5. FA—TERAXE(2)

A EHRALE

BAEA
BREEZZRFETFE

XH

 Naive Bayes 7428 T (&L KWt D 5358
#F/TH) . RIIMREITH S, LA LIBD
TEELR
- TE#=0IMRE
- RAERRE
- EfREORKRL (Chik, BEERIEZXNRET D

AT, — AR RERE)

EP/N

I T
RRET=A

=2
.
ng . _ Outlook Temp. Humidity Windy Play _ e _
- BB, T—ADHERAD, Sumy Hot  Hgh  Fake No fj'#_)—ri%f‘; T) E’:\TV?\;Z; 3‘:7)(;_—;;5\—
— ERELEDS, EHHNODBE, Sumny Mot Hgh  Tre Mo be 7
3 =] Overcast Hot High False Yes
o [ =
EH /QJ fid B e e Rainy Mid  Hgh  False Yes
- ZIEDTONTA—AEE. RAEEE Rainy Cool  Normal False Yes :032%}?53321?#% DFEYFE
: —RIZ70Y) FHTIE, Play=Yes
— Rainy  Cool  Normal True  No T Z N
Laplace CorreCtlon Overcast|Cool Normal  True Yes THot(B23) b\PIay=No‘C~‘Eﬁo
-RTIE? . PR P =(&53) ME#ET 5o
unny i ig alse o
=]
° %0)1‘m0)ﬁ5é Sunny  Cool Normal  False Yes
_ kiﬂuﬁgﬁﬁi Rainy Mild Normal  False Yes IOutlook Temp. Humidity |Windy Play
" Sunny  Cool High True ?
_ -EJ=' Ea)ﬂ'y U L\ Sunny Mild Normal  True Yes
ﬁﬂ: Ell g *& —— Overcast Mild High True Yes
- BERUE. ERNMERET S o
=% vercast Hot Normal  False Yes
- XENH Rainy Mild __ High  True  No
3 4
Tom Mitchell @ Machine Learning L\ 5. K{EHhFT
> S\ — — — =
WSEWD) T—3% 73R E] =D B B
/18 T—FDHEHAT
AC.
Outlook | Temp. Humidity |Windy Play Outlook |Temp. Humidity Windy Play
Overcast Hot High False Yes Sunny  Hot High No A1=Outlook \2=Temperatur. A3=Humidity  A4=Windy Outlook _ Temp. Humidity Windy Play
Rainy  Mild High False  Yes Sunny  Hot High No Sunny |2 [Hot 2 |High |3 (False 6 e ek Yoo
Rainy  Cool  |Normal |False Yes Rainy  Cool  Normal No gy [Overcestt  Mid % Normal (6 True 3 Ramy Gool |Nomal[Fae ves
3 . v ainy  Cool Normal |False Yes
R 3 Cool 3
Overcast Cool Normal | True Yes Sunny  Mild High No :‘é:_y o Ao; o a0 am o gvmas‘g“: ::""“’: :":‘ :’5
=X aF =k} &k unny  Cool |Normal |False Yes
Sunny Cool  Normal |False  Yes Rainy  Mild _ High No Sunny |2/ [Hot |2/9 |High |3/9 [False |69 Ry Mid | Normal False Yes
Rainy  Mild Normal False  Yes #EP overcast4/0 Mid  4/0 Normal |6/9 True 3/9 Suncy _Mid_|Normal e Yes
; Overcast Mid |High  True Yes
Sunny  Mild Normal | True Yes Rainy 3/9 Cool _3/9 Overcast Hot _|Normal _ False Yes
Overcast Mild High True Yes
Overcast Hot Normal |False Yes A1=Outlook \2=Temperatur. A3=Humidity = A4=Windy

Sunny 3 |Hot 2 |High |4 False |2
Overcast0 Mid 2 Normal 1 True 3
Rainy 2 Cool 1

A 5 A 5 A 5 A 5
Sunny 3/5 Hot  2/5 High |4/5 False 2/5
Overcast0/5 Mid  2/5 Normal |1/5 True 3/5
Rainy _2/5 Cool __1/5

Temp. Humidity Windy Play
Sunny |Hot High False No
Sunny |Hot High  True No
Rainy  |Cool Normal True No
Sunny Mid High False No
Mid__High  |True No
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« USRA(HAE)ZEIZHA S,

- FHRERE(THhL, J5R="TIRITIEE
2.0 . THOHER)EEZH LTS

s BHCEIC.BERBECRERBEZHRAS
- TBHECEIZIEVLSD D "naive" Bayes
- RAERYKT, EREEOREREELHETT 510
- ZHAT-BESHEEATLND,

plm; | x) = p(x,m;)/ p(x)
= p(x|m;)p(m;)/ p(x)
=p(ay,....a, |m)p(m;)/ p(x)

= pm)[ ] pla,1m)) /p(x) 7

—DDRIZEDHTHES

[Outlook [Tomp._Humidty [Windy | Play
g False Yes

p(m) ISBIT 2B EEELA (Bhiz,

ELLDEN) ., ZhiZ. Ch
vercas e
Al1=Outlook A2=Temperature A3=Humidity A4=Windy m=Play
Yes No Yes No Yes No Yes Wo | Yes No
Suny 2 3 Hot 2 2 Hgh 3 4 |False 6 2\ 9 5
Overcast4 [0 Mid 4 2 Nomal & 1 Tue 3 |3 /|

Rainy 3 2 Gool 3 |1
Sunny 2/9 3/5 Hot 2/9 2/5 High 3/9 4/5 False 6/9 2/5 9/145/14
Overcast4/9 0/5 Mild  4/9 2/5 Normal 6/9 1/5 True  3/9 3/5

Rainy _ 3/9 2/5 Cool __3/9 1/5

plm, |3) = p(x.m,)/ p(x)

