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Bl1E HEXREIE)—7

1.1 Hex

AT, £, WEE (probability) 2 €% T 5. HREERT D720,
ZNPRHRETEHGL (event) DEAZERZ LR ITNIXR SRV,

E&E 1 o B4k
QO ZRARZEM (sample space) & U, ADLATFDOEMZTEZT 051K o £EERK
(o-field) & L.

1. Qe A

2. Ac A= Ae A (2L, Ac=Q\A)

3. Al,AQ,... EA:>U;:O:1A” cA

DFED, EWIZRELFEROMESIZLOVFLOWERZEANT I LN TE,
FTNORTODEREEATZES % o AR LR,
o £EG K ETHER (probability) IZM FD X S IZEHRI N D.

EFE 2 fEREE
5, o BEKR A BT, ROZEMEETEZTHE (measure)P %, WEERRE
(probability measure) & £ (Kolmogorov 1933).

1. Ac AIZD2VWT,0< P(A) <1
2. P(Q) =1
3. HWNZHRBRERI] {A,}02, IZHLT,

(00) -5

FEOERETIH L ITHERP0NS 1 OEE LD 2L 2 FRHROMERN 112
B I ATHWVIIELEROMRIZTNTNOHERDOMTROSNDE Z &,
WRINTWS. KT 3 DFM%Z, MEROIEN (additivity) 2 IFR. 7
=D (Q, A, P) ZHfE322/] (probability space) & 3.

PAFR, HEROEELMEZEZS.

EHEL D2 &Y, P(A)=P(Q\A)=P(Q)-P(A)=1-P(A) &3
ZEhbhrsb. Inkb, UTOEHEMDIID.



EE 1 RAROMEER FHR A DREBR (complementary event) DHERIZL
TOEBHTHS.

P(A%) =1 — P(A)

-, EHELD2. &V, Plg)=P(Q)=1-PQ)=1-1=027%5.
&Y, LARDOEEAIRL D 3L D.

EEB 2 BIR P(¢) =0

X512, ACBODYE % P(A) ¥ P(B) DBRIZOWTER & 5.

ACB &Y, 3B :B=AUB ANB = ¢ PHEOIiLD. EHE 1. D3. &
D, P(B)=P(A)+P(B'), €#%1.®2. &b, 0<P[B)<1, DY
B, fFERELUT, P(A) < P(B)BEOiIDI ehbrd. INEUFDLD
IZBEAM (monotonicity) & LK.

T3 AN
ACB®DY ¥ P(A) < P(B)

EFH 2. D 3. Tld, EWIZERFROMOMERIITNENDRROMERD
FITRDBZENTER, TIE, HWICETERVHROANZED & 512k
DONDZDTHAIMTUTDEIITRDOND.

AUB=(ANB)U(A“NB)U(ANB) &b, P(AUB)=P(ANB°) +
P(A°N B) + P(AN B) EH LD,

ZZT, P(ANB¢) = P(A)—- P(ANB), P(A°NB) = P(B)— P(ANB)
ZRALT, P(ANB®) + P(A°NB)+ P(ANB) = P(A) — P(ANB) +
P(B)— P(ANB)+ P(ANB) = P(A) + P(B) — P(AN B)

Iz AT &S IZHEEDHIER (Additional low of probability) &I,

EE 4 RO
P(AUB) = P(A) + P(B) — P(AN B)

1.2 E&8mEXR

B CHERZEMIZER UZ. LA L, HEROEBRMLEIRIZIZZ DD
NG ®D B, H —RNRRIRD, T ADHEEFRTHD.

A v ERMERSEITTEIEZEH (HE) 282 T, Z0E&E2RD
5ZeEaFEZLD. L, BIFBEBE n, LU, KOWEEE n £ T3
En—ooDEE,

ny 1
7*>7
n 2
LRBIZENFREING. ZDLDIT, S ERERVIEL T oA, HL
AN ny B E, ny/nk ADHERLIBIRT 20V BHE XK TH 5.



L2 L, ZOEHTIFAOHERIIMBMFERZ LT niFFonnoT
35 L 3ATEETH S, £z, REENFERDVATREZR GG IZ D AR E
I, EEDO AN D RSP ST AR THED THREMIZZR>TUL £ 5.

—h, K OIE HERE R Z 5318552 LT, NEOMEA 2 E8HEE (subjective
probability) & U TS 23285035 5.

RA V7V (Bayesian; N1 XA EFH) I, L2 EBIHERE UTKS. ki
THEINEZRA ZADEHEA VD AL 2R VT VLRI NT VDN,
RA ZDFEHIIHER DO EAEH TH AN FHRORMO LN DTH D, HE
EFELHVS.

BIZIE, IR (2010) TIERMAF D & 5 R EBHERDOFINRE TS NTVWS.

1. B=RIEFLREEAY 20X X 4E £ Tzl Z A HER A 0.01
2. BHH, 2O DM H LA B HER DY 0.35
3. RAEDSH, KA THIMEDHERD 0.5

NA XTI, 2o D EEBERIIMEADERBBREDZDDEZL LT
EHIN, BV —7 (belief) LIEEN S, YR, FERMERE X8RO —
FRE AT I N TE LD, ZOWIIKD Lz, AETIE, X1 XD
ST MR ) — T DN TRRINT 5. €V — 7 O BRI IE D
Ji 75 RS 72 B ER (T BRIk D & 5 Hi 1 Bernardo and Smith(1994), Berger
(1985) Z &M E N\,

1.3 FAF SRR
ARHICI, SRER SRR LI 2 EHT 5.

EE 3 SR

A€ A, BEAIZDOWT, R BMVEI 7L WO LRHBDRT, HR ADE
T e % AT ZFESE (conditional probablity) & WU,

P(AN B)

P(A|B) = —5p

TmRY.

