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BE X . Outlook Temp. _ Humidity Windy _ Play _ . _
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—_ Rainy Cool Normal  True No T Z M
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« ZTDMDERE Sunny Cool  Normal False Yes
_ xiﬂuﬁgﬁ:ﬁ%g Rainy Mild Normal  False Yes ‘Outlcck Temp. Humidity Windy Play
— HiEEHEOIYIEL Sunny  Mid  Normal True Yes sy ool Wigh Tme
. . Overcast Mild High True Yes
- BtEE ERATERET D
i/ N Overcast Hot Normal False Yes
« XENH Rainy __ Mild High  True  No
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Outlook | Temp. Humidity Windy Play Outlook Temp. Humidity Windy Play
Overcast Hot High False Yes Sunny  Hot High False No A1=Outlook \2=Temperatur, A3=Humidity  A4=Windy Outlook | Temp. Humidity Windy Play
Rainy  Mild High  False  Yes Sunny  Hot High  True  No Sunny 2 Hot 2 High 3 False 6 gy‘ . :i Foee tee
Rainy Cool Normal | False Yes Rainy Cool Normal | True No Y Overcas(j Mild ,4 Normal |6 |True 8 Rainy  |Cool Normal False Yes
o " Rainy |3 |Cool |3 Overcast Cool Normal  True | Yes
Overcast ool |Normal True  Yes Sunny  Mild High  False No P TIN CHN PTEE A P T (I PRI OrercastOecl orma | True |
=3 =X =X aF unny Cool Normal False Yes
Sunny  Cool Normal  False Yes Rainy Mild High True No Sunny |2/9 |Hot 2/9 High 3/9 False |6/9 Reiny  Mild Normal False Yes
Rainy  Mild Normal False  Yes BED overcast4/9 |Mid  4/9 Normal 6/9 True |3/9 Surny_|Mid_Nommal_True |ves
o 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

4 " v v 4 Outlook Temp. Humidity Windy Play

oy [Overcastd  Mid 2 Normal 1 True |3 Somy JHot JHigh  [False N
Rainy 2 Gool 1 Sumny Hot Hgh  Tre No

s 5 &5 5 a8 5 a8 5 Rainy Cool Normal  True No
Sunny  Mild  High False No

Sunny 3/5 Hot  2/5 High  4/5 False |2/5 e i Trier oo T
B0 ey Mid_Hgh _True No

s |Overcast0/5 Mild 2/5 Normal 1/5 True 3/5

Rainy  2/5 |Cool 1/5 6
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plm; | x)= p(x,m;)/p(x)
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Al1=Outlook A2=Temperature A3=Humidity A4=Windy m=Play
Yes No Yes No Yes No Yes o Yes No
Sunny 2 3 Hot 2 2 |Hgh 3 4 |False 6 2\ 9 5
Overcast4 0 Mid 4 2 Normal 6 |1 |True 3 |3 /
Rany 3 2 Cool 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 Mid  4/9 2/5 Normal 6/9 1/5 True 3/9 |3/5
Rainy _ 3/9 2/5 Cool __3/9 1/5 8
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‘Out\ook Temp. Humidity Windy Play | = P(m,)np(a, \m,)/p()c)
[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)

EWEZNIE, p(Play=yes | x ) < p(Play=no | x)
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plm; | x)= p(x,m,)/ p(x)
= p(x|m;)p(m,)/p(x)
=p(ay,....a,|m)p(m,)/p(x)

= pom)[ T pta,1m)) /p(x)
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‘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)

SN, p(Play=yes | x ) > p(Play=no | x )
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Outlook _Temp. _ Humidity Windy _Play _ . _
Sunny | Hot High False  No (_T:Z"‘éﬁo) Play=Yes }:(T_:ZZ:
Sunny ot High e INo ThH#LY) Play=No D22DH5AH
H%
Overcast Mild High False Yes
Rainy Mild High False Yes
Rainy Cool Normal False Yes E’(Dtdr_i\ —Fgai) (RHN, DFYZE
Rainy Cool Normal  True No ;;9;-?%2?;?;'5@‘_?3}/:;65
Overcast Cool Normal  True Yes iy = 2 ay=no >
: : F(555) hEH#ES 5.
Sunny  Mild High False No
Sunny | Cool Normal False Yes
Rainy Mild Normal  False Yes ‘Outlcck Temp. Humidity Windy Play
Sunny  Mild Normal  True Yes ‘Overcast Hot High True ?
Overcast Mild High True Yes
Overcast Mild Normal False Yes
Rainy Mild High True No
1"