:]:EEHAH'& LJ:a s —= p(x|m,)p(m,)/ p(x)
i |

=p(@,....a, | m)p(m,)] p(x)

s

RED x AEL=

n
‘Out\ook Temp. Humidity Windy Play | = p(m/)l_[ p(a, \m/)/p(x)
[Sunny  [Cool  High  True 2 il

p(Play=no | x )
= p(Outlook=Sunny | Play=no)
* p(Temp=Cool | Play=no)
* p(Humidity=High | Play=no)
* p(Windy=True | Play=no)
* p(Play=no) /p(x)
=(3/5) * (1/5) * (4/5) * (3/5)
*(5/14) / p(x)
=0.0206 / p(x)

p(Play=yes | x )
= p(Outlook=Sunny | Play=yes)
* p(Temp=Cool | Play=yes)
* p(Humidity=High | Play=yes)
* p(Windy=True | Play=yes)
* p(Play=yes) /p(x)
=(2/9) * (3/9) * (3/9) * (3/9)
*9/14) / p(x)
=0.0053 / p(x)

SN, p(Play=yes | x ) < p(Play=no | x )
Fhhb, [TZRFTHhEMN > ((THELESS) |

EUp(X) BRISLESCTENCER S B; LT REMF T RTITHBELEZD .

p(m, 1) = p(x.m)) [ p(x)
= p(x|m;)p(m,)/p(x)
=p(a,,....a,|m)p(m,)/ p(x)

= pm)[ T e, Im)) /p(x)

I -
HEmELELD
RHD x

‘Out\ook Temp. Humidity Windy Play |
[Overcast Cool _ High  True |2

p(Play=no | x )

= p(Outlook=Overcast | Play=no)
* p(Temp=Cool | Play=no)
* p(Humidity=High | Play=no)
* p(Windy=True | Play=no)
* p(Play=no) /p(x)

=(0/5) * (1/5) * (4/5) * (3/5)

*(5/14) / p(x)
=0.0000/ p(x)

p(Play=yes | x )

= p(Outlook=Overcast | Play=yes)
* p(Temp=Cool | Play=yes)
* p(Humidity=High | Play=yes)
* p(Windy=True | Play=yes)
* p(Play=yes) / p(x)

=(4/9) * (3/9) * (3/9) * (3/9)

*9/14) / p(x)
=0.0106/ p(x)

Sz, p(Play=yes | x ) > p(Play=no | x )
FThbobt [FoRE T (1751253) )

A p(x) FRISLESTRN S EDSB; ktﬁi?”{%ﬁ??’&’d:é%iﬁfib\é.‘

nTHLoOn?

i 741 T
i< XRET=R

Outlook Temp. Humidity Windy Play
Sunny ot High False INo ,(j'—ZZ’E‘?‘_r:)) Play=Yes &(-7-_:7(’&
Sunny  Hot High True No THELY) Play=No erelovei
H%

Overcast Mild High False Yes
Rainy Mild High False Yes
Rainy Cool  Normal False Yes COEE, TEO (RA, DEYFE
Rainy Cool Normal  True No ?—9[:7;[,\)%14‘—’6(3; PIay=Yes
Overcast Cool Normal ~ True Yes ?501{(&367) mPlay=NoT#-

: : (555 hERET B,
Sunny  Mild High False No
Sunny |Cool Normal False Yes
Rainy Mild Normal False Yes |0utlook Temp. Humidity Windy Play
Sunny  Mild Normal  True Yes |0vercast Hot High True ?
Overcast Mild High True Yes
Overcast Mild Normal  False Yes
Rainy Mild High True No

Tom Mitchell ® Machine Learning EL\SHfENS. K<EhNFET

(A,
T—EDHEHA T, HE

A1=Outlook \2=Temperatur. A3=Humidity A4=Windy Outlook  Temp. Humidity Windy Play

Sunny 2 Hot 0 Hgh |3 (False |6 Overcast Mid _|High _|False |Yes
f f I f Rainy  Mid |High False Yes

Overcast4  Mild 6 Normal 6 True 3
-3 v v Rainy  Cool |Normal False Yes
Rainy |3 |Cool |3 Overcast Cool |Normal  True Yes
B 9 A 9 AF 9 A 9 Sunny ool |Normal |Faise Yes
Sunny 2/9 Hot 0/9 High 3/9 False 6/9 Reiny _[Mild |Normal |False [Yes
HED Sunny  Mild |Normal True Yes

% |Overcast4/9 Mild 6/9 Normal 6/9 True 3/9
Rainy  3/9 Cool 3/9

Overcast Mild  High  True Yes
Overcast Mild__ Normal | False Yes

A1=Outlook \2=Temperatur. A3=Humidity  A4=Windy.
Sunny 3 |Hot 2 |High |4 False |2

Overcast0 Mid 2 Normal 1 True 3

Rany 2 Cool 1

A 5 A% 5 A 5 A 5

Sunny |3/5 |Hot  2/5 High |4/5 False |2/5
Overcast0/5 Mild 2/5 Normal 1/5 True 3/5
Rainy _2/5 Cool __1/5

Temp. Humidity Windy Play
Sunny |Hot High False No
Sunny |Hot High  True No
Rainy  |Cool Normal True No
Sunny Mid High False No
Mid__High  |True No
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—DDRITEOHTES

p(m) IS T 2FAEEEELLA (Bhiz,

ELLDEN) ., ZhiZ. Ch
A1=Outlook A2=Temperature A3=Humidity Ad=Windy m=Play
Yes No Yes No Yes No Yes\No_Yes No

Sunny 2 3 Hot 0 2 High 3 4 False 6 2 9 5
Overcast 4 0 Mild 6 2
Rainy 3 2 Cool 3 1

Normal 6 1 Tue 3 3

Sunny 2/9 3/5 Hot 0/9 2/5 |High
Overcast4/9 0/5 Mild 6/9 2/5 |Normal 6/9 1/5 True
Rainy 3/9 2/5 Cool 3/9 1/5

3/9 4/5 False 6/9 2/5 9/145/14|

3/9 3/5

BIBTIEEL = -
T HRELES
D x

pOm; | x)=p(x,m;)/ p(x)
= p(x|m)p(m,)/ p(x)
= p(ay,....a, | m))p(m;)/ p(x)

[Outlook | Temp.

Humidity Windy Play |

‘Overcast Hot High True ?