ZOrE, P(AB) =208 KO BT ORBEARASM D 372

T 5 FIEAA

P(AN B) = P(A|B)P(B)



ZDrE P(ANB) %2 Ak B DRIEHER (joint probability) &I,
RIZ, HROMZZLUTDOE D IZERT 5.

EE 4 L

HHRRDLERT DHERD, MDD D RRPLEE T SHERITKTF LAV E &,
2 DDHFERIIIIL (independent) THD LS. TIRHOLHERL A LHL BH
M7 & E P(AIB)=P(A) TH D,

P(AN B) = P(A)P(B)

MWD DZ L E VD,

WCREARZ —BALTEEUTOF 2 — VL= Ehrn 5,
P(ANBNC) =P(A|BNC)P(B | C)P(C)

X3 EDHRLIZHILRTE 5D T, Fx—J)b—JL (Chain rule) (&
UFD&SIzEITS.

T 6 Fr—YI—I NEDOFER {A;, Ay, ..., ANy} IZDWVT
P(A1NAsN---NAy) = P(A1|AsNAsN. . .NAN)P(Ay | AsNAuN.. NAy) -+ P(Ay)

NI RIRVASH

1.4 R4 XDEHE

REITIE, FMEFEHERLD, R XFFHI L > TIREEFE LR ZDE
Mz Bid 5.

RA ZDEMEZEE T H811Z, HWIZHERRFR Ay, Ag, -+, Ay, (A € A)
BRARQEZDELTNELE, HE B AITDVWTURMPED IO &
nonrd

ZP P(B|A;) ZP P4, m)B)
ZP(Ai NB) = P(2N B) = P(B)

IN%E NN D RHEEOER & I8,

B 7 LWEEDOER (total probability theorem)
HWIIERGHER Ay, Ag, -+ Ay, (A cA PEERQERELTVS L

%, HL Bec AIZDOWT, P(B ZP P(B|A;) %0 32D,



RHAROEILE Y, P(B)=> P(A)P(B|A;), #>T
=1
P(A;)P(B|A;) _ P(A4)P(BJ|4;) _ P(AiNB)

ST, P(A)P(BJA;)  P(B)  P(B) = P(4;|B)

MDD, TNHBUTFONA XDERTH 5.

EIE 8 ARAXDEH (Bayes’ Theorem)
HWZHERRER Ay, Ay, - A, WEFRQZHFILTVWH LTS, ZOL
E, R BcAIZDOWVT,

_ P(A;)P(B|A;)
PMMﬂ‘zLJ%MP@MH

MDD,
FVAIDEFLLREFIVAIDOEEFEEZLEATVWELL., HEDIZEA
DT ETHUMTVEEITDOATEFVARNMNIAZATLUES 2D
DET. BHIPFVAMOEEEZRZLHETE2FHL%E A, EBIZF YR
MEELZE WS HR%E BT 5. P(A| B)=1.0, P(A|-B)=0.5
4%, P(B)ZANEL, 2HETHFIZNOEFEERZLHESL
To e EARMIZF Y A MDPEIE LR P(B | A) 29570275 4

ZESHE &
- J

ME 1T, HBLOF Y A MDEIET SR P(B) HY, HTOWMEIC
£ PB|A)ICEY)—=IDBHEFINTWEZ b5, §4hbL, HT0
FEEIC Lo THEOLE Y —T7RRBLOL ) — T IZHHINDTHS. D
&, R AMFETIE, BFOiEEE [T T VA (evidence) L IFT, H
ROV —7% [HiiER] (prior probability), HHOL ) —7% [HLHE
# | (posterior probability) & 3.

R 2 ~

HE1IZBWT, BOHFiER%Z P(B) =0.000001 £ §5. FYUALD
HiEE RS UEBRFOANBE 2 25182 L, 2 AOBEF-HDOTY
TYARFGEUTARYIZF) A NPEELZERE2H T2 T 0s 5
LEERE L. £/, o 2HEHNCE D, 2 N\OBEFZHEOILET VA%
& UCTARYIZF Y A MDEIGFU-MHEREHEIZ L 57220 7 2 ER

L, Z8EL.
- J




1.5 FEEEH

—DDRTOMREBAR w e Q LR, ZOBAMw e QIE, 51D
HRIZE->THlEND., ZOHEDZ L%, HERHTIIREREH (random
variable) L LS. HIZIX, T4 V% n TS E0WSFITITONWT, K
B X FEREBTHD. ZOLE, BANwIER - BO X —Din i
HOEBHIOT2EODHY, XIF0H6n XTOfEZ LS.

T b MELHX D, G2NEMEOFERDOES X = {11, 12,..., ) DHDMHE
2L B261F, X IFHHTHD L\, MEHELHR X DL Y 25z, e X
%, TOMERp = P(X = xp) TG 254 p: X — [0,1] 2 X ORERR
WD (discrete probability distribution) & & ..

HEBHESR 734 p 1

0(z € X),

> oplx) =1
reX

w7z g. MIZ, INS 00N ER-T X OB p 2HRSMHEE LT
HOMERERDFIET 5.

=
&
Y

7o, BEBOMREH 2R OWERDIMIZIOVTUTOLIITERL L.

& 6 5, mEADOHEREB 2 FFOMERNMG p(ay, 22, -+ ,om) BB 21,20, , T
D EBFFEE D (joint probability distribution) & FES.

[FIRFHER A D SFRFE DB D DA Z LT DX SITRDD I ENTE 5.
EE T x; ODAIZHIRD D 5354, FARHEIMGDS o, OMERDI M,

p(z;) = > p(T1, 22, Tm),

L1yeeyTi—1,T541-yTm

TRkdOoNS.