Tom Mitchell @ Machine Learning EL\SE#H 5. K{EHIFT

BTN
T—3DNHEHAT . 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
Overcast4 | Mid 6 Normal 6 True |3 Reiny _Mid_JHigh _Fake |Yes

EH v Rainy | Cool Normal False Yes
Rainy |3 |Cool |3 Overcast|Cool Normal True Yes
&F 9 AF 9 AFR 9 AF 9 Sunny  [Cool Normal False Yes
Sunny 2/9 Hot  0/9 High  3/9 False 6/9 Reiny  Mid Normal _Faise |Yes
B overcast4/9 Mid  6/9 Normal 6/9 True |3/9 Sunny Mid_Normal _Truo {Yes

Overcast Mild  High True Yes
Rainy 3/9 [Cool _ 3/9 vercast]Mid

Normal _False Yes

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

" v v v Outlook Temp. Humidity Windy Play

3y [Overcast0  Mid 2 Normal 1 True 3 Sarry ot JHigh [Falee [No
Rainy 2 Gool 1 Sumny Hot High  True No

e§+ 5 ﬁ‘;‘f‘ 5 é§+ 5 ﬁ%f 5 Rainy Cool Normal  True No
Sunny  Mild  High False No

Sunny |3/5 Hot  2/5 High  4/5 False 2/5 5 i THgh TTous TN
o ainy _Mid_Hig e No

e |Overcast0/5 Mid  2/5 Normal 1/5 True |3/5

Rainy  2/5 |Cool 1/5 12
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Al=Outlook | A2=Temperature | A3=Humidity A4=Windy m=Play
Yes No Yes No Yes No Yes \No_|Yes No

Suny 2 3 Hot 0 2 Hgh 3 4 |False 6 2\ 9 5
Overcast4 0 Mid 6 2 (e CRE
Rany 3 2 Cool 3 |1
2/9 3/5 Hot  0/9 2/5 High 3/9 4/5 False
Overcast4/9 0/5 Mid  6/9 2/5 Normal 6/9 1/5 True

Normal |6 1 True 3 3 /

6/9 2/5 9/145/14
3/9 3/5
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[Outlook | Temp.  Humidity Windy _Play

[Overcast Hot __ High  True 2

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

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

= pn)[ T p@ 1m,) [p(x)

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)

SWEZNIE, p(Play= yes|x) - p(Play=no )
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Rainy  3/9 2/5 Cool _3/9 1/5
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= P(Outlook=Sunny | Play=yes) *
P(Temp=Cool | Play=yes) *
P(Humidity=High | Play=yes) *
P(Windy=True | Play=yes) *
P(play=yes) / P(E)

=(2/9) * (3/9) * (3/9) * (3/9) *(9/14) / P(E)

=0.0053 / P(E)
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> set.seed(100) oNu(1 —)Ntp(6
> x <- sample(1:20, 30, replace=T) P(9|NHvNT)=#()
> table(x) (D)
Xz 4 5 6 7 8 910 11 12 13 14 15 16 17 18 - LHEAWZ.REEEDOSL 0 FHEBELTNIEKL,
12131412 41122212 4 - ZOEEN,MOTH>TH, 0=0 (FHEBELFESE, 22
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Al=Outlook ____A2=Temperature | A3=Humidity A4=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

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 Mid  6/9 2/5 Normal 6/9 1/5 True  3/9 3/5