= pm)[ [ pta,1m)) [p()
i=l

p(Play=yes | x )

= p(Outlook=Overcast | Play=yes)
* p(Temp=Hot | Play=yes)
* p(Humidity=High | Play=yes)
* p(Windy=True | Play=yes)

p(Play=no | x )

= p(Outlook=Overcast | Play=no)
* p(Temp=Hot | Play=no)
* p(Humidity=High | Play=no)
* p(Windy=True | Play=no)

* p(Play=no) /p(x)
=(0/5) * (2/5) * (4/5) * (3/5)
*(5/14) / p(x)

=0.0000/ p(x)

* p(Play=yes) /p(x)
= (4/9) * (0/9) * (3/9) * (3/9)
*#(9/14) / p(x)
=0.0000/ p(x)

ELMBRAIL, p(Play=yes | x) = p(P
Fighb, EobLENZHEN? 2 ?

yenot)—

S p() ERICLAK TRV EAH B; BT REHFET R TIHBLEMS, 14

B R
s

- EELH, T—2DHERZ S,

- #RELLS . BEHHDODHE,
[E#=01ME

- ZIEDTONTA—AEE. RAEEE
— Laplace correction

Laplace correction Z4L1#& ‘

&ﬁFg:O FIIZEE

P(Play=yes | E)
= P(Outlook=Sunny | Play=yes) *
P(Temp=Cool | Play=yes) *
Overcast” )? L . *
— HEH P(Outlook=Overcast | Play=no) P(Humidity=High | Play=yes)
xon P(Windy=True | Play=yes) *
#oT, BREERTON P(play=yes) / P(E)

- EMNEALIZ “Z Y
(BRENEATL FHFEIRT _ 0/9) % (319) * (3/9) * (3/9) *(9/14) / P(E)

L2 ISR EICHLTHIBIEMH
—ELEILEN5E54DD (e.g.
“Play=No” M &% “Outlook =

o =0.0053 / P(E)
%UR)_%&FG;H i A ornmenomen S
k:EI”E F;EL N !E{J)E?JDF(_Z (Ll;place rl,‘»orrér‘:tio-r; &
- I AlEE V)
- BEREDRYRL - SRERTHEN BESBISE L _ (oo (341y/(943)) *
% iR i) M35 (75,
- M, BEATERET S ‘;)&%i@%‘a’ﬁaﬁ)cfniéim&LJ‘" (GH1YO12) * (GH1)(9-2) *O/14)
- XENFE 2) P(E)
h 15 =0.007/ P(E) Windy DEYSS
B0
LUTR . Bi#R or 8
. —_ o= =
=P CIEA D/ STA—RHRE
. #E

- FBGHl, T—2OBERZ S,
- HERELED, EHH0DIBA,
E#=0]f%E
- ZIEATMONTA—REE . FAEEE
— Laplace correction
-RTIE?
Z DD RE
- RAE R E
- BUEREDIRY KL

. BRI ERAWEIRET D
XENHE

77777%%77777777777%77777777

Head Tail
o EEERYIRTS (toss) &, 22MDH5LDLT A DIKEE
TKIZESS: Head F1=I% Tail
c BT(ERHMD) R P(H)ZHLDT

HERRE:

—ED toss DFEE D=x[1].x[2],.: . xM] Z2H &1, e
P(H)=6 & P(T)=1-0 EH E LI




BEDODLSIEESEDN?
(20O D{HLET, WAT—INEREINI=ET B IHREED
HYESEEL (likelihood; ) THLIELLY

L(0:D)=P(D|0)=]] P(x[m]|0)
BIZIE, 5 HT,THHIZRLTIE :

DIFFEAELTLFEST
BR, TOEELZAT

EALNBDOH?

LO:D)=0-(1-6)-(1-6)-6-0

RALBEEL

c RA#EORE:
| AEBBERAL

35 —BfEEEN |

© SOBITIE: o= Nu
N, +N;

3 = NDRBEFLEEZDONERIZA...
% s
St
e e e e o "
[ =S == - s~ ~
RAHEEFETLLIMN? Tl ESLF=6&vH?
2{ETEAL, BETH>15. ThIhHiZYZhof-o: *  Laplace correction #& % %
- FRLEENERATES. TH, BRIShAMES 5 THSS. 0 o INSA—RERHTHIEERD
B0 EEBATRLM? VO, FoFfF HBRLEA 21T ENS - RAXWEZH
FIRMAUERDS . - %Y. P(DI0) TIHEC. POIOP(O) £ERD
= e - ZhIE AR XDEEFRDE
BIZIE, ZHXIE. E x1, x2,...,x20 ZEHETNDET S,
BT ILIF30ELAEL, EHoT=5, BRLTOENESR po|p) = LLLIOIP(O)
fEl&. LDEHYZES, XL RT P(D)
> set.seed(100) ONH(1— 9)NTP(0)
> x <- sample(1:20, 30, replace=T) P(8|Ny, Nt ) =T
> table(x)
Xz 4 5 6 7 8 91011 12 13 14 15 16 17 18 - LB Z.RBRLEEDOBL 0 FHEBEEITNIEEL,
12131412 41122212 - ZOEE N, NOTH>TH, 0=0 [(THEBELIFHESLL, 22

Laplace correction Rij#

A1=Outlook A2=Temperature A3=Humidity Ad=Windy m=Play
Yes No Yes No Yes No Yes No Yes No

Suny 2 3 Hot O 2 Hgh 3 4 Fase 6 2 9 5

Overcast4 0 Mid 6 2 Normal 6 |1 True 3 3

Rainy 3 2 [Cool 3 |1

Sunny 2/9 3/5 Hot  0/9 2/5 High  3/9 4/5 False 6/9 2/5 9/145/14

Overcast4/9 0/5 Mild 6/9 2/5 Normal 6/9 1/5 True 3/9 3/5

Rainy 3/9 2/5 Cool _3/9 1/5

FEEOWTT @

A1=Outlook A2=Temperature A3=Humidity A4=Windy m=Play

Yes No Yes No Yes No Yes No_Yes No

Suny 3 4 Hot 1 3 Hgh 4 5 Fase 7 3 10 6

Overcasl’5 '1 Mild '7 '3 Normal '7 '2 True '4 '4

Rany 4 3 Cool 4 2

Sunny 3/1214/8 Hot  1/123/8 High  4/115/7 False  7/113/7 9/145/14

Overcast5/121/8 Mid  7/123/8 Normal 7/112/7 True  4/114/7

Rainy 4/12/3/8 Cool  4/122/8 23
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wE