1.6 ALERIE

AEITIE, WEAHDNTA—REERL, T—XPONRNTA—REHE
T27DDREFIEZMN T 5.

EFH 8 /8T X — X7 L MRS
K IKTE RS A — RELHE O = {01,600, ,0,) LB L%, HERNIZFO
kS RBRTRENS.

f(z]©)



Tinbb, MR f(2]0) DRIZ AT A—Z 0 DA L->THESh, /S
5 A =R O DADRERMN G f(2|0) 2P T BHHTH B

Bl 1 a4 v n EEERITZE, BVHDEIBEHBERER « & UZERSMIE
AR O ZIHAMEIZR/KED.

f(x|0,n) =,C0"(1 —0)" "
ZIZT, 0%, IMVORPHBIMERDONT A—RERT.

HBT—RIZDONWT, FEDHRNMEBEL T8, T —XP5TDN
TA—REWETHIENTES., TOVLDODAHILTIE, LFORE:2H
W5,

EE 9 LE
X = (Xq,, Xy, X)) DHERDAG f(X;10) (ZHED n HOMERZEL &S
5. nfAOMREBIINIGUZT —R o= (21, -+ ,2,) BMFENIZ L &,

L(0f) = T] f(wilo)

% NEBE (Likelihood function) & €33 5 (Fisher,1925).

Bl 2 a1 V& EETZR, KPMEZEEL 2B THoTzEDAL 2D
KN BNTA =X 0 DRER
L(fIn,z) x ,C,0%(1 —0)" "7,
H LI,
LOn,z) x 67(1 —0)" "
TH L.

REX, TR XX —UPBRENDHERIZIHIT D, NTA—X0D
B TH 5. IR DE R Z 7z $IRAEA LW 72 DITHER & X IFAR 780
N, INEHEIHEESIGE LU TR 7 70 —FPRR T o1 X7 7u—
FTH5.

REEZHRKIZTENRNIA—R )2 RODZZLIE, T—X o 2ELIES
MEEZRRKIZTEINTA—ROEZRDDZLIZRD, TDOHEEZRALHEE
(Maxmimum Likelihood Estimation; MLE) & &1,

EF 10 e
TR EMGELUT, UNORERRKERE/1TA—R%ERD DI,
L(0)z) = max {L(0|z) : © € C}

0 % SAWEE (mazimum likelihood estimator) L VLS (Fisher,1925). 7272
U, Cldayv o vEA%ZRT.



HEMEOLEE LWEEDOF T TO—EMERH Sh T,
EFE 11 E—EE
HESEAE 0 DYELD NS A — & 0% IZHENURT 21, 0 IZ3R—BHEEB (strongly
consistent estimator) THH L\,
P(lim 0 =6")=1.0

DEY, ToRBPIKREL 45 LHEMDPBTHDMEIZEINTN L L,
T DHERE 8 % iR — B EE & 1T

ZDEE, BAHEMIZDOWTEATAED LD,
EE 9 EAHEEMD— B
BRAEEN 0 1ZED NS A =& 0* O —BHEEETH 5. (Wald, 1949)

7z, —BHEEEOIREMN R AMIIL T TEZ 6N 5.
& 12
0* DHEENE 0 HHHEIERMEER (asymptotically normal estimator) TH 5 &
1%, Vn(l - 0) DR ERDFICHHEIRT 52205, Thbb,
HD 0 € 0 LAEREDFEBUIKN LT

N S
nh_)n;o P(W <z)=o(x)

DT EE, /n0—0%) B N0,02(0%)) £ EL. 02(0) ZEHEDEL (asymp-

totic variance) £\ 9.

Thabb, —BMEEHEOWNEN LA mIXERSEIT RS, £, —HHEM
DEAFIUTDO LS IZESNS.

EE 10 MEREEHEBMPERSZRYG (Regular condition) D KT, M5 WHED
& E, AHEERIXWNEAE 1(0%) ! 2R OWNEERfEERTH D, 1(0%) =
Eol(& In L(6]x))?] & Fischer OEHITH & T3,

1.7 RAXHEE

BT TR R 72 R RIS MR E R R TH D 7 1y ¥ v —REHF DR
BThd. 74y ¥y —MHORERIIZG LT, XA X TIEUATOH
B EHNTARI AR EHET 5.

E&E 13 HEL M
X = (X1, -+, Xn) PHSEFE =040 f(2]0) 1IZH/ED n HOMREKRE TS, n
EOMLELEBIIIG U 2T =R o= (21, -+, 2,) DMF S NTZH,

O T S(0)
POL) = T @ TI,  (a:]6)d0

9



% FE G (posterior distribution) LWECY, p(0) % HET5346 (prior distri-
bution) & I3,

NA IREFTIE, HBHAEHRRIZTEEIII NS A—RBEEEITD.

FEH 14 MAPHEEMm
FT—XR B LT, UMFOHEBDARKRKERDENT A =X ERD B,

0 = argmax{p(f|z) : 0 € C}

0 %A THEE(E (Bagyesian estimator) £7z1%, BRSO HFRXLHEEE:MAP
WEE (Mazimum A Posterior estimator) & WEX.

Note:

NRA ZHEENE, TRTOMERZERTHD LODITTIEARN. RITA—XDH
AIFERD FERD N E /-9 & FIZDOAKILT 5.

F7z, R ZHERMETIEMAP #EMA T ZRB LRV DS NTW
%, Pl REAT DN R, EROM 2 RAMEE I, EROAD
L np ez Hn5.

EFE 15 FAP#EME
T—X x5 LT, UTOHESMZLDE/37 A —XOHAREZ KD
2,

0 = E{0{p(f)z) : 0 € C}}
0 % BRSREHEE:EAP #EE (Expected A Posterior estimator) & WFES.