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

BEHROETT @

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

Yes No Yes No Yes No Yes No_Yes No
Sunny 3 4 Hot i 3 Hgh 4 5 |False 7 3 |10 6
Overcast’ﬁ '1 Mild '7 '3 Normal '7 '2 True '4 '4
Rany 4 3 Cool 4 2
Sunny 3/124/8 Hot 1/123/8 High  4/115/7 False |7/113/7 |9/145/14
Overcast5/121/8 Mild  |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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Laplace's Law of Succession
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— CHIE. MU OERMNHBHEEN, [0,1] LO—HAIHITHSLEBHRT B,
oy, =(UNFD))Z M EINY = T dx =1/(n+1)
o ROT.RODHEEL, Now DEE, Fy,/Fy, = FopilFun=
(n+1)/(nt+2)

o DFEY, KYIEHEIZHRARHIE, Laplace's law of succession (&, (coin
tossingZ I g N IE) HEE (X, ROHIERE—HRIFITH-TIV
HLIZHRD . ThERAWTeoin tossE 9 5. —ARIZH L. RHNH S5
EEHSBENT(LHL, —HRATITHSTLBIEFE>TND) ., #fE
BIRL TR 2EEIC, n+1BIHLRMNEDIEREZRODESKR
[ZHBNT. ZOREEL, (1+1)/(1+2) THAHETELTLND,
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Laplace smoothing &1 ELVET

hlE, EIFEDHBET. RAEERAVTLYERIZESHE
REBHHETLH S,
BURALHEETEALD
RO onEFEFTTRAENIE ROALIEEORLHET
ElEnn=1
LAL., ChIEEMLLY ELNHDFERL0ELSDIEHY A
B RIC. BAEENRBHIC. K- E—ETOHELEDL
LTH&KS (S Laplace correction) o
39 HE 2T n2@FRATL. i1 ERAHFZEITED
DT RZROPBIEEORAEEEZIL. (n+1)/(n+2)

Laplace's law of succession DFEREUH=YES Tea o




/ \ 7 )( 9 0) $ ﬁﬁ N E —BayesD IR

RAHEETIEEL, $&E§$ﬁ*ﬁl cté/\?)‘ ADEFELHTEEL
LTH&S, Thhb RIVHIEEp %
p=l'pP(p|nEEK)dp
THEELTZLY,

COHEFEZETIICE. NTA—E2 p DBRIDHEHNDIBLENH D, R,
O.NED—HAMEEER LS, T3 DL,

LM, TEERATL,

P(nEIFR)
p= - {nlzfl(rjlﬁlil;;;fg;)/ﬂnlilf) dp ’ Io: POEE | )P
’ , BayesDEEIES =l p"dp

= (n+t1)/(n+2)
Chl&Laplace's law of successionD#ERIZ—HT S !
F 745, Laplace's law of succession D#ER [ (Laplace correction D&
BID) . RSGA—ADFRDHE—HFRSMEREL. TR HITLD/NF
A—BDYFELHEEELTHLITHLETS !

SEIZED Laplace's law of succession DFFBAERLZEERL TS T,

(T A FLELDT |

INSA—BDERID (H)

—BAMTIERICEBDEN?
- HTHEIRS.

o TlE R—E9% e H=x 1 (1-x)FVB(a.p) EEZ &I BEALHH
—BP M THD,
- BER—EBFN?2T? ZEATHONAIHEND,
- BEWHARAN?2T? ZITHENEHANTELGLDS, |

o COEE BRAMICKD/INTA— 9@351#1@%#&%1@&?’6& ZDIE
&, (nra)/(ntatp) £G5B

CH#ELaplace correction DYEERELTRAWDIEMNTED, (nt+1)/(n+2)
DEDYIZ (n+12)(n+1) O (n+1/3)/(n+2/3) IWEERWNS HEEED,
. ;;L%t{u F5310BL. ENEFES1BRNDIEBIM ? EWSKRNAEE

= T4 TELHbNI=EE (LI

- BREMASVERZIEEHD < 2 mmsHEOTIBOL)
« R, GERIOD) BRI B

Iyenger S5, Lopper MR hen cholo s demolvatng;canane dsie 100

uch of a good thing? J Pers Soc Psychol. 2000 Dec;78(6):995:

Soncioehonne. 6. sm ede R.& Todd, P. M. (2009) inat aderaos the

Laplace correction M#L5E

Laplace's law of succession [ZE VT, (nt+1)/(n+2)
DRDYIZ (mra)(ntatP ERAVD, FIZIE.
(n+172)/(n+1) (1 3)/(n4213) TR EZE FALNB
Hobb, END KDL, HETRIIZIEL R ALY,

NIE NFGA— R TDERFIRMELT. R—45

1 Ao, f=x (1-x)*/B(a.f) EEZ = EITHEY

Téo

— AL, —BRDMED T, Thld EAKLaplace
correction MILRELNZ B,

R RL—2VY

HE[HL ~nJII’f§7-'—’5lI HBLLEWERITHL
z '1|E’&§|I'-)é'|'cé~_ BIEELEREND,
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<%, %*LbiHﬁ'fﬁfﬁrotﬂ'é:‘:L‘%L‘%i?’b\_&b‘ﬁ_._
%\_'C BRRIGERAL—V VT ENMRRESNTE =,

- LaplaceRL—U T (MBERL—DUY)

— #& s #R% (Interpolation)

- JyRFa—yry

— AV RL—=DUYT

- FX—F LI RL—DUYT

DA R RL—DUY

Kneser-NeyZX Lsi— 25

ORI
EERISY

K‘éJEE’Janan-Yor; EZETIL

ME’CI&%; PXF n EDEGY (n-gram) O IR
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R Lapl ion: RTIE ?
H: aplace correction: RTI& 7
@’EI m <- naiveBayes(xy[,-5], xy[,5],1laplace=1) # & hldLL
- EBGH, T—2OBERZ 5. ey
> m < naivesayes(x X aplace= oriort
- #EmELLD ERA0DISEE e e A-priori probabiTities:
F]"‘%‘j{ OJ FﬁL o Moves 03571425 0.6428571
o
— IE \ﬁa)/ )(_Q*EE %t*ﬁﬁ% ;es 0 9 conditional probabilities:
N >
— Laplace correction Naive Bayes Classifier for Discrete predictors et 0. 3750000 0.5000000
_ 3 D . Yes 0.4166667 0.3333333 0.2500000]
RTIE - E:}leaayes.defau]t(x = xy[, -51, y = xy[, 5], laplace = 1) Temp.
%0)1m0)anLE Xy['N;] 0.2508882} 0.3750885 0.375g.(|)(1)g
— &AlE S E Yes 0.3333333 0.2500000 0.4166667]
- BUERMEDEY KL i, 5™ o vornan
- B, BRABERET B . ST
j{i #H windy
35 xy[, 5] False True
No 0.4285714 0.5714286

Yes 0.6363636 0.3636364




Laplace correction: RTI& ? (#%)

SE EVERLTZEN

> Tibrary(e1071) A-priori probabilities:
> setwd("D:/R/Sample") xy[, 51

> xy<-read.csv("PlayTennis.csv", header=TRUE) No es
> m <- naiveBayes(xy[,-5], xy[,5]) 0.3571429 0.6428571
> table(xy[,5],predict(m,xy[,-51))

Conditional probabilities:

No 4 1 xy[, 5] Overcast 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

call: No  0.2000000 0.4000000 0.4000000

naiveBayes.default(x = xy[, -5], y = xy[, 51) Yes 0.3333333 0.2222222 0.4444444

Humidity
, 51 High Normal
No 0.8000000 0.2000000
Yes 0.3333333 0.6666667

xy[

windy

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

EPd
. B

- FBGHl, T—2OBERZ 5.
- HERELED EHHN0DIBA,
« TE#=0]fk=E
- ZIEDWONTA—REE.. RAEEE
— Laplace correction
-RTIE?
* TDHDOEE
- RAE I RE
- BUEREDIRYH
- BtEUL. ERNTERET D
c XENE
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\
RAME (BHEMENAER) fE7E

- R Bt A DELSNLGEVNEFLHDEESLELIN?