- BBAH, T-2OBERZ S,
- HRELED, EHA0DISE,
[E#=0]f%E
- ZIEDWONTA—REE. RAEEE
— Laplace correction
-RTIE?
Z D DREE
- RAMERE
- BUEREDIRY KL

. BERUE. ERAMERET D
XENE
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LeoEhHEE, LML, ChEERE

Sub B X: Laplace correction

+ Laplace & D4R
— AAURIFT, RAITTIOEH =5 RICRAHDIRERZLLESM?
- EX N2
- REEEELF(—R)BDEZA
» Laplace correction:
- EEEH 0 DRENHHEED, EBBEOHTE
« B5LECEREELT, 0 THLNHRICHL T, EREEOEEDLS
EEZ%
- L;placed)ﬁij@;‘iﬁﬂd)ﬁ%&lﬁlL‘l:t%, FRAEOHHMAHTHDH
« Laplace correction MLE5E

RDEXTT4—=92 =

Laplace's Law of Succession

STSADIEDER IETEIRLELLID,
FECERMnEEREL TR 2F5EIC. TOFER

CG)EEEG)Z:IEEE.\E?JZ :
- LB, A BITEEZ LS,
- RIEANYI0EIEE -, RNHIBERIFREHTETHE
10/10 = 1 TH B, > T, RITKRLLDIHEEIT1THS,
- 5. 10ELEHE, DASEA(UEERS K,
o Ll aqoThhIE, BARNEVNSTEEHEMNDS
- STSRIZENIE, 11/12 —5=
o LHSEITEEDYIEEL,

I LHETE vs Laplace

© 10EGEEVNDTIZ 2EISLTHES, Thbb, RO2EGE L&
o

o RAHELD, ROHDIHERIL 22=10 2 RICROHIHEEL,

+ Laplacel=&h (¥, 3/4,

o EOBLAELESIHN?

o TlE, RHTEEL = (BELTEELN ?)
o BAMELGD, ROHIHERIF1/1=1DZ | RIZROEIHEEE,
+ Laplacel=&hi¥. 2/3,

¢ ST EBLHMRELEIMN?

27

o AAUIEBAEZEVWSEH T TOnERERL TRAHDIHEET (/N TH

o n+IEEGLTRAHDHERIL F,.. =(UN+1)Z NNy THD

Al BA

T ARLR—ARITEEZ D,

2LV N+ RBEH Y (RO B IHEEFIELD) . EO1UTHD
MM HEEFH>TOWSHEEEIFHOLENET B,

BBV DROEDHEEL iIN (i=0,..N) £ET B,

HEEE, MEOI/UEERETRY, —EENE. helrThzE
LT BET B,

nEEHLTRAHIZEEIZ, nrIBIBLRAHIBERERD LY,

?gﬁ’or‘ nELEREL TRAHDREEL (UN+1)Z, NNy ThE Fy,

BT ROBHE F,,., | Fy, Ths (ELEH) . TTTRE.
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aEBA (#5%) '

/
¢ Now OBREEZ LS, -
— CHIE MV DRMNEIHEEMN, [0,1] LEO—HBLHIHSIELERKT S,
o Fy =(UNAD))Z o MEINY = T % dx =1/(n+1)
o ROT.RODHEEL, Now DEE, Fy,\/Fy, = FopilFun=
(n+1)/(nt+2)

J

o DFY., KYIEREIZHRARHIE, Laplace's law of succession (&, (coin
tossingZ I g M) HEE (X, ROHIERE— KA FITH-TIV
HLIZRD . FhERAWTeoin tossEJ 5. —ARIZH L. RHNH S5
EEHSBENT(LHL, —HRA ISR TLBIEFE>TND) ., #fE
BIRL TR I2EEIC, n+1BIHLRSHDIEREZRODESKR
[ZHBNT. ZOREZ, (1+1)/(1+2) THAHETELTLND,

29

Laplace correction
Laplace smoothing EHE WL VET

hiE, EIFEDHBET. RAEEERAVTLYERIZESHE
RE/DHHETLH S,
BURLEETEZLD,
RO onEFEFTTRAENIE ROABIEEORLHET
ElEnn=1
LAL., ChIEEMLLY ELHDFEEL0ELSDIEHY A
B RIC. BAEENRBHIC. K- E—ETOHELEDL
LTH &S (S Laplace correction) o
Z59%& 28T a2@FHITL it BRMVHZEITHED
DT, ZROPBIEEORAEEEZIL. (n+1)/(n+2)

Laplace's law of succession DFEREUH=YES Teaao®




AT EV IO 517, —

BARECHEC SRREEAAI oté/\wﬂ ADHAFEEHEEEE
LTHES, Thbhb, ROVHIEEp &
p=l'pP(p|nEE)dp
THELL,

COHTEEITIICIE. NF5A—2 p DER L HEHNDILENH D, RIZ.
[0, ] ED—#DFIEEEZ LS. T3TBE.

| A, TEFRATLE

r=1' P(EIR)
P- {01 prﬁ'i \ZL ff;)/P(n@i) dp o o
. ) BayesDEEIZ£D =Jo p"dp

=+ 1)(n+2)
Chl&Laplace's law of successionDFERIZ—HT S !
F 745, Laplace's law of succession D#ER [ (Laplace correction D&
BRI N\SA—EDEFNTE—HRDREREL. FROMICLDNS
A—SDHFELHEEET D EITHETSH !