NA ZHEREMED 58— B2 R .

FIE 11 XA ZHEED— M
RA ZHERIZBWTHEEE 0 DNEDIRT A — X 0* OiR—BHEE L 725 &S
BHEAAGNBETE S

Elz, NA XHEMES LR IESME 2 RS, SEEFIRTE .

T 12 N1 XHEE OMHE R

HEMERBEEEBDNERNZM (Regular condition) DT T, MO AEED & &,
NA ZHEEAEDSIE Y8R 1(0%) 1 % R D WL IERHEEAE & 72 5 FHil /9046 % %
ETE5.

RA ZfREECIE, EDOXSICHIMAMAEHET 202 MEL 5. FHiisn
ME 2 —2RERZ + 2 IR D546, BHICIEL TEWD, HINR# %z
- WGBS ED LD IZHRETNIER VWD TH S50, ZDEH%ab &
DEFTD A % FIER BRI LIPS, RETDO KL S RAHEPREINTWS.

10



1.8 HEIFHWREFDM

1.8.1 BEARAHKEFDH (natural conjugate prior distri-
bution)

RA Xt OhTiRd —RINT, XA AW REEERETELLEZS
N20N, ZOHARMEENMIMATHS. T—XE2HHOHFIME T —
REAFBOEESME, T XOERIKRST, SAORITFE —DIFS
NHRTHA 5. £I T, FHiiHMh & HFRAMNE—DIAHEIIET 5K, %
DHEAIDA % BARKKERDH (natural conjugate prior distribution) & I
K. 2T, RIZZ O ARG Z UM R A R 21T S &
2129 5.

5l 3 —IESA
f(z]6,n) = ,,C0%(1 — )"~

DAV EBITTn AR o FERPHZE EOME ) 21 ZHEL LS.
REREBIZ, ,C.0°(1—0)"* THH, “HHIEDBERLELHETDMIL,
UTFDR—=%49% (Beta(a,B)) TH5.

r
p09a,6)=:Ié£5;kg%0a1(1-—9)ﬂ1
FROM,
p(On,z, o, B) = IF'n+a+p) grra—1(1 — gyn—e+h-1

T+ a)l'(n—z+75)

ERRFOR=RGMHE TS,
NEE LD, DNFORNBREED M 2RI 0.

logp(f|n, z, o, B)
Fn+a+p)
Tz+a)T(n—2a+p5)

= log +(x+a—-1logf+(n—x+p5—1)log(l—0)

RogpOprol) — )& &, HPUFBAMIIIKLHEZDT,
Ologp(b|n, =, a, B)

00

B x—l—a—l_n—x—l—ﬁ—l_x+a—1—x9—a9+9—n9+x0—ﬂ9+9
N [ 1-6 N 6(1 —6)
B x+a—1—(n+a+ﬁ—2)9_0
N 6(1 —0) B
0(1—6)£0&D

_ zta-—1

n+oa+p—2

11



MRS AL 725, T, o, BIFFFAMAEDNNTA—RTHZH, Th
ZINAIN—=INT A —% (Hyper parameter) EWER. ZDNAIN—=NF X =&
2o T, HATDMIIRA ik E L 5.

6 Beta(1,1)
5

Beta(1/2,1/2 Beta(5,$)Beta(7,3)
: Beta(3,7
3
2
1 \ 4

0.2 0.4 0.6 0.8 1

B 1.1: NAIN=I8F X — &R L HFHAHA DR

~

BIAE, FRIOEA kL 225 A0OHEMIE, =2 kY, RRMIZ—
5.

Bl 4 LFTDOEL SDMNTZ2EIELGEN?
1 REEHEDPEUCMEBA 728N S5 —D2EEWMO L, TAVKET
Holzb6 1 HHBLAE. HETH-76 1 AMHZHED.

2. KREELHEBA->TVWEEPSL—DEZIOHBL, TNRRETH -7z
51525, AETH-56 1 HFHEKHS.

ZTNTNDODIFICBEWTHREZED BT HR ADHERERD S, S 112
BVWTAEZIND H9 R

PA| 23 1) = -

|

THh5. £, REEMOLTHRE P(A) =4 T3, HF2IBnT
FE D T HER I

P(A| 73 ./wp

ThBH. ZIT, RELINY HTHERO ARG HTMG P(y) 1A FDOR—
RPNHTH .
[(a+ B)

a—1 B—1
Mo 7Y

Py) =

12



£-T,

P@4|ﬁwi2)=LA w%fjﬁ;ééw“—%1-wy“4dw
_ F(a + B) ! a1 p—1
sy J, v v
_ Fa+8) T(a+ 1)IT(B)
T(a)D(B) T(a+ B+1)
T ar B

5. WE, FELHAEOHPTIIZOVWTORBEIREZ SN TVRNE
», HELAEDTHHIMERIEL W (a=8) £ TEHDVEARTHS. =
DEE, PA| T 2)=1/2,7%0, T 10T 2DREEZL HERITE
LWz, E5E500IT2EALTS L.

/‘5%%3 ~
UTRDELSDNITEEBIEGDN?

1. RELEAEVPFEUMEBA->72EmNLS—D2FEZ2WOH L, THUHHEK
ETho61 AHBS RS, HETH-726 1 FHEHS. B
DHUEZEZTIZET. Zhz 10 FEfRL KT,

2. ZFEEHENA>TWEIENS —DEZIOHIL, TAAKET
Holo1/iHELAS. HETH-726 1 FHXS. B
Lz EZaIZRT. Zhz 10 [0 KT,

FEOHBEHAE 2, RTEEn £ 35E, Pl | o, n) EEFO H
AAEZHED .
Pl = (T)era - v

U7zDioT, NI 1IEBWVWTHEEEZ o RO HITHERIE Px | v =
1/2,n=10) TH 5. 2T 2BV THEZ o FIHD BRI

Pla|n=10) = /O Pl | n = 10,)P(t)du

Th5.