— LIELIE, IR OT RIS, BT LERTOBHEENAF
TEDHEIFRSAEL
« ChEXRBIEELS

- B ERZ W
» <Fever = true, Blood-Pressure = normal, ..., Blood-Test = ?, ...>
o fBIF. ANEITHEMN oY, FHOTHIEBENEN YT S

— RAMEXIGR: BB versus 73 §BRF
- ZEH: ZOREEOHERES D EWALLY)
- DR TORBMEEOHEFSALLEN(1EHR D)
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xR RANERE

o —DOOBEMENERUBRE:
- PEE L0 YUTIL (TBEFHEICIFEALLL
« SR EROHENLOREMEHELS

. WI ‘Outlook Temp. Humidity 'Windy Play
? Cool High True ?
P(Play=yes | E) P(Play=no | E)

= P(Temp=Cool | Play=yes) *
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)&ER &M IL: P(Play=yes | E) =41%, P(Play=no | E) = 59%

= P(Temp=Cool | Play=no) *
P(Humidity=High | Play=no) *

BUEREEDERLY

s WO LHIERMEZR-TLNSNERTIE. EZD
M‘Ehﬁtﬂ:l'\o

« LM L. nave Bayes 53§83V, REATIEEZS
M‘%b“&éo

* 2DDHENHD.
- —DIE. BERIE T S5,
- HD—DF. ETDEREEDHTHELTHIAMEREL.
BB, HERICRETD
HiETHS,

41

XK1 BRI T A7k

* Vector quantization (NI ILEFE) HH 5,

o BLUFHHEBMGAET. £ IITKRE XK,

* Naive Bayes D& BHIE—RTHED T, KUEHE
IZTES,
- REREFHETHS,

s BIRIE.

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

ZhiE Weka [CA-TLNVS
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X2 R ERET D

- KKHBRE: BRERESSELT (VSRENFS)
o ERSTWHIRST) D85 A—4E2ME. #EE:

o EARFEH 7:)?:72)@
S
. FEHH o =3 (x-7)
n—13
1 J)r*/l’i2
. BRI ) )= w
(x) f(x) \/ﬁae

R @ e1071 /84— M naiveBayes Tld. SOHEMNELNTIVS, IR,
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.

RRI[ETZADHI(HE)

Outlook Temperature Humidity Windy Play
Yes No Yes No Yes No Yes No Yes No
Sunny 2 3 83 85 86 85 False 6 2 9 5
Overcast 4 0 70 80 96 90 True 3 3
Rainy 3 2 68 65 80 70

Sunny 2/9 3/5 mean |73 746 mean  79.1 862 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

TeE{E
1 _(66-73)
‘(temperature = 66| yes) = e 202 =0.0340
S (temp | yes) P2 w

KT —EDHHE

BE7—4E [Outlook 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(Outlook=Sunny | Play=no) *
P(Temp=66 | Play=no) *
P(Humidity=90 | Play=no) *

=P
. &E

- EBGH, T-2OBERZ 5.
- HERELED, EHHN0DISE
[E#=0]f%E

- ZHATONSA—AETE . RAHEEE
— Laplace correction

P(Windy=True | Play=yes) * P(Windy=True | Play=no) * -RTIE? o

P(Play=yes) / P(E) P(Play=no) / P(E) - ZTOhDERE
=(2/9) * (0.0340) * (0.0221) * (3/9) = (3/5) * (0.0291) * (0.0380) * (3/5) - RANERRE

*(9/14) / P(E) *(5/14) / P(E) - BEEMEORY KL
=0.000036 / P(E) =0.000136/ P(E) - BERUE. BN HERET S

. XENE
45 46
VAY - VAN - A3 &
XERHE XENEDFEE
XER T - HEME:

- XEMA—, Za—R webR—D& 7, TN5D—E
/ﬁ't(;\jut:b E3=N _thc\jht%))é \;‘E?é;t

- BURTUVDIE A—ILNRINLNEL DS EE

- JRJ%E ATAThENHET S EWVSRELHD

- Za—ZAN(BBANE T B D HHEDNENES
I D, ELVODEH D, EnIT,

- Eé%ﬁnn@##ﬂ’é‘(EL\?#U%ML\?#U%)%&’)6! %
SEINBE, ZLT, RVFFHIEEVFEH EICRD T,

- LEa—%, 1.:.iE’C%éuﬂﬂﬁb\{.:.Fﬁ'C%t;L\uﬂﬁtJ\l\
(‘Vé Db XESE

- PUr—hREDSS. ERFEEXD D,
- =)Lt E—TO. QAN 4E
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— BIZE TCSWSHEABIIE. RIRLA—LTHDIEVNS SR
Az, AFAMER DI KK,
¢ RAIAEDONKE
© BAISBRYCBRENSVOT, TRERAR TET2OHKE,
+ BEICERTIDAKRE,
— T2EFITEHLER (RBRE TRED

7;4‘/ E:
+ Naive Bayes g5 E< LK .,J J
— E3%-5T Naive Bayes ZAL 5H\?
- RAUK E3FHI(THbL, 1XB)ERETIN? BIEAAN?

hitp://www.state-itc.org/rtc2004/accessible/4_Managing_Risks_files/images/image66.png

Using Text Categorization Techniques for Intrusion Detection
From httpy//www.usenix 02/tech htm!




ROLEEGRERTE

+ Bag-of-words, %15 Z—HFDHEEE or REEDDHEE
- BINEE. INThOEENMIEEN-NTRET S,
. "Bag"’C LEDXEBOECICH oD ERNDIEERLTIVD,
o F HEOBLYIERLGVNILERLTWLS,
o BIRIE, ﬁl:\ TEREITHR T KPINTNTNEELD, [BERR
RPIDEERFRR L BREERF IDRLLEEZDLEIAD,
- MAZHBEETIMINRBEE., XEILITEDLO TR,
. EETHNIIL, dog & dogs ELVoT=kIFEMELITBBLI=A MK

EIGNAN %; oL OBEORE,

i FANZTOHREK
E?L\vts)‘C%%E‘a‘%’&ﬁ%‘ﬁ%&%ﬁa'@liﬁﬂiﬂ)f;b\ﬂi B HAEEE
Ly

- JAXDOTREMABVEEEERLL,
¢ XEEEAT HBEFEENEHTEN(—EF) 0 49

ROLEEGTRERTE

« ZOXRB-T naive Bayes?

- NAXHEREEEEICIEBERLELD T, naive Bayes TIXALVAS,
naive AR THHEIFMEHELVLY,

— LML, naive Bayes HIIZ. XEDHBEHEREE(TENTES,

- XEDOBTBVSARTLIC. XENICHIHEDHENERT 55
B P(w, [c), POy [c)), ..., Pw, |c)) BSRFTLBETBEL w,,
Woserey Wy fJ\XgﬂF‘kaihéﬁE THIEE. TDLIUXE
bftﬁfﬁﬁ’éﬁﬁié‘ RDELIIZEL
P(docie) =P, e PO, )77, P 170

f_T_L TF(w) [ 5E w O doc [Z hl‘l’éﬂﬂﬁrﬁ(tem frequency)

| HEEEREZ5E 1L naive Bayes ELVZ &S |

50

TE

Text classification by Naive Bayes ver.2 BARZEIZLSHFELT=
http'//s1eepyheads jp/apps/nb/nbz.htm'l

SIEAE (vord likelihood)  HTEHE (word frequency)

Naive Bayes [Z&BXEH%E

c HBXE doc [2DF
Cyp = arg max P(c;) HP(W le, 7P o

weVoc

B — o = #=12L. TF(w;,doc)=docR Dw, D HBREH . Voc [(FEHFE(ERTLY
= o PEBEIRELLE
SR G i s
[ess_prodRfiairood [ fpvidenc S o N
£ spwoypmo - —— o HEEOHIBREZEIZDOLTIE, Laplace correction AhE, ZZT.F
b ¥ b Eve - ROHEMEER; 1720 n=05RcH O RBHBEL, 1~
EgR " TR, DEEEw, HREH
o e e +1
peone =3 o
iy —— ) - P(w, ‘C )=
BER (word likelihood)  BFEHAR (word froquency) — n+ \ Voc| 52
[ord [positve fregstive | rord fpesitva negative | - e B

Twenty News Groups (Joachims 1996)

o BT L—T10000 3 E
o FHHOXEE. 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. 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

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

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

>hambidge@bms.com wrote:
2 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.

