P(8)/P(D)
) P(Y|D) =fP(Y,D|6)P(9)/P(D)d9

Omr = argmax P(D]6)

Bayes fxi#%i 5 $8 78 H

L EBR2 G5

argmax » P(c,|h)P(h;| D)

c;jel+,—} heH

7E: Bayes RBHNFERIE HICEENDEILRSALY

FE RITIESFEUKERESN TN DDA, L THBHEMAPY
MLEEDLBWNERDH S, EDLIFIHRIZESLDH. BEDHD
EZHTHD

F:ETAREA ? RAMSICKRENANES

B&2EROT. W KYEATHES

NAZXZEDEARIVETH

» N XMRF T, FHEERSIIFBIATRETH D, =&
Z YT NEAELACTH,
. gj%(iﬂ HAIMHEOEHRLS R FETERT SHEX

« EEEHETIEROHIENTELL
« HOIBEOIIVERITHEC RNHDIREL?
» WINTH, BLOT—ADEVMES . £9 . BRIHEZE
ELACEICHS
s LD, T=EDEFDION, T—2ELY—EBIEL
BEIIT%B (BB 5 LLESLIIT15)
s TANETHIZIE, FATMBEEERBLELED

18




RAR KR

s EREH xOFH pZ2F2FLEWELELS, 78 A &
BERENT—2FFEEENET S,

w Pu| D,?) = RD|u,A)Ru)AD)

oc AD |4 A)RL)

s RADTUTHNIE, BRISTHELELE/NTA—2FD
B - DA TRELISEEZD (DMELTIE, HIZIE,
IE#R (Gaussian), ZI18, —# %)

s ERDFAERICEZLS

s FRIDAHNERGLOT, BELOEEEY ., BHRER
DI (RE)ERDAIEREE/ISA—FF DR FHITHE
BH. CNBERDHETHSEINLLY

19

L BW ),
aw ZEH)

Wikipediadkt)

R 1D, of) = RD | ARKIRD) &< RD |K)AK)

= L. BROSH (B MELERBLEOR) H'F
Ao fERLHOBBTHIIL, EDEFH ML
TORERHMIH T DAREMAMEES

» PELBRHMOERSH (AIRAR M) ERMAMHE

L. AEB#AERD HOBHE. BRI MILER

SEEL S, o

« AEMSASESHEROBE. F UL o
(Dirichlet) S A A £ BHERHHEL B )

20 Wikipediadky

Wikipediadkt) Wikipediadkt




N A X HEEH B
» BRI AL = MY o 0y?)
w BERSM: A D)= My | o)

o? No@

0
= +
K NJ§+02#0 NJ§+02”ML
L_1.N
o2 a2 o2

N N
1 2 1 2
HML:Nan o =m2(xn—ﬂm)
n=1 n=1

» ELAEEDN. FRINTNDLT —I~NEB DT
NaHS »

RAR K

= A, | D)= RD|u?)Ru,*)AD)
o< AD |4?) Rp | )R )
= B Au | ) = MU | to Pl ko),
A?) = 16( |1/2,5/2)

N_IG(u, 02“10; ko, 70,50)

- BEM AY| P D) = My | Uy Plky),
AP) =1G(R |rf2,542)
NJG(#rUZl#NrkNrrN,

w=1+N

#N—ko+N#0 k0+N#ML
sy=rg+((IN-1)

ky =ko+N

Sn)

RA R KRB

5
SO ELTF, HDHERD D
F1 p ERAXHERT HHADHIR,
B#RIE, 1 OBRHAHIN=0)(Ch
HERS), N EEMSE T 115 N=2
BOBERNTTHD, T—ERIE. FY

RAZ YR

s RADTU (HARBEEE) GO,
Za—FILRYRT—IXRE RKAPSVM
PRAEEZETIVE, LEBHELTH
WADIE. KUIZEDHEWL(ERS)

