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2. Naive Bayes

G. Graham, “A plan for spam”, (2002)

CRORORONCO
)

Naive BayesET /L

p(x,,-+,xy | class) p(class)
Z [P(x1 y s Xy | class)p(class)]

class
_ p(x,,++,xy | class) p(class)
p(xp, 5 Xy)

~ p(ljcfflaS?N) Hp(x | class)

plclass|x, o, xy) =

p(xi | class) 1. classTxpHRTHXEH




a8 Al BE 2

N
Zatass =0g p(class) + Y log p(x; | class)
i=1

Bl-RAST T4 T

B = R AR WA A | TRIR
OO BREO EFW YLD HE-I0 AIH
& Louisiana Maryland
2006511 ASH 1332
editor@isetar.p
Rolex,Carte, Breting, Bgari

A Most Popular Watches!

Rolex, Cartier, Breitling, Bvlgari
Omega, Patek Philippe and many morel!!!
The best prices!!!

And also Most Popular Handbags & Purses
Tifany & Co. Jewelry and Pens!

ENTER HERE v

Bl RAST-TIBR) 5T

@

585 1| BE B D EL B By

N
gspam = log p(spam) + Zlog p(‘xi | Spam)

i=1

N
G =10g p(ham)+ " log p(x; | ham)

i=1

1l 28

e P(spam) = 0.3

e P(Rolex|spam) = 0.9, P(Rolex|ham) = 0.1

e P(Cartier|spam) = 0.9, P(Cartier|ham) =
0.1

N E=E, Rolex, Cartier® XFEH D Aoz A—
ILBET=, Thhispam THIEEEZRD K,

fiz

oj

e P(spam) = 0.3
e P(Rolex|spam) = 0.9, P(Rolex|ham) = 0.1
e P(Cartier|spam) = 0.9, P(Cartier|ham) =
0.1 N
Zopum = 10g p(spam) + Y log p(x; | spam)

i=1

=10g0.3+10g0.9+10g0.9=-0.614

N
Gham = 10g p(ham) + 3 log p(x, | ham)
i=1
=10g0.7 +1log0.1+10g0.1=-2.155

g spam > g ham




)]

« BRAESENEBIZHITAXENETE, AL
HENIBRTIEENEEICLDS,

s ZLCHEDODHBENMEEEL-ETIN
EZz2bN5,

3. ZIEETI

p(xy, -, xy | class) p(class)
plxy, - xy)

N
oc P(class)HHp(v | class)" ™)

i vex;

P(class | x;,--,xy)=

COTWVIFBET XGBEEOXE. n(x;,v) FXEX POVOHBREE.
p(v|class) IFclassHIZH T BFEVD B HEE (vo) HIRSAE /2 BEE HIR4E
E o)

=

(—RIZEAXEDRESONTAZEZEETIN. RORNADI-HIIXEDRSES
BLEWETLEEZD)

1l %8

« WebR—I#HETBUAITZEN LS IICH$ELT =
LYo

o P('EE"|BUR) =
0.7, PCEH"|BUATHELY) = 0.1, P(BUAR) =
0.1£9 5,

s HBEWebR—U Tl “BREVLSEEN20
BTV, COR—HABUEIZET 530
THAEERERD K,

fRE

G = log p(ELIR) + n(x,)log p(& HH| BA)
=1og0.1+2010g0.7 = —4.098
e, = log pEEOETAY) + n(x,v) log p(B R BAATALY)
=10g0.9+201og0.1=-20.046
p(EIR| 7T —4)~1.0

15l 28

s BELR—FDREVIZEIBUAITZEN LA )
Izﬁj\;ﬁbf:ll\o

« P('E|BUR) =
0.7, PC'E#R"|BUA THLY) = 0.1, P(BUR) =
0.1&£9 %,

s ALEBEDIDDLAR—ITIE, 12HDLR
—rTUEH7H40E], 22O DLAR—FTIE”
BH7A0ME, 3IDBDLKR—FTIE“EHE”
M25EH T - S5O LR—R AV 4R
BNESTHNAEZHTE,

fiz

oj

8 = log p(BiB) + X n(x,v)log p(EHH | BLIR)
0
X
= log0.1+401og0.7 + 01log 0.7 + 25l0g 0.7 = —11.069
o log p(BIET22\) + Xn(x,v) log p(EHH | BUR TR

x
=10g0.9 +401og0.1+ 0log 0.1+ 251log 0.1 = -65.046

p(BUR| T —4) ~1.0




el 8

« —DTHIIET —FH TclassDXEIZFK
nNEh-of=vhid B &p(viclass)=0&7%Y .
KEEMN0EE->TLES,

* B p(EFE| EGR) = 0.0
LHEESINTLESILSILEE

ZaYas

F4LOL-ETIL

« P(v[class)& iR EL TR, B(v,c)&T
%, ILICa, EHFDTALILATICHIET

P(class | x)c p(class)p(x | class) = p(cluxs)jp(ﬂ O)p(6 | class)d6

=P

(class) )T

Q. )

Ty @ +n(x)

z a, +n)‘ﬂ

I(a,)

5.B8HEITARATALILETIL

Hofmann, T,”Probablistic latent Sementic analysis”, Proc. of UAI99, pp.289-
296 REET )L, EMERVTHESN TS