YYNYYVVYNYYY

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




Twenty News Groups (Joachims 1996)

+ Naive Bayes: 89% 4> 5 1E fg 58
— SEHBASE F41100 {A (the, and, of, ...) [XB&E

o COESITCEMBEFIESHEN XELXRATHOITEM TR
LVBEEE# stop words ELTIRET DN EE

— SEEMEIE VBRI E

— FEor-BiEEIE. #9 38,500 FF S

TFIDF
PRTFIDF

f=F2L. COEREFETE, 20 Newsgroups
DEHFREICIE. S EEICIER (/I D subject o
IA—IUEDHB. STRHINLEFEBRETEHE ol i
IS TLNAH, BB TIE. REBTIC.HE =

20 Newsgroups: RTIE ?

EBRIOMB CHLLAVE
VDT A
s TANEFTET ROy —IZEFENS naive Bayes

SERITEZLL,

- T—ATH(SEFEDRTOTSLTIE. xy, xy, tt ELV>F=1TF) A
BXRIZH2 (ITHMNAXE S ($92,000) . 5 $A B ES (£940,000)) ,

- lfﬁb’ FEFERIIFRITDLVOT, RIS—RITIRFERA LN
[F&N,

- ThTEA—/ =AY KEL,

- FAELESTIATSLEENTLERS,

« BH. Weka ITHR/NA—RITHIARBETET, [RERIITE
UIRZ %, LI L, RELGARYHSRET, LHOHEL,

ERELI-ARENELNHD, °
T 1000 0000 56
ARSI T — 28 (131E T ARRISEYHL )
—_—
. > cm
20 Newsgroups: 7—%
predicted 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
127 3 3 0 0 0 0 1 0 4 2 0 210 3 7 212 7 47
2 029 8 84 9 1 1 1 0 518 7 8 2 0 1 1 3
- 3 0 728 1510 8 4 0 0 0 0 1 0 1 0 1 0 0 0 0
e "20 Newsgroups" tb")"j”fl":ﬁ)u 4 0 12 58 302 38 10 499 2 0 1 0 128 3 0 0 0 0 0 0
s 0 7 1121275 22 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
L N o R 7 0 1 0 4 4 1227 5 1 3 1 1 1 1 0 0 2 0 0 0
. BTLEE (HEOYYHLE) A RbD-T, BEOEROTF— 8003 2 e 4 0mme s 310 930 0 2 2 10
BIRENEDSIBLDERND, Matlab THELPF U 0 0z 0 119 223 4002001100
-t 2 6 0 3 2 136 0 3 3 3
(22T, 13 114 11 zg 123 10 1 } i 2 é %zgg 3 4 é 0 3 0 é
~ 20news-bydate-matlab.tgz _ 103 6 4 1 253 2 0 010 33m o020 7 s
— 05data-20news-bydate-matlab.zip &L THEZEE R A O O S T T T S T T eI S L
« ZM>5b, train.data, train.label, test.data, test.label ZFLY AR A S S T R T S S S BT - TR
2 2010 0 1 0 0 0 1 1 0 1 0 1 0 1 1 1 4 0 1 9
° >
« JOUSLITEHELT webBITEBELTHEET,
« #R D55, confusion matrix ZREIZRLET,
- EMREE. #782%TT. . .