160.8, 4 0.1 OEEATMDER N=1
Utz EHBRIA T OFIIEIZ0ELL, N=0 0
BRI HELERRTE, SHIZED L
fEELE N 0
26 29
S S L =A
N A X HEEm

5 AN A XHEER B

= HLLEOBREITENT. |IS, FHUABRMTH
MERHMETHE HRBAMDMIE, HH IR TE

2%
» L. BEOBROFH) ERALDLEL. AREBFLH
FHRRHEED

n PHESERENKRMTHNIE (BEMAIEET
LES) EBREROMIIER-BH D MELD
(ERPHEFEHTHTDHEEE) .

s BEFZEHTHLIOT, MK, SEHEHR -
HovnfmERd, hidx. #F o1 v—ba el
TSN TS

s NMUTU(HR HARE) LGS Za—JILRIbT—H
PRERPSVMORIAEEET ILE, LEBHKELTHWS
DIE, KUK (ERS),

= BEN? - CHODOET ILIFIEEML S A—E LI #ET R
RTTREL, ARG, BRIDHEORERTER DL
EBIEMTERL

s ZaA—TIRIET—IOREREICHEREHASEDILEFT
%%, AL, BITERAMITE>TLS b TGN

= Softmax #fH5%.
» BEITNDHDIDIENDNIELEN, Ll REBLRAIE.
BEMNLNILTHD

= i, ERGEEETLNEONSELTNEKBERLEDLA,

BLESTHMINIE, |BERICENSEREN




fSREF, EXALNEHIHL. [ALRLHY 525 HHE

" BATHOT. BABNETF B LML, DEA B Y

SHRBAITIBN

HYSBLETDRFEEZ. SALN-EHICEL. TRITS

SEER I B CRETHCE-T 5, BALHETS

BEORERELT 5. MR . REOUAPES)
N

PO, | D,H) = Y PO, )P | D)= P(v, | 1y DL PE)
(D)
. AAXBEHBE:

argmax = > P, |h)P(h,| D)= argmax = > P(v, [h)P(D|h)P(h,)

heH heH

EP/Y

= Bayes EIE

= MAP & ML

= Bayes x5 ¥8%%, Gibbs 7)LI) X L
» VSADHEENERDHETEH

= Naive Bayes

A X &z 5 $E7e

« TALEHERMOBRNSANESZILNTINSIEE ., FURGHEMEES
DA EF, FHMIZIZ A XEESEREBIDEFITEL,
o ERO, FFERTLIEBICBHO. R, SALRAEMEALDE
B A XRBEHEHIT. RAPTEAL
o F AMXRBESBEROERSIE. RBISH T DERIFERICET S
(PRI DIERES A THD, LHL. SBEABEFELIELIE/ONEL,
o LOL. SIS, SLOLTEHEEL. TRIERBNYTHD
. Wlilzf, BEMISBFEMAFHIETE, validation set £ early stopping £& 2 2 E (37

. L,zb\L, ERHHEAEESOTVSIBE . A XRES BRI RBETIEAC
7%, PIZIE, —BUBIRESHERET DL, BREENMENZLD
REH, (LD DBNHENBREEELORHEEELTLEICL
NEETD.

o ERFLSBEDOD, RAXREH R ITEROCEBLHETHY, AKX
BBEEVSBRITEDE, 2L, ThEMBRIEL-, E<OERAMLTIL

TJYXLEEDLE>DITELLESTIND

32

3 FEBEREICE2:8Y

s AT S EERIEE
. (BERTD) AL RS Z2R 1= 5B
» HE i3 EHEEMEESH S
. H7o {i?ﬁifﬁ%ﬂméﬁ? o AR RRORAS
- EiEE: EIRAIE M D
- HHELEREO—BEERD SPHERTIIORN
2L, FEFGEARICIR DT,

BRI ICIEEENBE
RUBRMEET 2DHRY

1. {RE% P(h|D) [ZR->TIUH LITER
2 FEHEINICRENDETS

BE: LLIREESFINM P(h) ITR-TSUF L
ITESE,
E[errorGibbs] < 2E[errorBayesOptimal]