SIZED Laplace's law of succession MFFBAERILZEERL TS,

[Tl A FLELOT |

INTA—BDFERTZH (Ft)

s —HBAHTERIZEDLEL?
- #TLESRS.

o TlE R—ED2% i, H=x1(1-x)FVB(a.p) EEZ &I BHEALHH
—B%PHTHD
- BER—4 ﬁ*ﬁ?&\”o’(” ZEAHORR DTN D,
— BERHRHEMN 2 2T? E3THRVEHENTELRLDS, |

o COEE . BEAAMIC ck%;/wf—&a)ﬁﬁﬁﬂ‘s’&#ﬁiﬁt*fét ZDIE
X, (n+a)(n+a+p) E15B

+  THh#FLaplace correction DILIFRELTHWNSIEMNTES, (n+1)/(n+2)
DEDHYIZ (n+1/2)/(n+1) 0(n+1/3)/(n+2/3) HEERWNS F L LMD,
?L’.Jé&%~ O3B E ENEFESDENDIZAIM ? LSRN EF

7747 TESHDNZEE (L1

- BREASNEESIELDS < 1 BAhAOTARO L)
. ORIk GEREE) BRI, AL

tyongar ss Lepper MR. When choice is demofivating: can one desire too

v R, Todd, P. M. (2009, What e
Petngoges tgrcin

ood ing? J Pers So Peychol 2000 Dec9(E)85-1006

forates the

Laplace correction M#L5E

Laplace's law of succession [ZEULNT, (n+1)/(n+2)
DRDYIZ (n+a)/(ntatp) ZRAVD, BIZIE,
(n+1/2)/(n+1) R(n+1/3)/(n+2/3) THEZ RS,
Pold. ENM KL FETRIICIFOZ AL,

NE NFA—ERADEFMREL T A—425

T flx;a,f=x 1 (1-x)/B(a, ) EEZT=ZEIH Y

j_ o

— L, )B—HHDHEDT, Chik EAXLaplace
correction DIEIRELZ D,

R RL—DVY

2] [
WhEHEREZRIYST é:o' 1I:é:%ﬂ¥l1n%>

K<L, n ALK & HBLAWNEEES - R
%, %*Lb’é_"ﬂ:iﬁfﬂf“otﬁ'é):L\%L\%i?'(,\-_):i)\#_._
éo%-_‘c BRAGRAL—U VT ENMRRSNTE .

— LaplaceRLA—JU T (MBRL—DUY)

— &R 4HR% (Interpolation)

- JYRFa—-Yo5

- AV RL—=DVY

- F—FTAIN-RL—DVY

— AR R R L—DUY

— Kneser-NeyRL—IU 4

— BEBAPitman-YorSEEETIL

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

*?Eﬁ&&iﬂ’cli BZE J\‘J —7—n1|EI(DJJE+U(n -gram) O IR 48

33 34
R Lapl tion: RTIE ?
Z aplace correcton. !
=gael - i - = q
EE m <- naiveBayes(xy[,-5], xy[,5],laplace=1) # &9 hldL
- LGS, T—2DHERZ D, e ST _
< > m < naivesayes(x X aplace= Toriori Mities:
—#RELELS EEHNODZE 3 oyl STpredictmay L5105 ypgy probabilities:
No Yes
FJ‘;%{&_OJ FEﬁL o Mo ves 0.3571429 0.6428571
:Iﬁﬁ\#ﬁwlfa)(_quﬁi~ %t*ﬁii R ;es 0o 9 conditional probabilities:
— Laplace correction Naive Bayes Classifier for Discrete predictors e 0. 3750005 0.5000008
_ <[+~ , Yes 0.4166667 0.3333333 0.2500000
RTI 7 - E:}leaayes.defau]t(x = xy[, -51, y = xy[, 51, laplace = 1) Temp.
, 1 id
%o)ﬂi’.o) FCELE L 2T 0.2500000 0.3750008 0.3750000
— KANERRE Yes 0.3333333 0.2500000 0.4166667
- BUER MDY KL ot 51" e Norman
. BEEIE EHEATERET D Yes 0.3636364 0.6369635
= NE )
I =7 *'H 35 xy[, S]WMdyFaTse rue
No 0.4285714 0.5714286

Yes 0.6363636 0.3636364




Laplace correction: RTI& ? (%)

BEEVERLTEZEN

> library(el1071) A-priori probabilities:
> setwd("D:/R/Sample") xy[, 51

> xy<-read.csv("PlayTennis.csv", header=TRUE)
> m <- naiveBayes(xy[,-51, xy[,5])

> table(xy[,5],predict(m,xy[,-51))

No Yes
0.3571429 0.6428571

Conditional probabilities:

No 4 1 xy[, 5] oOvercast Rainy sunny
Yes 0 9 No 0.0000000 0.4000000 0.6000000
>m Yes 0.4444444 0.3333333 0.2222222
Naive Bayes Classifier for Discrete Predictors Temp.
xy[, 51 cool Hot Mild
CBU! No 0.2000000 0.4000000 0.4000000
naiveBayes.default(x = xy[, -5], y = xy[, 51) Yes 0.3333333 0.2222222 0.4444444
Humidity
xy[, 51 High Normal

No 0.8000000 0.2000000
Yes 0.3333333 0.6666667

windy
xy[, 51 False True
No  0.4000000 0.6000000
Yes 0.6666667 0.3333333

EPN
i

- EEGH, T—20HERZ S,
- HmELLD, EHAODIGS,
- TE#=0IME
- ZHESTONSA—4SEE. RLHEE=E
— Laplace correction
-RTIE?
s ZDthDRERE
- RBERE
- BUER MDY KL
. BRI, ERAMEIRET D
- XENE
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\
KBE (BHEENABH) 78

- W BE A QENGEVDEHNHDEESIEN?
- LIELIE, AR OT RIS, 2T LE2 TORMEESAF
TEHEERSEL

« CThERBIEELS

- Bl ERZE
* <Fever = true, Blood-Pressure = normal, ..., Blood-Test= ?, ...>
o fEIE. RBITEhofY, EHOoTHIEEENEN YT S

— ZANEXRGR: FE B versus 5486
- FEE TORMEOHERETHHEALLY)
© DR TORBECHEISALLEV(1EHZD)

xtERBI: RBMERT B

s —DDEMENELBLRERE:
o TR LD YUTIL (FEEFEICTEALLGL

« SR DETEISHDEHEIEEL
. Bl Outlook  Temp.  Humidity Windy _Play
Tk Cool _High _ True 2 |
P(Play=yes | E) P(Play=no | E)

