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‘Outlook Temp.

Humidity Windy

Play

‘Sunny Cool

High

True

Outlook Temp. Humidity Windy Play
Sunny  Hot High False No
Sunny  Hot High True No
Overcast Hot High False Yes
Rainy Mild High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal  True No
Overcast Cool Normal  True Yes
Sunny  Mild High False No
Sunny  Cool Normal False Yes
Rainy Mild Normal False Yes
Sunny Mild Normal  True Yes
Overcast Mild High True Yes
Overcast Hot Normal False Yes
Rainy Mild High True No

Tom Mitchell ® Machine Learning ELV5BEMS. SLEhhET

COBITIE, FERAHBHELS
&Y, (BiEPlayDIEATEA
R HIBHILHBHENIRE

TH25

XRETZR

Humidity Windy Py |

‘Out\ook Temp.

Vyp =argmaxP(v, |, a,...,,

v

= argmax P(a,ay..q, | v, EYP(v, | E)

E)

=argmaxP(v, | E)[ | P(a, |v,;. E)
Ve :

[Sunny  [Cool  High  True 2

Outlook=Sunny,...,Windy=True & A LR&EE
ENERLFALERENOFONIET HE

P(Play=yes | A, E)
=P( A | Play=yes, E ) * P(Play=yes | E)
= P(Outlook=Sunny | Play=yes, E)

* P(Temp=Cool | Play=yes, E)

* P(Humidity=High | Play=yes, E)

* P(Windy=True | Play=yes, E)

* P(Play=yes, E) / P(E)

&T. P(Outlook=Sunny | Play=yes, E) &
[FESEZBELLDA?

FAMFUTIVE

Outlook | Temp. Humidity Windy Play
Sunny  Hot  High False No
Sunny Hot  High True No

Overcast Hot High False Yes
Rainy Mild  High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal True No

Overcast Cool Normal True Yes
Sunny  Mild  High False No

Sunny Cool Normal False Yes
Rainy Mild  Normal False Yes
Sunny  Mild  Normal True Yes

Overcast Mild  High True Yes
Overcast Hot
Rainy Mild  High True No

Normal  False Yes

RKIETZR: INTGA—RHTE

+ nEINZEHD Outlook IZDNTEHHT=E
5. nEA sunny, n,EIA overcast,
nyElAtrainy ToHof=EL &S, £ DHE
(L, n -

s

!
m!ny!n!

+ fzfL. p,= P(Outlook=sunny | %),
p,=P(Outlook=overcast | H&),
p,=P(Outlook=rainy | &%)

© Py, Py Ps DERAHEEEIZX. ny/n, nyn,
ny/n E%%

Outlook Temp. Humidity Windy Play
Sunny Hot  High False No
Sunny Hot  High True No
Overcast Hot  High False Yes
Rainy Mild  High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal True No
Overcast Cool Normal  True Yes
Sunny  Mild  High False No
Sunny | Cool Normal False Yes
Rainy Mild  Normal False Yes
Sunny Mild  Normal True Yes
Overcast Mild  High True Yes
Overcast Hot  Normal False Yes
Rainy  Mild _High True No

EHER(DHEME) Z5THELES

Outlook Temperature

Humidity

Windy Play

Yes No Yes No

Yes No Yes No Yes No

Sunny 2 3 Hot 2 2 |High
Overcast4 0 Mid 4 |2
Rany 3 2 Gool 3 1

Normal |6 1 True 3 3

3 4 False 6 2 9 5

Sunny 2/9 3/5 Hot  2/9 2/5 High

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

Overcast4/9 0/5 Mild 4/9 2/5 Normal

3/9 4/5 False 6/9 2/5 9/145/14)
6/9 1/5 True 3/9 3/5

Outiook | Temp. Humidty Windy Py |
Sunny Mot High _False Mo
Sunny Mot [High True Mo
Overcast Hot _High False Yes
Rainy Mid |Hgh Fase Yes

Rainy Cool Normal [Falss Yes
Rainy Cool Normal True  No
Overcast Cool Normsl True  Yes

Sunny Mid_|High False No
SunnyCool |Normal [Falss Yes

Rainy  Mid_|Normal [Falss Yes

Sunny Mid_|Normal True Yes
Overcast Mid_|High | True _Yes
Overcast Hot  Normal False  Yes

Rainy _Mid_High __True _No

XEET=R

[Outlook | Temp.  Humidity Windy Play |
‘Sunny Cool High True ? |

Outlook=Sunny,...,Windy=True & A &B&ED
ENAREFLBEREN/ONILTHE

P(Play=yes | A, E)
=P( A |Play=yes, E ) * P(Play=yes | E)
= P(Outlook=Sunny | Play=yes, E)
* P(Temp=Cool | Play=yes, E)
* P(Humidity=High | Play=yes, E)
* P(Windy=True | Play=yes, E)
* P(Play=yes, E) / P(E)
=(2/9) * (3/9) * (3/9) * (3/9) *(9/14) / P(E)
=0.0053 / P(E)

1/P(E) [FRISLALTELY; BT REBFTA
TITHBEAD.