FEH

* Naive Bayes 7 BRI E TR AN
 Naive Bayes S $Azss CEAANTEELR
- TE#=0/%E
_ RANBRIE
_ EHEOIREL (Chit. BREERRET DS
$HER T, — AR RE)
s AMBEARBTELTOXERNEN DS

59

AHDRRE

S(OFYBENTATSLNDIAE—ER—RHBETTEDD
3 ENHYET.
COMEBR TR\ -XFRENT—4EALET,
28T —4I4 optdigits.tra.csv, TAT—4IE optdigits.tes.csv T,
FHRALEE, read.csv DBIHIT colClasses="factor" ZBML TSN,

- ChiE, BIET—%% factor ELTHARAL=HODHELHNTT,

— H. IO csv IFAIISF AT —BHYER A, TEH L. read.csvD 51 HE—

BAETBRENHYET B TLIN, YI#THYES,

BHEOERNRGVET . UAIE(RDRFIRITIE—AHYET) . SEDE
HTLAY, SEX65EHYET , LIENISBEBNDETREIFRATLEA,
SEIZ65F B NPT RNEIIR(SEITHFOIERH(0~9))TT,
TANT =AW AEABYETOT, —BT OO FRIZMNFELENT,
confusion matrix M AEIFLTFZELY,

— Confusion matrix DY (&, REICEEFELT=,

60
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I\wir—2 1071 ZAVAR—LLTLZEL,
library(e1071) &LfE 0) ﬁ% = é_e
AREDNSE

xy<-read.csv("PlayTennis.csv", header=TRUE)
xyt<-read.csv("PlayTennisTest02.csv",header=TRUE,as.is=TRUE)
tt<-data.frame(factor(xyt[,1],levels=levels(xy[,11)))
for (i in 2:5) { \

tt<-data.frame(tt, factor(xyt[,i 1, Tevels=levels(xy[,1]1)))

\

names (tt)<-names (xy)

m <- naiveBayes(xy[,-5], xy[,51)

# prediction and confusion matrix for test data

predictedclassTest <-predict(m, tt) \ # prediction

table(tt[,5], predictedClassTest) \ # confusion mtrx

redictedClassTe: \
— -

VVVVV++VVVY

o0 Yes

£\ —
[No} 1 0 F LT NolYes \
\yes] 0 1 \
PlayTennisTest02.csv
t[,5] I=& L VF= No/Yes Outlook  Temp. Humidity | Windy Play
Sunny Cool High True  No
Rainy Mild Normal False  Yes

ABDREBEIZETDAE

(1) ERtt 2RSS BIRIE

tt<-data. (xyt[, 1], yI.10)
for (iin 2:5) {
tt<-data.frame(tt factor(xyt[il levels=levels(xyL.i})))

}
ELT=HE MEWNETT R)IZRAMTE

for (i in 2:65) {
tt<-data.frame(tt factor(xyt[ il levels=levels(xy[.i})))

LFBECOL—TOFRT tt FTHIDEICEINTROEE
FEBIEVSTEEL TLVB T8, BliE 7= tt [SELIZ (S EIE
EULMETT ) EERERTEVISELELTLEVET,

HHE:—THIO tt DML DBA D LRITLEE T BENSH
%.2FY

tt<-data.frame(factor(xyt[, 1] levels=levels(xy, 11)))
for (i in 2:65)
tt<-data.frame(tt factor(xyt[ il levels=levels(xy[,i})))

}
TY.

(2-1) colClasses="factor" MEMLEH. ShIEEMThIE

EL BRI

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

EFRIEKL,

(2-2) colClasses="factor" ZaE'—L., MsWord 774 JLI<

R—ZPL, MsWord774 LD, AE—LTRIZR—RARS B,

257 BE, MsWordD#EE T, # T Lo+ — M2 BXFIE

DoTLES. CAKAIS.

colClasses="factor"

CDEERIZAT FISABLENES TS,

FAEEDLLDT, BRI, Eixy BNTEEIITRIFTH

RIFEBESLTOEE A

R pdfI7 A LD SEHEIE—R—R 5, FTITHRAL,
Fz(E. (MsWord TIE4<) AEMRIZBITT B,

62

ABDRE+a

beoeLizl+aI T, BRDHLH. E3%.
* REDOREICEWNT, FET—ERUT AL

T—243® . confusion matrix & accuracy %
RDIEELY,

—accuracy &, D FEIEfRE | T—4% TT,
—accuracy &, (ENEN)KX—DTRFEYET,

63
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