= P(Temp=Cool | Play=yes) * = P(Temp=Cool | Play=no) *
P(Humidity=High | Play=yes) *
P(Windy=True | Play=yes) * P(Windy=True | Play=no) *
P(Play=yes) / P(E) P(Play=no) / P(E)

=(3/9) * (3/9) * (3/9) *(9/14)/ P(E) = (1/5) * (4/5) * (3/5) *(5/14) / P(E)

=0.0238/ P(E) =0.0343/ P(E)

P(E)y&3RHILIE: P(Play=yes |E)=41%, P(Play=no | E) = 59%

P(Humidity=High | Play=no) *

HUERE T D EURLY

s WOHILHIERMEHR->TNIHERTIH.EXD
BN,

« LAL. nave Bayes 778330, REATIEEZ S
WENDS,

© 2DDFEENHB.
- DIk BRIET HHIA.
—HD—DF. ZDEREEDHHELTHEAMEREL.
MBS, ERIBRETD
HiETHD,

4

XK BEAE T A%

- Vector quantization (RIMILEFL) H¥H 5.

o BLUFHOEHMAAFAEAT. FTEIITKRLK,

+ Naive Bayes D& B HIF—RITHED T, KYUBEH
IZTES,
- RERLAHTHS,

s BIRIE.

Fayyad, U.M. and Irani, K.B.: Multi-interval discretization of continuous-
valued attributes for classification learning. In Proc. of the 13th [JCAI
(pp. 1022-1027)

ZhiE Weka [CA-TLNVS 2




X2 D ERET S

© KKHBHRE: BEERIERSHELT (VSREHFHE)
o ERSHT(AVRDH) DATA—RIF2ME. HEMEI:

. EATH p=i=13y
nois
1 & :
« FRHE &z:ﬁZ(’ﬁ*f)
—1lia
EER L
- BE f(x): = 20°
W T

R @ e1071 /34— M naiveBayes Tl SOHEMNELNTIVS, RIE.
The standard naive Bayes classifier (at least this implementation) assumes
independence of the predictor variables, and Gaussian distribution (given the target
class) of metric predictors.

RKRET=ADHI(HE)

Outlook Temperature Humidity Windy Play
Yes No Yes No Yes No Yes No_Yes No
Sunny 23 83 85 86 85 False 6 2 9 |5
Overcast4 0 70 80 96 90 True 3 3
Rainy 13 2 68 65 80 70

Sunny |2/9 3/5 mean 73 746 mean 79.1 86.2 False 6/9 2/5 9/145/14
Overcast4/9 |0/5 stddev 62 7.9 stddev 102 /9.7 True  3/9 3/5
Rainy _3/9 2/5

xR
(66-73)%

e 767 =0.0340

V2762 ’ e

f(temperature = 66 | yes) =

RKMT—E2DHHE

Bb5T—4E [outiook Temp. [Humidity Windy _ Play |
[sunny 66 90 True 2
P(Play=yes | E) = P(Play=no | E) =
P(Outlook=Sunny | Play=yes) *
P(Temp=66 | Play=yes) *
P(Humidity=90 | Play=yes) *
P(Windy=True | Play=yes) * P(Windy=True | Play=no) *
P(Play=yes) / P(E) P(Play=no) / P(E)
=(2/9) * (0.0340) * (0.0221) * (3/9) = (3/5) * (0.0291) * (0.0380) * (3/5)
*(9/14) / P(E) *(5/14) / P(E)
=0.000036 / P(E) =0.000136/ P(E)

P(Outlook=Sunny | Play=no) *
P(Temp=66 | Play=no) *
P(Humidity=90 | Play=no) *

45

BXR
. B

- EGH, T—2DOHEHZ 5,
- HmELELS, EHHNODHE
- TE#=01ME
- ZIEATOINTA—RHETE . mAHE
— Laplace correction
-RTI&?
« TOHDRERE
- RAERE
- BERHEDIRYRL
- BERUE. ERSMERET D
- XERFE

ik
fein
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s XENELE:
- XEA—, Za—RA webR—DE L, Fh5D—F
/ﬁ't(;\jut:b E3=N _thc\jht%))é \;‘E?é;t
— DYDBT LD A= ILDBRINLDEI DS EE
- 7El7°’& RTATWNENZHET S, EVSRELHD
- APB(BBNED T EEKEDHEHLDNELNES
"‘E?’é ELVIDBH B, EIT,

- HEEGOEHE (ROFFHLEVETHE) E£HBIZE
T8 1A E, TLT, BLEFHIEEVGTHIEIZH (T3,

- LEa—%, 1.:.iE’C%éuﬂﬂﬁb‘{.:.Fﬁ‘C%f&L\uﬂﬁ?ﬁ\I\
(16 Db XESE

- PUr—hREDSS. ERFEEXD 5,
- =)Lt E—TO. QAN 4E

47

XESEOLE

- HEMH:
- BIRIE, TSSVSHMABNIE, R/ALA—LTHBIEVNSSEER
EINNC L SO ENPS:
- BEICHEBOHKE
- BAICEYPBTEANSLOT, ThERS STET2ONAE,
- BILISEH#T BOHKE,
- TRBTEHLER (RRICIE. TBAD)

+ Naive Bayes hi#E#ES5E<L K
— E3%5T Naive Bayes ZAL\5h\?
- RAUK E3FHI(THabL, 1XB)ERETIN? BIEGAAN?

hitp://www.state-itc.org/tc2004/accessible/4_Managing_Risks_files/images/image66.png

Using Text Categorization Techniques for Intrusion Detection
From hitp://www.usenix org/events/sec02/tech htmi




OB EGRIRTA

+ Bag-of-words, 97545 K—IFDHEEE or REHDHEE
- HEIXEF TNTIOEENARBEI A TRET 5,
« "Bag" T.LEDXEDEZITH =N ERENDILERLTINS,
BOEGYEBEZRNIEERLTINS,
%12, (RIc. BRI BB AE N TN T MRS, [EERD
REIDEERPED L RBEERFILRACLEEZDILITHD,
- TAZHELTEINIDEBEE, XEZLICEDL>TIELIFAL,
o HETHNIE dog & dogs Vot kIREMELITEBLI-A A&
Ly