(E##(Z “Mitchell Machine Learning Chap. 6.8”)

REFEDEHMN ST A, XBBEL N FR DA A TERNEEITHA

EZAHM e
<’

s DT VEDISE srcosssemmgsrses)

» BEEUEAOISHEWN =R =BT (2K
R HEEDOHEESLE, OMSIOEHKT

REIE. ATIVERTEHNEMT

« RIFEE=HERICBE=TEILTITEL.

o BRISEVD =3B O =1{E(F0IZLY

ETE5L ARBEEEZLONS,

« EIE AT ICFE-EE




3 RAZEAT

s FEREH T ILEDEK

. HEETD (BHBISRIZETEHENS) ERE.
HEEETIINL, EETEZ DI EITTNIE.
FOREEN, ZOMEIZHE YL TILADE
HITENDZLEEZD

s EEESWNEHUTILEDEK

= HEETO(SVBEHZEEICNBENS) FE
EEAVEZFOMEIZHE YU TILEDE
MBI BEEZS

: Big: VoREER

L s
5 500 1000 1200
E1 (Hz)

HAMER. ERHTHY. ST EFEREHAERET HE. BIZIE0,1]E
FHIEMTED, VSRATLITHNRFEARBETIE TOISAADFHE
HEEZHALTVHELBIMTED,

BEES (L. VIRBATEENA, ZDTIFRLLEIELTES,
BREDGE. EOFE (AR LLEXHENTED,

FEDHDHE

Bz ATIVE i
&
£z |BYKS/MEUEROHETE) BZfED IR
HE (BEH/ME)

b [p7AvEE [HamERDTHT
T |BRMELL | TUELRR
EEWR R mnfgenTTuiE
ERME) | pu ek mR
ANREREATOYLTINES
. S (BEHE)

HEEFATHEIHETS

DSRBHNEHAT=DIZ, BEREFFLTLES&EF?

1 e ° 00 o o0

online#E T, HEEFET 5.
BEHEHAS.

olLoe oo "y Iy

OPRATAyIERELRTHELS !

—a—JI)LRryEEAE2EY

\
[ !

248 [ElF

H2BDIEHEITR, LLH A
{BEH S FERA HE

BABOENFIFR, HAEEASD
THEISAERHR

/#?%iﬁ*‘/'?’{»ﬂfﬁﬁﬁéﬁﬁb\é& HAEKOE1DM

D THELDIE, BEELIKWIASTHS (AR)
online #E 745 resampling LTSI EEIFIFFL

EREDNFE (BlFT )

ECAHT. MRSTEE?




5 [B195F 73 4 DA AT BIAZAR

SBTEG: <x,d> {BL
d, = f(x;) + &

g /4 X =iid BHERDIHIWEREH
T. F=0 MO PEITERET S

iid=independent, identically distributed
15IE (FAE); KOATNTER  random variable

hy, =argmin ) (d, —h(x,))’

heH i=1

EP/Y

= Bayes EIE
= MAP & ML
= Bayes x5 ¥8%%, Gibbs 7)LI) X L
s VIADHEENEEDHEEM
= Naive Bayes
RN EE

3 [El)& 53 #r DR ET R AZIR (ERA)
h,, =arg n;ax In p(D | h)
:arghsrgax lnl:I1 e 2[ ¢ ]

arg max i (7d — h(x, )j

heH i=1 o

arg max z —(d, - h(x,)’

heH i=1

= arg min i (d; = h(x,))?

heH i=1

Naive Bayes %3825

n BN (205 ?2) kKo =05 %
« BGRICIEERE
» BfRZHIC, &E
= Bayes B + RE LH1HT
s ERCIERYILIZENIEN S IMRE
= ZNICEEDHLT, EEEISIZLIELIESIFELK
s FRIHEHI:
« XENHE
. 2