Bz 2 220, Plx|¢v=1/2,n=10) & P(z|n=10) DT 7 7 %{E
&k, 72720, Pz |n=10) ZDWTIXHFEFDH P(yp) DA 28—=%
TA=R a & BNEHIT1/2,1,2,5,10 DHEZDODVTENETNT T T

EERE L. ERUEZT S 7honT 1 2 20EWWEZEEE L. J
\

13



B2E N IO

1EZFTTORS RADEAREFATE., KEPSAEROT—ITHBN
A A KE % FA.

RA ZFEBIZRD E S ITEHZINS.

EFE 16 HREBEL X = {X1, -+, X} ORLBOEBME 21, 2, %
ASE U, BEBHERERE X, DIl 70 2 1T 2L TOBEAE N1 X kHm e
.31,

Zo = argmax p(c |z, - ,zp) (2.1)
ce{l,,ro}

ZIT, B X, (i=0,1,--- ,n)iZ{1,-- ,ri} S—DDMEZR LD LTS,

Xo ZHWER, X; e X, (i=1,---,n) 2ZOHPELH LTI, X (2.1) D
ple | xy, o) ERA ZOEHIZED, AFDO LS ITkdo5N 5.

p(Op(@1, -+ x| 0)

argmax p(c|xy, - ,2,) = argmax
ce{l,-,ro} ce{l,-,ro} p(il?l,'“ 7xn)
= argmax p(c)p(z1,-+-,2n | ) (22)
c€{l,+ro}

ZOEE, p(x1, -, op | ) EETNDT =X (x1,--+ ,2,) 1T T BREI
U, R (2.1) 2B E ISR, N1 XDHBEDORE p(x1, -+ 20 | €) D
SHEEEMRET 2 ETMIC Lo TIEI AT S, ET VORI RN
Bt (BHLETIVOLE) BEIRNESTHEH, ETIVIEMICRDIC
PEVEIRELEMEICR D, DU, ZOETIVEBHMARE DL SR I
THEATWHWL Z EIZL & 9.

2.1 Naive Bayes

FIHRANCHRE B HEGEE2 DR XIS TH 5 Naive Bayes %1
5. Naive Bayes Tl&, 2.1 D &5, HEHNG Z o N7k, FHIHZE
BRIDEZMA EWIEZREL TS, 2L D, FAREROHZLTD &
1T, HMRHEROMTRT Z LA TES.

n

P(Xo, X1, ..., Xn) = p(Xo) [ [ p(Xi | Xo)

i=1
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2.1: 1 7N U HHFNZIAW 515 Naive Bayes Dl

ZIT, p(Xo=¢) (c=1,-+-,r9), p(Xs =k | Xo=¢) (i=1,--- ,njc=
Lyrosk=1,--- 1) BRI NI A =R ELTNTNOx)—c,0x,—k| xg=c T
T, HHEBDOT—X (A VARV A) 21, , 2, 12T 5 Naive Bayes
OFAEAEILA T TR I NS,
Ty = argmax aXo:cHHXi:zilxo:c (2.3)
ce{l,--,ro} i=1
WABEEIE, FEEIZDR VAN T A —RETUEET 2 Z EPARETH Y, £
TINEEKDINT A — ZFNTERB N U TR BRI N 2128 £ 5.
5, BEBWA VAR I N YTV NEHD Y, t ZHHOY VT
W db = (zf,2l, - a2ty &RLU, T —%% D=(',---,d, - ,dV)
eERI L, DEAE L LUZEED Naive Bayes DX EEIZLL N TRI NS,

0 n ro T
L= Z Nx,=clogOxy—c + Z Z Z Nx,=k,xo=c10g 0 x, 1| x=c
—1 i=1 c=1 k1

(2.4)

ZZT, Nxyee B DIZBVWT Xg=c &R2MEZKL, N,k x,=c & D
WZBWT X, =k D Xg=c 2B HEZKT. X512, Naive Bayes D
RHEEFIUATDOL S IcRINS.

i Nxy=c

Nx,—k,Xo=c

Oxg=c = N éxi:k\XO:c:T (2.5)
0o=c

15



~ PR 4
Naive Bayes D35 A — X D HEE & Ox,—., éXi:k|X0:c M (2.5) RNz
"B ERMENPD K.

U1 R YD Ox—e —1=02BARET T T VY aDRE
EREEHVS L, I35V B Fy, &

To
E%:L+A<§:@%d—0

c'=1

~

THh5. TIZT, LIixNaive Bayes DNERE ((2.4) R) THB. kKX
W72 Oxo—e DRDBEBAHETE Ox,—. TH 5.

OFx,

00xy=c

¥ 7z, HAESA Zzi/zl eXi:k’|X0:c —1=0%28AEI7I7vYadR
ERBGEE B Y, 52500 c [ Fy, x, &

k'=1

=0

T@% {kﬁ%{‘%f:j— HXz‘:MXo:C ﬁ)*&béﬁa—iﬁﬁi% éXi:k\X(]:c ’Cf)
5.

6FX1\X0

e G
00x, k| xo=c

BY b 2RO Y O o =1, S0 Ox pixee = 1 RIS,
\ J

2.1.1 TOEERE

TARNT—=ROHT, JIfT—RIZEENRVT—X%E 1 DTHHEATY
5L, WABBOFEIZHNE T A=K Ox —c ¥ Ox, 1 xo=c DRIHMEE
R0 Lo TLESZENHB. ZDHE, #BNEEOME 0220 (&
BDOL Eidlog) LR DEETERY), TOATITYDOMHERIZ0IZZR->TL
5.