Vyp =argmaxP(v, |, a,...,,

VeV

=argmaxP(a,,a,,...a, |v,, E)P(v; | E)
VeV

:ar%?:axP(t'/ | E)Hp(a, [v,,E)

TFANMFUTIVE

Outlook Temp. Humidity Windy Play
Sunny  Hot  High False No
Sunny Hot  High True No
Overcast Hot  High False Yes
Rainy Mild  High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal True No
Overcast Cool Normal  True Yes
Sunny  Mild  High False No
Sunny | Cool Normal False Yes
Rainy Mild  Normal False Yes
Sunny Mild  Normal  True Yes
Overcast Mild  High True Yes
Overcast Hot  Normal False Yes
Rainy  Mild _ High True No

XEET=R

[Outlook |Temp.  Humidity Windy Play |

FAMUTIVE

‘Sunny Cool High True ?

P(Play=no | A, E)
=P( A | Play=no, E ) * P(Play=no | E)
= P(Outlook=Sunny | Play=no, E)
* P(Temp=Cool | Play=no, E)
* P(Humidity=High | Play=no, E)
* P(Windy=True | Play=no, E)
* P(Play=no, E) /P(E)
=(3/5) * (1/5) * (4/5) * (3/5) *(5/14) /
P(E)
=0.0206/ P(E)

% _EB0: http://www.ucsactive.org.uk/pages/53_tennis.aspx

Outlook Temp. Humidity Windy Play
Sunny Hot  High False No
Sunny Hot  High True No

Overcast Hot  High False Yes
Rainy Mild  High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal True No

Overcast Cool Normal  True Yes
Sunny  Mild  High False No

Sunny | Cool Normal False Yes
Rainy Mild  Normal False Yes
Sunny Mild  Normal True Yes

Overcast Mild  High True Yes
Overcast Hot
Rainy Mild  High True No

Normal  False Yes




“KUILERTELLY IE P(E) &

play=yes| play=no
0.5%| E
79.5%
P(Play=yes, E) + P(Play=no, E) = P(E) ie.
P(Play=yes, E)/P(E) + P(Play=no, E)/P(E) =1 i.e.
P(Play=yes | E) + P(Play=no | E) = 1 i.e.
0.0053 / P(E) + 0.0206 / P(E) = 1 ie.
P(E) = 0.0053 + 0.0206

ELSDIFT,
P(Play=yes | E) = 0.0053 / (0.0053 + 0.0206) = 20.5%
P(Play=no | E) = 0.0206 / (0.0053 + 0.0206) = 79.5%

o fEoT, BEHEEFON

&‘EFE_:O Fcﬁ%

LB AEEHLTHE R | e P
TAIEICX] =}
MN—ELRISHEMN15E5%55m = P(Outlook=Sunny | Play=yes) *

S.-_.gH “I):.’7Iay=Ye5" DEE “Humidity = P(Temp=Cool | Play=yes) *

igh”)? e

— FEZ P(Humidity=High|Play=yes) P(Humidity=High | Play=yes) *
xon 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)
ARAE: TlEi<:

- $RTO) YFRE-BIEIE DHIC - - =
SR 1 £ % (Laplace Outlook’ D&EYS
correction &LV3); BIEDEE
- /JJ\QE.EK'G(;UL\. AESR)ICE _ (@+D/(9+3)) * (3+1)/(9+3)) *

K (AR EDEL) A5
(é)ﬁﬁ ChidtT Lap)lace (B+1)/(9+2)) * (B+1)/(9+2)) *(9/14) /

correction&lV3). P(E)
=0.007 / P(E)

- HOENEALIZ “ChITEIYL
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‘Windy' ®&YS
BIEDEL

RANERE: BHEENTEA

- HRE: B A DEILZWNEFDNHDEESHELHN?

— LIELIE, IR 0T RIS, BT LEETORMEENAF
TEBHEIFRSAEL

— Bl: EFEZ W
» <Fever = true, Blood-Pressure = normal, ..., Blood-Test= ?, ...>
o fBIF. ANEITHEMN oY, FHOTHEBENEN YT

— KGAIE: EI#ERE versus 5 AR
- ZER TORMEEOHERET D FEALLY)
« D TORMEOEEISALLEN(1ERZ D)

RANER &
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. ﬁll Outlook Temp. Humidity Windy Play
D) Cool _ High  True 2

P(Play=yes | E) P(Play=no | E)

=P(Temp=Cool | Play=yes) *
P(Humidity=High | Play=yes) *
P(Windy=True | Play=yes) *
P(Play=yes) / P(E)