SRS TSLRNREEER LN

. BETEA L A B L OB EORE,

E ANTORE
EEL\oT_‘)‘c%%&‘ﬁ%iﬁaﬁ%&ﬁiﬂafl:féﬂxwm\:ﬁ BEHERERE

- JAXDOTREMABVEEEIERLL.
¢ XELEAT HBEBEENEHTEN(—EF) 0 49

OB EGRRTA

« ZOXRBE-HT naive Bayes?
- NAXHEREFEEICIEBERLAEL DT, naive Bayes TIFALVAY,
naive LRI TH A EIFRELVEL,

— LML, naive Bayes HIIZ. XEDHBEEEREETENTES,

- XEDETAHIVIRILIL. XENICHABEDHENHIRT D/
E P(w; [c)), P, [c)), ..o PO, |c) BIRFEDTLRET HEL wy,
Wopeos W, X ERICEENDEETHHLE. TOLSUXE
MBI DHEEERD &SI12EL
P(docle)=P(w, e PGwy ¢ 502... P, )70

TJ_L TF(w) [ZE5E w O doc IZ hl‘l’éﬂﬂﬁrﬁ(tem frequency)

| HIRMEREZ5ETE naive Bayes LV Z LD ‘

50

—

Tt

Text classification by Naive Bayes ver.2 HAGEILLHEL

http://sleepyheads.jp/apps/nb/nb2.html
Text classification by Naive Bayes ver.2 B A& IXLoHELI=

BRI (vord likelihood)  BEEHRE (vord frequency)
=
Bx s Jo
E= P o
3 18 33
i
IES 1 o
[
25 o
)
2T S TR -
3 o
iass _[freauancy rior
B 5 F B33 1 o
=3 o
e e o
AFL (word likelihood)  H5ZE$HE (word frequency) 5 =g
Pordpesitivelpegative| frord ositweleaative] -
e

Naive Bayes (kB XEH4E

. HBXE doczDFE
Cp = arg max P(c;) HP(W e, 7P o o)

wyeloc

f=f2L. TF(w;,doc)=docH Dw, D HIREH . Voc [(ELEEE(FEZTLY
PEEEBEKRLLE

o BEOHEMEIZDLVTIE. Laplace correction HVhZE, £ T, —F
EOHEEEREM; 12120 =03 R hOEBEHREY, , ~Y
FRcPDEEEw, HREH

n, +1

P(w, |c,)=—"
Onle;) n;+|Voc| 52

Twenty News Groups (Joachims 1996)

o BT IL—F1000D I E
o FHROXEE. LEDnewsgroupl ZEIIR D

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. 4 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

BT
JU
Xref: cantaloupe.srv.cs.cmu.edu misc.headlines:41573 talk.politics.guns:53299
-
Lines: 57
NNTP-Posting-Host: sandman.caltech.edu

manes@magpie.linknet.com (Steve Manes) writes:

>hambidge@bms.com wrote:
. In article <C4psoG.C6@magpie.linknet.com>, manes@magpie.linknet.com (Steve Manes) wi

v

: >: Rate := per capita rate. The UK is more dangerous.
>: Though you may be less likely to be killed by a handgun, the average
: > individual citizen in the UK is twice as likely to be killed
>: by whatever means as the average Swiss. Would you feel any better
>: about being killed by means other than a handgun? | wouldn't.

>What an absurd argument. Switzerland is one-fifth the size of the
>UK with one-eigth as many people therefore at any given point on
>Swiss soil you are more likely to be crow bait. More importantly,
>you are 4x as likely to be killed by the next stranger approaching
>you on a Swiss street than in the UK.

NVYVMYNVNVNVYVYYVYY

54
Killed by handgun, or killed? If I'm dead, | don't much care if it




Twenty News Groups (Joachims 1996)

+ Naive Bayes: 89% 3 #EIF f R
— $EHEEE E4A1100 1@ (the, and, of, ...) (LB ZE

o COESITIGEBREFIBSHEES, XELXHRTHOISHHTH
L\BEE® stop words ELTRRETHDHER

- SEASEICHEGVEEELRE

— Bof-BEEL. #9 38,500 FF 2onens
920 |
80 s Tt
7 ST B
=L, COEREFETE, 20 Newsgroups :2 . PRTFPE

DEEFICIE, DEICIEHITRILD subject 4
TA—IERH B STEINLIFRETEHE  wf i
IS5 TLNDH, BB TIE. REBTIC.HE =

20 Newsgroups: RTIE ?

IEBR40MB <ipLILAVEE
LOTEH
F—AMNEFTET. RO/\vr—TIZEF NS naive Bayes
SEERRIIERA,
- T—ATH(SEFEDRTOTSLTIE, xy, xy, tt ELV>F=1TF) A
BEXIT42 (IT#H XE S (£92,000) . 5 #hA B 5E % (£940,000)) ,
- l;b\b. FEFERIIFRITDLBVOT, RIS—RITIRFERA VN
[FESAN
- ZRTEL—/N—~URHKREL,
- TNELEATIOYSLEEVNTLESS.