T2 ZINEANARA =V DHEHEITO L E, A—)LSUT “ERL”, “@#r5 " 7
COHENEGENTWVWE L, ANRLAA—LTHIMHEENEE>THL, L
U, FIFRRHICIEE SN2 o 2 HHEE QDT 2L, TDNATRA—X
120 EHEINDZD, ZOA—NVPRANRLTHIMERIZOIZKE>TUED.
COMEEZ Y oEREL R, YosEREZENT 5 HEE LT, &KL
HEBDOFHFEIZHNE T — XOBEEN 0 &R 2R IIRLHEEHEEZ 12T 50
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Ed 5.

e k& 5 ~N
http://www.ai.lab.uec.ac.jp/ %8k /124 5 MICS2019 NB_.TAN 7u ¥ =
7 h&EA YK=L, "NB.java” NDBIE” getParameters”, ”classifica-
tion”, ”setFrequencyTable” %525 L, Naive Bayes IZ & 208712
TLESERI T L. eclipse 7OV T DA VE— N HEIX
http://www.ai.lab.uec.ac.jp/wp-content /uploads/2018/11/
cabebc8b347bcle77dedbf08de59fde.pdf Z2 &ML T 72X W,

7272 L, NB.java 5075 012 <\ Al Naive Bayes D35 717 A
EOoERLTH W, 2, TRV MNAIZEEFNET—X kY
k”spam”, ”sentiment” (ZXF U T Naive Bayes (2 & 5 2 FFEE %2 K &.
T —X %t v b spam & sentiment ¥, HDBHENA —IIZEETNTNS
ME D BRAZE U, DA =D ZSNL A=)V 0% HINER L
LizT—XEy hThd. YulERELZENT 5720, mhiftEso
SEICHWS T — X OBEN 0 L 2R, TDNRTA—ROEIHME
fliz 1 28 &,

MAEBRTALTWAETF—&Z1y bTI, mbAHOSH % HKERD
2 LTH Y, NBjava TET— X DEEABDI] 2 HEHR L U Tiko
TWb. 2%, TFAMTIE X, ZHMZEE LTV, NB.java N

T X, 2HWNZHL LTHF-> TV E-OEE.
\ J

A 5 D HZIE spam & sentiment DT A h 7 — & TD.csv DEAT (A —
W) DBANLD (1R EDD) G0 (0 &L 50) % (2.3) RTHFEL, 217 (&
A=) IZHTDIEEREZET HZLTHD. TDEHDITE, NTA—X
Oxo—c & O0x,—k|xo=c % spam DFE T —X LD.csv 2 o fEE LRI ITR 5
B, ZIZTE, NIA-RERAMERDOX (2.5) ICXVH#EET D, A (2.5)
ZEHH T DITIE N, Nxo—r, Nx,—k xo—c & TNZTNRD 2T UER S 220
N ZEET—2DY A1 X, b5 LD.csv DITHTHS. hbrTrdd e,
R 5 D NB.java T, BIE” setFrequencyTable” T Nx,—k, Nx,—k xo=c &
Ko, Tz WTEE” getParameters” T/NT A =R Ox_c & Ox,—p|xo=c
D LHEEEFHEL, iAW TEE classification” T TD.csv D1IE%
HREWETSH., EULLFEKETLHE, spam OFEMEIX 095 FEE L2 5.

2.2 Tree Augmented Naive Bayes

R CHEAT U 72 Naive Bayes 1%, FatlHEBODHWERZ TG & U THRMAAF
EMNTTHAZEEZRELTWAS., LHL, —BIZZOEEIXKD SL/-7\0.,
BIZIEE 22 I REND 2 Y P T =2 DX DIZ, BAHLGEIFI 71T
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X 2.2: 170 U HFHBNZHW SN E TAN OHl

VY ORI BERA  BEDT LRV EE B0, HOSNZ DDA X,
& X3lE Xy 25 UCHEBEBRTHS. L1 L, Naive Bayes Tl X,
G EUT Xy & X3 MM EMTEREL TWD 728, o TR % I
FELUTULES. ZOMEZRMIRT 212, RHEBRICH 5 HHZKE Y]
Wy VR BERHD. ULrL, 2TOHRMULKFALORERGRE F =y
79 2120F, WREFAERHI P> TLES. 22T, SHEKHORE
Bz EZRL, »Oo¥HOFEENDLRVWETILE LT, Tree Augmented
Naive Bayes (TAN) BMER I N TW5. TAN &, Naive Bayes D & 5 IZHM
BRDPEFIALEB OB L 2o THED, FPLHMCTAEEEZLSETVTDH
% (X22).

TAN OHHZEE O RMEE TV — 22 BT RD. AT F A M TR
D7DV — MEWE Xy LRETS. T0b5, Xk Xo PAMNTEZE R % K
7272\, TAN XFRIRFHER DA 2 IRD & 512K T

n

p(Xo, X1, , Xy) = p(Xo)p(Xy | Xo) HP(Xi | Xz iy, Xo)
=2
ZIT, Xuu 1 TANRGEIZEIT S X; OBL 25 HALKTH 5.
Gy Xay = PO Xo=cDEEIZX; = k LR 25M EWEE p(X; =k |
Xﬂ'(z) = j7 XO = C) %/‘_T’(a_/\e‘_j)( — R % exizk\XW):j,Xo:c E%Tk, %%HHB&K
BOA VAR YA 51, ,xp 1T D TAN OFBABEEIZRATEEI NS,

To = argmax Gxozcﬂxlle [ Xo=c H 0X,3=$i ‘Xw(i):xw(i)7X0:C (26)
c€{l,+-,ro} i=2

f72, D %5 & U7z TAN OXEREIITFTERINS.