Naive Bayes (& Bayesian &I(XEH{&RARLY

HEROFRICIEZRREELTE
Bl EEHREEET—INOFBLELS

hy, = argmaxin p(D | h) 4 0or | (EhiE
< P B
= argmax lnHP(d | 1, x,)P(x,)

i=l

= argmax Z In[P(d, | h,x,)P(x,)]
=arg maxi In{(x,)" (1= h(x,)™ P(x,))
= arg max Z d;Inh(x,))+(1-d,)In(1-h(x,))

heH
x; OEHFELCITHS | MSRERLTVDBEEER L

3 cross entropy  H(p,q) ==, p(x)logq(x) = H(p)+ Dy, (Pl q)

Bayes EEZ={E515HE DFRE

EH x ODEM<a,,...a>NEZ5NTEE, x I
B393R c #RAHEET BHICIF?

Coyup = argmaxP(c/ \al,az,...,a”)

¢,eC
P(a,,a,,....a, | c,)P(c;)
= arg max
¢, eC P(a,,a,,...,a,)

=argmax P(a,,a,,...a, | ¢,)P(c;)
< eC

o [ KEDT—EM P(a,...ac) EHET S
DITHE, INFA— m;ﬁ\ns,x (H|A|)(21|EJ§
HEDHZE. BERD n 55 20 B)=h5




Naive Bayes 43825

= Naive Bayes DR %E: BHERLTIE. BT
BV ZANFEEG, M3
w P(ay,....a,)c;) = Pla|c) Paylc)) ... Pa,]c)
o RIETBITE (DSADFE D)
o HETEGT ANE/NSA—FHOHIRE:
A (F0(2") — Z[A]| (=O(n))
s COREDBE, ¢ypyp &

Cyp = I8 Irgax P(c, )H P(a;|c;)

. 1

Day Outlook | Temperature | Humidity | Wind Tzfr‘{/is P(Y) -9/ 14’
Day? | Sunny Hot High Weak No P(sunny|Y)=2/9,
Day2 Sunny Hot High Strong No P(CO()[ ‘ Y) = 3/9,
Day3 | Overcast Hot High Weak Yes .

Day4 Rain Mild High Weak Yes P(high|Y)=3/9,
Day5 Rain Cool Normal | Weak Yes P(S”’O"g ‘ Y) =3/9
Day6 Rain Cool Normal Strong No

Day7 | Overcast Cool Normal Strong Yes

Day8 Sunny Mild High Weak No

Day9 Sunny Cool Normal Weak Yes

Day10 Rain Mild Normal Weak Yes

Day11 Sunny Mild Normal Strong Yes

Day12 | Overcast Mild High Strong Yes

Day13 | Overcast Hot Normal Weak Yes

Day14 Rain Mild High Strong No

Naive Bayes: 7JL31) XL

FEEHES)
BHBHIR ¢ (AT BHEE
P'(c)=P(c) DHEE
552 ¢ [ZBTBBHIOD | BEDBEOEE
5 o, Tl BIEE
P/\(ai‘cj) = P(ajlc) OHEEE

7H(x) ) )
Cyp =Arg n;ax P(c, )H P(a,|c))

Naive Bayes: 5l

= BID PlayTennis , L=
<Outlk=sun, Temp=cool, Humid=high, Wind=strong>

= STELELDIE:
ey =argmax P(c)[ ] Pla; | ¢;)
L’,EC i

" P(Y)P(sun|Y)P(cool | Y)P(high|Y)P(strong | Y) = 0.005
P(N)P(sun | N)P(cool | N)P(high| N)P(strong | N)=0.021

= ¢y = No

Naive Bayes:

» E30DT P(c) & Plaje) EHET HH?
» RETEDRA DIZLENG X
s HUTILDBENCEEETET S
= P(c) DHEFEEIL count(c) / N
» P(A|B) OH#ETE(EIL count(4 A B) / count(B)
= f5: 100 =45l. WER 70 + & 30 -
« P(+)=0.7 /D P(-)=0.3
« 70 EDEF DIAIZ, 35 AT a,=SUNNY
= P(a;=SUNNY|+)=0.5