5H. Weka [ZHR/NN—RTHINRITWTET, FEMICITE
UIRZ B, LI L, RELGARYHIRET, LHOLEL,

ERELI-AHEELH D, °
E— 1000 10000 56
FEXIET -4 (BEFTFRRICEYE )
—
. > an
20 Newsgroups: 7—%
predicted 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 237 3 3 0 0 0 0 1 0 4 2 0 2 10 3 7 2 12 7 47
2 0 299 8 8 42 9 1 1 1 0 5 18 7 8 2 0 1 1 3
- 3 0 7 208 15 10 8 4 ] 0 0 0 1 0 1 0 1 0 0 0 0
+ "20 Newsgroups" &EWVS5H A MMZHY 4 0 12 58306 38 10 49 2 0 1 0 128 3 0 0 0 0 0 0
5 0 7 11 21 275 2 21 0 0 1 0 2 8 0 0 1 1 0 0 0
— http://qwone.com/~jason/20Newsgroups/ 6 1213 2 336 1 1 0 2 0 1 3 0 2 2 0 0 1 0
e - N - - 7 0 1 0 4 4 1227 5 1 3 1 1 1 1 0 ) 2 0 0 0
. ﬁlJﬂﬂ-EE(%ﬁEd)ﬂ]")Hﬂb%)f)‘ﬁbo’C%EEUNIE%HDT— § g 3 2 e 4 o mse s 3090z 0
BIZREL KO- DERALD, Matlab TELNOT ULV o0z 0 110z 23 40 0 2 0 0 1100
(S22 T %, L1913 o 4012 032 3 40 00 00
2 2 2 2 2
— 20news-bydate-matlab.tgz B 1: 3 g : 2 ; (3) 3 2 é g 10 332333 é ; g ; é
- 05data-20news-bydate-matlab.zip £L TE&EE R MM A N T U T A A S LA R G
- - . . 2 2 2 2 2 232
« ZM5%. train.data, train.label, test.data, test.label % FAL 197 2 9 0 6 % 8 5 5 5 38 o102 116218 5
6 20 10 0 1 0 0 0 1 1 0 1 0 1 0 1 1 1 4 0 1 90
 TOUSLIZEHRELT webBITEBELTHEET,
« #BR M55, confusion matrix ZREIZRLET,
- EfRFEIE, $978.2%TY, . -

FED

* Naive Bayes 7 B8RS E TR A
 Naive Bayes S $Azss CBEAADNTEELA
- TE#=0IE
- RAMERE
- EREOREWN(CNIL, BREERRET DD
AT, — AR RRE)
s BB ANBTELTOXEREN DS

AHDRE

- BBV OTT A (DEYBEDTOY S LD — & R—RHRETTEDD
T CEBRFATILENHYET .
COMEBRTRW-XFRENT—4EALET,
& T —A4I4 optdigits.tra.csv, TAMT—4IE optdigits.tes.csv T,
FAHRALEE, read.csv DBIHIT colClasses="factor" #BML TSN,
- ChiE, BiET—%% factor ELTHARAL=HODHELHNTT,
— HB. D csv ITFAIISF AT —BHYER A, T AL, read.csvD 51 HE—
BAETBRENHYET B THEIN, YI#THYES,
BHEOERNRLGVET . UAIE(RDRFARITIE—AHYET) . SEDE
HTLIAY, SEX65EHYET , LIETISBEB NN ETREIFRATLEA,
SEIZ65F B NPT ANEIIR(SEITHFOIERH(0~9))TT,
TANT—BNEABYET DT, —BT 2O FRIZMNFELENT,
confusion matrix M AEIFLTFZELY,
— Confusion matrix DY (&, REICEEFELT=,

60
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I\r—2 e1071 EA U AR—)LLTLZELY,
library(e1071) EL TES( =@ e
AEDEENSE

xy<-read.csv("PlayTennis.csv", header=TRUE)
xyt<-read.csv("PlayTennisTest02.csv",header=TRUE,as.iS=TRUE)
tt<-data.frame(factor(xyt[,1] ,1e\(e1 s=levels(xy[,1])))

for (i in 2:5) { \
tt<—data.frame(tt,factor(xyt[,i\J ,levels=levels(xy[,i1)))

names (tt)<-names(xy)
m <- naiveBayes(xy[,-5], xy[,51) |\

# prediction and confusion matrix f}pr‘ test data
predictedClassTest <-predict(m, tt) \ # prediction
table(tt[,5], predictedClassTest) # confusion mtrx

VVVVYV+4+VVVY
-

redictedClassTest>
I T E— )
/~ No ves — )
[No\ 1 0 FBILF NolYes
\Yes/ 0 1
) \
PlayTennisTest02.csv
t[,5] I=&L 7= No/Yes Outlook  Temp. Humidity _ Windy Pla
Sunny Cool High True | No
Rainy Mild Normal False |Yes

AEBDRBICEIT AT

(1) ZER 2 EDEEC PR,

tt<-data.frame(factor(xyt[, 1] levels=levels(xy[, 1))
for (iin 2:5
tt<-data.frame(tt factor(xytLllevels=levels(xyLi})))

}
ELIHE RRWNETT R)ISRAMTE

for (iin 2:65) {
tt<-data.frame(t,factor(xyt[,i] i)

}

ETHECOL—TDOHRT tt [ZIFIDEIRSNTROEE
EBIEVSBIEEL TL\D T8, RliZ 7= tt (SELIZ (S EIE
EUMETY ) EERERTENITEELTLEVET

HE:—1THID tt DAL OBADLRITLEE T REHH
%, 2FY

tt<-data.frame(factor(xyt[, 1],levels=levels(xy[,1])))
for (iin 2:65) {
tt<-data.frame(tt,factor(xytfi] i)

}
7,

(2-1) colClasses="factor" &ML, CHIEBMTHIE

LU BIRIE,

xy<-read.csv("optdigits.ra.csv", header=FALSE,
colClasses="factor")

EFThIELL,

(2-2) colClasses="factor" £at'—L. MsWord 771 JLIZ

R—ZhL. MsWord 774 L, AE—L TRIZR—ZR B,

53 %L MsWordDBHET. ¥ TN I+— S EAXFITE

DoTLES. CALAIS

colClasses= g

COEERIA FISEELENESTT .

AEEDLVDT, A, Efixy ATEEIIZRAFTH

REERENTOER Ao

R :pdi T7 A LD SEHIAE—R—ZF B, FTITHERAE.
Fz(E, (MsWord TIEA<) A EWRIEBITT B,

62

ABDERE+a

H&oELIN+aITY . BRDH DA ES5%
* FHORBISEWT, FET—FIRUTAL

T—4® . confusion matrix & accuracy %
KDIEEUN,

—accuracy &, DFEIEMEE | T—5% TT,
—accuracy &, (ZNEN)KX—DTRFEYFET,

63
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