0 To T1
L= Nxy—clogOx,—c+ > > Nx,—k xo=c 108 0x, | xp=c
c=1 c=1k=1

n ro TxG) r;

+ Z Z Z Z NXi:k7X7r(i):j>X0:C 10g HXi:k\Xw(i):j,Xo:c (27)

i=2 c=1 j=1 k=1
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INTA=R Oxy=cr Ox,=k|Xo=er OX,=k|X (=), Xo=c PERMEEEIFLUT TR
INs.
NX():C

° é\)((]:C - N

~ Nx, —k xo=c
hd 9X1:Ic|Xg:c =
NX()*C

~ NXi:k7X1r(i):j:—X0:C
d ewi:k“xﬂ.(i):j,Xo:C =

NXW(i):jaXOZC

§, Xo=c T X, =k»D Xﬂ"(’L) =7 "D Xg=c VAL

T NXy=k, X, =5,

ETH5.
TAN @éﬁﬁﬁﬁiﬂmi‘ﬁfﬁﬂ%ﬁciaﬁ%ma@5#6, TR OFETME
WH5. 5, TANDENIA-ZEREZOLL, TANDLDS 52757

®E ’a’:QTAN £9%. TAN OREFE T, ROLEZKRKIZT DHE G

ZRET 5.

G* = argmax p(D | G,0)
Gegran

IIZT, OIZODBRAHERTHS. G #1351, RO5DODAFY 7

L ROZMAT SHEMRE 1(X; X; | Xo) 2R b = D0FAEBOM
A (Xi,Xj),i <jJ W2 UCEMET 5.

p(Xi =k X; =m| Xo=c)
Xi=kX;=m,Xo=2c)lo

ke{l,- i}
me{l,---,r;}
cell, - ro)

(2.8)

Sl = R AR D BB B RESR (X = e, X, = m, Xo = ©),
p(Xi =k, X; =m | Xo =c), p( i=k|X0—C)’ p(Xj =m | Xo =
o) RENTNRD & 5 HET B

Nx,=k,x;=m,Xo=c

[ ] ﬁ(Xi:k,Xj:m,onc):

N
Ny b X X
o H(Xi=kX;=m|Xo=c)= Xl";\’;;‘ Ko
0o=c¢C
. Nx, =k, Xo=c
e p(Xi=k|Xo=c)= Tg
0=c¢C
N i=m =c
o H(X;=m|Xo=c)= ij\;X =
o=c¢C

2. HBAZEE ) — R Uz5g i s'o 7 2 2L, STy Y (X, X;),1<
i<j<nIZEA(X;X;|Xo) 2EDYTS.
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3. B U-EANE RS T 706, BRRREAZERTS.

4. KONV—h /) —=RKz2 =2, TONL—hr /) —RFKhroMllicy D)
Mz TnL.

5. HZEED S, MRS NI ARREDORFHLBIZMT Ty V2R 5.

T Nx—h X =m Xome = 0 DFFE p(X; =k, X; =m, Xo =) =0 L £ X
B. U7 5T, Nxmpx;mm xome = 0 £782 88— kym, e (26 L TR

(2.8) DHHEFERIZ 0 &b, Lo T, Nx,=k,X;=m,Xo=c > 0 &7& 52 HE
DNRR—=VDAEZZNIER WD, KHEEOFEIZE T o HEMEIX

ELRW.

~ R 6 ~
ME S5 TAVR—bPLAETBY S MZEEN TV 3"TAN java” H
DEE# getParameters”, ”classification”, ”setFrequencyTable”, ”get-

ConditionalMutuallnformation”, ”getMaximumSpanningTree” % 5 %%
U, TAN IZ& 20870 I h&%RIE L. 72720, TAN.java »°
HEVIZS WA, TANOSET BT L& —PoEHRLTERV. &
7z, T—X+& v Nspam”,”sentiment” 1% U T TAN O3 HHEE % K,
Naive Bayes & [b#g - F8H XL, 72720, YOHEMEZNT 5720,
BAHEEROFEIZHND T — X OBHEN 0 725, TD/RTA—
X DERLHEEMEZ 1 & X,

KA 5 D NB.java & [FBkIZ, TAN.java TH HHWEBDN T —2 DO —F

FHENZH B Z L 2HiRE LTWVWA Z L IZHEE.
\_ %

M 6 TlX, TAN ZHH\WTZ2DF—X+Ev b spam & sentiment 04}
BHEIE (EER) 2 & 5. &5 TH\W/z Naive Bayes 138 7 — X1
WoT 7T TDRHEELTWED, #E6 TETAN DY I 72%2HT—X
PoHELRTNIERS v, BARRIZE, TFAPOM 22 1TREI0D
X2 X1—>X3D&51Z, PHEBMCHERT 2 RMEEZ T — X S
T5. AEEOHEREL LT, 7FAD 19~20 R—=JIZ@E#FH I N TWD
F 1T, BFHEBHEORMN SHAEGREZEA L URREEAREZ KD
5. MRBEAZRKDZT7INVITYVZXLE LT, TV LERY TAHNVEDRD
5. 728, TAN.java Tl LD.csv, TD.scv T—&F LMD H D% E % Kk D
W—h/)—=FREEDTVWE I LIZFERETS. S ESHABREDOFEIZME
# getConditionalMutuallnformation (2524 L, % HW7=3HIAZBE O
ARREEHEE 13 B getMaximumSpanningTree (25223 4. TAN.java TlIAR
FEE DRINSE 2 int BUECH strtan & LTHED, ROZAEEIZBEWT X; D
BIZR (HINEBDISN) 5 X; DR, strtanfi] = j & U TARRMEZERE 5.
TAN O 5 7 &MELS, TDT T TIZ U > TEERDINT A —X
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ERIETHEL, TolZZoRDEMEZIEST S, REEOL—F/ —
R A DERHZEUE HIE LN & B Z R D720, ZHIZHILT 5 &
512 B# setFrequencyTable, getParameters, classification % 5£3&3 2 K3
Ndd, ELSFEETLE, T—XEv I spam O FREE X 0.93 FEE &
w5,