Naive Bayes: S {HIhILIXwAZEL ?

s BULIREDBY L=t >TF5?
= Qe if Play,....a,lc) # P(a)|c;) Playlc))...P(a,c;)
s TNTEH, FEED (BL)FHENKYIIDRY.
FAIE(L Bayes FiIE & i

argmax P(a, |c,)P(a, |c))..P(a,|c;)P(c;)

C,E
=argmax P(a,a,,....a,|c;)P(c;)
c;eC

» LA, FRIFFICKROHD FF (X0 112D
TEWERRMLEICGZYSS




Naive Bayes: & 5[E1%E

. iE:L;% HBVIR ¢; TRILE o, NERBISh A -T2
57

= HEFEME Pla]c)=0 EEED count(a; Ac) =07

» BEFEKX: ChH0EEHETO
= fi#: Laplace correction #=FHWL5

" Pg]e) ="

n+m

n BB BLc=¢
n, EEBIE. BLc=¢, DD a=gq
)4 $FIU§E$(0)?EIET§) P'(a)c) (JE%I'JI o)
r% 1&*@ BHH(LIELIE. BB « DBHEDER
m

=1 t?‘é?’iﬁb‘ﬁéa ZOENRERNENENHS

s XEBO—L, Za—R webR—DF L, ThoD—BHEENSTED,
Ffo, —XEWSTER)ERETHILE

s DYPTVDIE A—ILDBRNLHNENDSE

= JAYE RTATHOENDET S, LS5V EELHD

= Za—ZRB(BHBIACEST) BEDHILONENENFT S, LS
DHHDB, EBI,

= HEBERDE 'IJE(EL\J#II%EL\4+IJ%)i&‘)él B EINBE
ZLT. ROEFHIEENVFFHIEIZH T

. 1=§E’C§'é&1ﬁﬁ75‘1=FH’C§‘7‘4~L‘J1E75\! RFTENL, XEHFE

= FUT—MREDSL. BRERXOSE,

= O—)LEUE—TH.QAD 7R

= Naive Bayes A &S E<LC
= E54%5T Naive Bayes ZRL\5H7?
« RAVR: ESHEGI(Tbb 1XB)ERETT207? BIEGAH?

5 ## 2 Laplace correction

» (EROOERBE(ITA—NEZHETETD
BFIZ) INTA—RIZHERI R EEEL . MAPH
EETD

» BRIDMELT. R—E250 %

[ o= (1x)"B(a,p) #EZD

» /X5 A—AD posterior mean F&o1=H DA
Laplace correction T# 5, Bernoulli 8170
BE.O=mnp+a)/(np+n)+a+p) &
A3

3 XEDRBRGE

Bag-of-words, 3%t 5 . R—FDHE or KEFEHDEEE
« HEXELE. ThThOBEENAIERA-NTRET S,
. "Bag" T. DX BEDECITH oA EENSEERLTIS,
. E BEOERYLEZHZLILERLTLS,
. PAIE RIS, TERITRR TR IN TR EhBELS, [BESR
X2t BERFED L RBBEXFILRALEERLEITHD,
» MAZBEELTINNBEBEER., XETLITELS TR,
. f%&f‘ﬁ)hli dog & dogs ELVof= &M EER AL LR LI=AH
(AN
» XEDBICRILZSDRVBEEEEZ LN
. BABETERME BAL A B 0. ONZORE,
. RETERE WEBANTORE
. E‘?mr- SOEMBEE RS BIERRTRERORVBEE SRS
A
» JAXDEREEMNSVEEIFEZ LN,
. XEBEART. HEBEEAEDH TEL (—E%) 1D

: R RL—DVY

» BERETILOHEFEICEVT, HIRT—2ICHBELZVERISHLTHR/N

BHRELZEVETHIE, FRIEEETFEND,
http://www.jaist.ac.jp/project/NLP_Portal/doc/glossary/index.html