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

=0.0238 / P(E)

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

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

=0.0343 / P(E)

P(E)&R&HMNI(L: P(Play=yes | E) =41%, P(Play=no | E) = 59%

HIE R £ D ER KL

 KHAHRE: BRBIIERSTELT (VSRENFS)
o ERDHHIRLSM) D/ASA—FE2{E. #EEL:

B H a=x= le,.
noig
+ FMEHER o2 " 2
67 =3 (x, - %)
n-13
- FEBHK f(x): 1 C(x-p)?
= 25°
f(x) Tiro e

RXR[ETZADHI(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 3 2 68 65 80 70

Sunny 2/9 3/5 mean 73 74.6 mean 79.1 86.2 False 6/9 2/5 9/145/14)
Overcast4/9 0/5 stddev 6.2 |79 stddev 102 9.7 True 3/9 3/5
Rainy 3/9 2/5

TEEfE
_(66-73)°

e 762 =(.0340

f (temperature = 66| yes) =

1
V276.2




FLOB O3

- ¥-ZBE: [Outlook Temp.  Humidity Windy [Play |
[sunny 66 90 True 2 |

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

P(Play=yes | 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(E)&ER&BE: P(play=yes | E) =20.9%, P(play=no | E) =79.1%

TE applet

* naive Bayes [3EIC BN ER THD. LHL.
EHBEFTLHD, TEE applet TS ESEL
BLTHES
- HEDREMNERDHESIFEAKDIEBATIEH S
- OFENEDLILEDTHEIMNE. FlE. F5HLT

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

FEHIDORE or Bt

© B = BEOWHRME
—ile B IXEDOE i BEEOHEME
- BfE = 2 OMEICRN DB

* doc = (a=w,,a=wy, ..., a,=w,)
- BRHIRE: HIFEDHEENHIMEERIT, TOM
[EXr v

« H5XE doc = (a=w,,a7Wy, ..., a,=w,) [ZTDNT
* Plamwylv) = P(a,=w,[v)) = P(wv) Vi,m
 P(AOCIy)=P(aywy, 4=, o 0w, )

=P(w, ‘Vj)TF(wl) P(w, |vj)TF(wZ)_“ P(w, ‘Vj)TF(wn)

T=12L TF(w) [XBEE w D doc [ZH 1T D HIRE S (term
frequency)

Naive Bayes (kD XEHLE

o H5 doc=(a=w,,...,a7Wy, ..., a,=w,) [ITDE
|dod
Vyp =argmaxP(v;) HP(a[ [v))

vV i=1

=argmaxP(v;) HP(wk |v/.)TF(”"’d"C)

v,V weVoc

f=1ZL. TF(w,doc)=docH Dw, D H IR E K
- BETROBEMBERER; 11U, n=25 Ry RO E
EHBER, n, ~75 A0, h 0 B HEEY

Pl ) =2
w, |v,)=—8l
SR n;+|Voc|

7ZILdYX L

procedure learn_naive_bayes_text(E: XE£SE, V: 15R&E8)
Voc =E IZBRNDETOHEEEL,—Y2 (stop word [FBR) DES
EdD) w &V D v $RTITONT, P(v) & P(wylv) EHET S:
N; =952 j DXEDH
N=XEn#HHK
P(v) = N/N
ng =752 j DEXEHOEEE w DHRY
0 =95 | ROEEHBRY
P(Wk|Vj) = (nkﬁl )/(UJ‘HVOCD

procedure classify naive_bayes_text(A: X&)
A o, Voo [TBVNBEEE IV T RTERE
return argmas,; .y P(v) [T, Plav))= argmas, oy P)) Ty cvoe POV, TFORA)




Twenty News Groups (Joachims 1996)

o BT IL—T10000FExE
s HHOXEE. HEDnewsgrouplZEIIRS

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

Twenty News Groups (Joachims 1996)

 Naive Bayes: 89% Y $HIE AR
— SAHBEE E4I100 f@ (the and of ...) [FBRE

o COESITIGEMAEFIBSBEES, XELXHEATHOICHHTH
L\BEE# stop words ELTRRETHDHER

— SEASEICEEVEERBRE
— BEof-BEEIX, #9 38,500 FF R
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NewsWeeder (Lang 1995)

BZ8EE “usenet articles that | find interesting”
=ZETD

A—HIERYb—1—REHFL EEIT, BIKESD
REEDTS

REOOW-XEZIEHIET S
REZEENIZDT-XEDSL £ 10% [ZH
REWVXENEENDEEE. A—FHEBIH
OXEESICTEFENLEED 3~4EE M o1

Lang, K (1995). NewsWeeder: Learning to Filter News. Proceedings of the 12th International
Conference on Machine Learning, 331-339, Lake Tahoe, CA.