I E THAN L7z Naive Bayes & TAN TlE, NI A —X 2 HLIETHE
L7z, LL, K<HsNTWE ESIZ, _RA AR IFEIvimITHS. B
TTHALES.
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E3IZE Ta4VILETI

RAZXT TA—=FIZHED, NTA—ROEFNGEEEZEZD I LIZL L.
HU DM 2B ZDGE, BRAREZFNVHED, RLAHNTHLLEZS
N30, FAISMEFEREIMOMEIE—IZ 025 &S RFfisM,
bbb, ARESHNDMDOEATH A5, REFIZHESMIMND DT, %
DARLEBER DA THET 4V 7 VNGV ERIDMGAE L TELLHVSLN
5. ZZT, G % Naive Bayes £721% TAN #&, Grany % TAN &2 U,
Ox, = Uil 1{0x0=c}r Ox,1x0=c = Upo1{0x,=kx0=c}+ ©OX,[X,1)=m.Xo=c =
U;i:1{9Xi:k|X,,(,i>:m,Xo:c} eBL T4V 7V p(Ox, | G), p(Ox,x0=c |
)y PO, x. 0 mm xome | Gran) BENFNRD & 51288 5.

P (221 o) TT gaoe1
ML T(a0) o X~

c=1

P(Ox, | G) =

(ZZ ai:kc) - -1
e G 1 Haa ke
( X;|Xo= c| ) Hk . (ai:kc) P X;=k|Xo=c
D (ks Qikme) T pereeome -1

(C] G
( Xi| X (iy=m, Xo= c| TAN) Hk ) (ai:kmc) Pt Xi=k|X5iy=m,Xo=c

ZZT, gl Nxg=c tZ5 Qike & Nx, =k, Xo=c &5 Qikeme 1 & Nx, =k, X;=m, Xo=c
WIGT 2 HRTDORFE KRBT H2HEUAY > TN LTDONANR=RFT A=K %
R

FEOMIE, FHAMAERETHTADELZLICLVRE I LN TES.
TITRDOSNTZREL T+ ) 7V HzHIGbE e ZTNTNUATFTDOLS
RREDG LI LN TES.

r (220:1 aO:c) - 9NX0:<:+0‘0:C_1 (3 1)

p(Dngo | G) = HTU F(Oé(] ) Xo=c
=1 i) o1

(Z gk Nx, =k, xg=ct+Qike—1
P(D:Oxixo=e | &) = T 1%’“‘ HGXX;JX’ZLC o (3.2)

p(D.Ox;|x,=m,Xo=c | GTAN)

M H HNX’i:k’XW(i):m,X0:c+ai:kmc*1 (3 3)
Hk:l o273 kmc Xi=k|Xr@)y=m,Xo=c .
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TN o DHEBIMZ HKKIZT S MAP(Maximum A Posteriori) #E € {13,
UFoeEHTHS.

G o Nyootap, -1
o Zzozl(NX():C + @o:c — ]-)
é\ — NXi:k,Xo:C + Qe — 1
Xi:le(]:C -

Yot (Nx, =k, xo=c + Qiike — 1)
Nx,=k, X iy=m,Xo=c T Qizkme — 1
Yokt (NX =k X, 1y =m. Xo=c + Qickme — 1)

MAP #EMTIE, ETONAN=NIA =K% o, =1, ajp=1&0L
TR ET % & IxUHEEM (Maximum Likelihood estimator) 12—
5.

UL, RA ZHREHETIE, MAP #EM L D S HEDAOHFHETH 5
EAP(Expected A Posteriori) #EEMEDIF 5 2Vl T FHIERN LW T & A%
S5NTW5. T Y2700, X (3.1), (3.2), (3.3) DMffEITZNEN

0Xt:k|X7r(i) :m,X():c =

) Nxy=c + ap:c
Ox0=c = ” (3.4)
o= 220:1 (NXo:c + 050:0)

n NX,-:k Xo=c T Qi:ke

9Xi:k Xo—c = - sl 3.5
I%o=e ZZZ:l(NX@-:k,Xo:c + ai:kc) ( )

0 ]\/va,:k,X7r n=m,Xo=c T Qi:kmc

axi:klxﬂ'(i):maXO:C = — - (36)

> ke (Nx=k X, 1y =m. Xo=c + Qizkme)
Y72, N RFETE, EAP HEEARD BCH N SNE, Nt 2
#eE Tk, A (3.4), (3.5), (3.6) DEIITHFAMDNA IR—IRFT A —=&(Z
Lo T uHEMELZRETES. BRI, N NRN=NRIA—REFIRATT
YAy b7 — 27 OREEM (Heckerman et al., 1995) &7z 3 & 5 IZIRAT
BRI 5.

o
o= — 3.7
Qe = = (3.7)
o
ke = 3.8
Qiske = - (3-8)
Qj:kme = c (39)
TiTr(i)T0

ZIT, al3BNAR=NIA=RIZHBT ENARN—=RTA—RTHY, «

MARELRBIFE EAP HEEBIX— RO

. X ~
NB & TAN O35 X —% % EAP & (X (3.4), (3.5), (3.6)) THE
FEUZEDT —X %Y Fspam”,”sentiment” D EEMEEZRD L. ZD
I, NAR—=8F A—RI1FR (3.7), (3.8), (3.9) THHEL, a 2@ L
THERENED X SIT2bT 20858 - BT K. 72, RAHEL
EAP € D&\ % iR - 5 &
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