« BRASENETE, BEOXF n B0ERY (n-gram) DHBRHEE &
KAWL N BDLREDGDE, HBILANBEES] - XFIHH T B,
ZTNLEHBRBEILT DEVNVANAET LMD, ZI T HRAH
RAL—TU T ENRESNTE =,
= LaplaceRL—S VT (MBERL—DUY)
« #RF 4R X (Interpolation)
= YR Fa—Yrd RL—SUT
. WYY RL—DUT

o Fr—FTAIN RL—DVY

= DA RN RL—DUT

= Kneser-Ney RL—I2%

P& @ BPitman-YorS S5 ETIL

XEDRE T ()

= RIFBEAH naive Bayes i
s NAXHEREITEEICIZBEZRLAZLD T, naive Bayes TIFAELAY,
naive HRILTHDHEIFRHELVEL,

= LA, naive Bayes MIZ. XEDHIRBERLFELIENTED,

« XEORTIVSATLIC. XERICHIHEDBENHRT 5/
B P(w[c), P(w, [c), ..., P(w, ) BVRESTLBET BEL W,
Waseonr W, fJ\XgﬂFkaihéﬁE THHIEE. ZTDLIUNE
ﬁftﬁiﬁﬁ‘éﬁ’ﬁié‘ RO ESI1ZEL
P(docle,Y=P(w, [c)TF0 P(w, ¢ TF02... Plaw, e TFom

1=12L TF(w) [$BEE w O doc (21T 2 HEE S (term frequency)

[HImREEECSE (F1E naive Bayes £ 2 &S |
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Naive Bayes [Z& B XEH$E

= HBHXE doc [2DF

¢y =argmax P(c,) HP(wk lc 1)” (g doc)
c;eC

w eVoc

f=12L. TF(w;,doc)=doch Dw, D HIEH. Vo [TLBEE(EZTLY
PREEEELLE

= BEOHIBEREEICDOLVTIE. Laplace correction HVihZB, £ZT. T
EDHEBERER; 12720 =03 RchOEBEBEHREY, 1~V
SR DEFEw HRER

n . +1

POw, ey =40

7 o+ |Voc|

20 Newsgroups: RTI& ?

s T—ANEFTETC ROV —TIZEFENS naive
Bayes 2 $EaR(LHEZ ALY,
» F—ATH(IZIZFEDRTOT S LTIE. xy, Xy, tt &Lo1=4T
F) BEKITHS (FTEATE S (£92,000) . 5 BEEER (£

40,000)),
« LA, EFERFIFRICDLEVDDOT, RIA—RTIIRTFEA
AV (- # AN

= TRTHEE—/A—AYENRKEL,
« ThAELBEATIOTSLEENTLERS,

» 335, Weka [TER/A—RITHIARBTTET, [REMIC
[FEYKRZ D, LML, KELGAEYDBET, LABEL,

Twenty News Groups (Joachims 1996)

s BT IL—T10000 3 E
s FHROXEZE. LEDnewsgrouplZEIRS

comp.graphics misc.forsale
comp.os.ms-windows.misc rec.autos
comp.sys.ibm.pc.hardware rec.motorcycles
comp.sys.mac.hardware rec.sport.baseball

comp.windows.x & rec.sport.hockey rec.sport.hockey
alt.atheism sci.space
soc.religion.christian sci.crypt
talk.religion.misc sci.electronics

talk.politics.mideast sci.med
talk.politics.misc
talk.politics.guns

T. Joachims. A probabilistic analysis of the Rocchio algorithm with TFIDF for text categorization.
In Proceedings of the 14th International Conference on Machine Learning, Nashville, TN, 1997, pp.143--151

20 Newsgroups: T—%

= "20 Newsgroups" &WLNSH A RZHY
= http://people.csail.mit.edu/jrennie/20Newsgroups/

= AIALER (BEEEDUIYHLE) Ao T, BEDBEHD
T—AIREN RN EA LS, Matlab TELV®
FULHITHEoTLVS,
= 20news-bydate-matlab.tgz

= CM>5%. train.data, train.label, test.data, test.label %
Ans,

s TAVSLITEHELT webEIZEBHEHLTHEET,

= #ERM5b. confusion matrix #REITRLET

» EfREFE, $78.2%TY,

Twenty News Groups (Joachims 1996)

= Naive Bayes: 89% 4 $E1E i3
« SEHHEAZE E47100 {& (the and of ...) [XB&Z

o COESITICEMEEFIESHED XEXRATHOITEM TR
L\BEEE# stop words ELTRET DN EE

= SEASEICHEGVEEERE

[ ﬁiofzﬁggl?t\ %"] 38,500 EE 100 2onevs,
920 |
80 % Tt
o ZaliL
L. COEREFEHTE, 20 Newsgroups rmnen
DERRITIE, HHEITIFFHITRILD subject 4
I4—IEDHZ STRHINLERETEHIE w0t
IS TVRAS, BB TR RERTIT.HE =
ERELAHEEN DD, 1
° 100 1000 10000

FERIRT —5BABIETRMRIZEY L)

> cm
correct
predicted 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
123 3 3 0 0 0O O 1 0 4 2 0 2 10 3 7 2 12 7 47
2 0299 33 8 8 42 9 1 1 1 0 5 18 7 8 2 0 1 1 3
3 0O 7208 15 10 8 4 0 0 0 0 1 0 1 0 1 0 0 0 O
4 0 12 58306 38 10 49 2 0 1 0 1 28 3 0 0 0 0 0 O
5 0 7 11 21275 2 21 0 0 1 0 2 8 O O 1 1 0 0 O
6 12130 2 336 1 1 0 2 o0 1 3 0 2 2 0 0 1 0
7 0 1 0 4 4 1227 5 1 3 1 1 1 1 0 0 2 0 0 0
8 0 3 2 6 4 0323% 25 3 1 0 9 3 0 0 2 2 1 0
9 o 1 2 o0 1 2 5 433 1 0 0 2 o0 1 0 1 1 0 1
0 o o0 2 0 1 1 0 2 2345 4 0 0 2 0 0 1 1 0 O
1 1 0 1 1 0 O 1 O O 1638 0 0 0 1 0 0 1 0 O
12 116 17 5 5 10 3 1 1 2 1361 45 0 3 1 3 4 3 1
13 1 4 1 23 16 0 11 4 1 2 0 320 3 4 0 0 0 0 O
14 2 3 4 0 7 0 2 0 1 0 2 2 6324 4 1 1 0 3 3
5 3 6 4 1 2 3 3 2 0 0 1 0 3 3333 0 2 0 7 5
6 43 4 5 0 0 1 3 0 1 3 2 2 6 16 5377 3 7 2 69
7z 3 0 0 0 3 1 1 5 4 1 0 7 0 3 1 2324 3 95 19
8% 9 0 0 0 0 1 3 1 2 2 1 0 2 6 2 2 2323 5 5
9 7 2 9 0 6 2 6 9 5 9 3 8 0 10 24 1 16 21184 8
2 10 0 1 0 0 0 1 1 0 1 0 1 0 1 1 1 4 0 1 9
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F & Bayes HiHENB
i— P Dy~ PRI P

o BE7ILTYXLOWHEE: P(D)
= ML: P(D|h) @& K1t
= MAP: P(h|D) « P(D|h) P(h) &K1t
= Posterior mean:
= Bayes &5 5855 P(c|D) = | P(c|h)P(h|D) dh
« REREDTD!
= Gaussian /A4 X T D [EI)E:
& ZRKREDR/ME
s ZEBEROBEEOFEE
< cross-entropy D &/ME
= Naive Bayes: ELRLRERIZHNERAM
= BIRIE, XENLE
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