(D.M. Blei, A.Y.Ng and M.l.Jordan:Latent Dirichret Allocation”, Journal of Machine
Learning Research, 3. pp.993-1022,2003)

« DIRAMNELITEEISRYIZE>THESN
5ET JLP(class|y)

P(x|.0)= [ pxlp)p(w | )y IR EMOMCAZ L

THETHENB

N K
=TI poierptelvrpw | dy

n=l c=1
BN e
k n=l k=1

[Tr@o
k

Latent Dirichlet Allocation

—

DT ST4HILETIL

O

@

%

D

o BUAIT—AxIEFAB YIS R (class) k IZRET BT 1oL 5
T p(x|pr, BIZHS ERTE

o DSRIFINGA—RI(INAIN—INSA—B) IS T4V oL
2 p(class = k|6, @) IZHESERTE

rEYIETILELTOER

—DDOXEL. EHDOFEE(BHEYFX; TopickMES) M
SERENTEY, BECLICHEDONMAELDERTE

Topic proportions and

Topics Document
op ocuments assignments

Seeking Life's Bare (Genetic) Necessities

http://www.cs.uma: /~wallach/talks/priors.pdf &Y

HEDDMALEXEPDFEE(VSR) DR MEHTE

rEVOTEDHEEE

kil

rEYD1 FEVY2 rEY3  FEVY4
“Arts” “Children” “Education”
NEW MILLION CHILDREN SCHOOL
FILM TAX WOMEN STUDENTS
SHOW PROGRAM PEOPLE SCHOOLS
MUSIC BUDGET CHILD EDUCATION
MOVIE BILLION YEARS TEACHERS
PLAY FEDERAL FAMILIES HIGH
MUSICAL  YEAR WORK PUBLIC
BEST SPENDING PARENTS TEACHER
ACTOR NEW SAYS BENNETT
FIRST STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA MONEY MEN STATE
THEATER PROGRAMS PERCENT PRESIDENT
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAITI
hitp://www.cs.umass.edu/~wallach/talks/priors.pdf &t




Naive Bayes v.s.Bayesian

Naive Bayes v.s.Bayesian
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8. BAN

(Bayesian network-augmented naive Bayes °
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K. J. Ezawa and S. W. Norton, "Constructing Bayesian networks to predict uncollectible telecommunications accounts” in IEEE Expert,
vol. 11, no. 5, pp. 45-51, 1996,
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p(flu) =0.2

p(fever|flu) = 0.7

p(fever|=flu) = 0.3

p(headache|fever, flu) = 0.6
p(headache|fever, -flu) = 0.4
p(chills|fever, flu) = 0.8
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Irw = logp(flw) + logp(fever|flu)
+logp(headache|fever, flu)
+ log p(chills|fever, flu)
=log0.2 +1og 0.7 +1og 0.6 + 10g 0.8 = —1.172

s = logp(—flu) +logp(fever|—fiu)
+logp(headache|fever, = flu)
+ logp(chills|fever, aflu)
=log 0.8 +10g 0.3 +log 0.4 + log 0.5 = —1.319
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Irw = logp(flw) +logp(—fever|fiu)
+logp(headache|~fever, flu)
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=log 0.2 +1og 0.3 +1og 0.2 + log 0.2 = —2.619
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+logp(chills|~fever, = flu)
=1log 0.8 +10g 0.7 + log 0.1 + log 0.1 = —2.252
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Alexandra M. Carvalho, Teemu Roos, Arlindo L. Oliveira, and Petri
MyllymJaki. Discriminative learning of bayesian networks via
factorized conditional log-likelihood. Journal of

Machine Learning Research, 12: 2181-2210, 2011.
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log P(G| X) < iiz‘:ilogP(x‘ =k|Il,=j,C=c,G)

i=1 j=1 c=1 k=1

_ ZZZ og //k) +10gr2r(a'/A +n,,x)
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Algorithm 1 : Compute local scores.
function MAIN(X,C)
getLocalScores(X, C)
end function
function CETLOCALSCORES(W ,C)
for all X; € W do
I« W\ {X:}
LS[X,|[I] « P(X,|ITE, C)
end for
if W] > 1 then
for all X; € W do
getLocalScores(W \ {X;}.C)
end for
end if
end function

BREHRR 7ILIVXL

Algorithm 2 : Find best parent sets for each feature variable.
function MAIN(X, C)
for all X; € X do
GetBestParents(X;, X ,C, LS)
end for
end function
function GET BESTPARENTS(X;, X, C, LS)
for all Z C X \ {X;} in lexicographic order do
bpsli][Z] + ZUC
bssli][Z] « LS[X|][Z U C]
for all Z' which |Z\ Z'| =1 do
if bss[Z' U C] > bss[P,1UC] then
bps[i][Z U C] + bps[Z' U C]
bsslil|Z U C] « bss[Z'UC
end if
end for
end for
end function
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Table 1: Description of data sets used in the experiments
Features ses [ Sample size
I 3 625
1 3 132
Lenses 1 3 2
banknote authentication 1 2
Car Evaluation 6 1
MONK’s Problems 6 2
muxG 6 2
LED Display Domain 7 10 3200
Nursery 8 5 12060
TicTac 9 2 958
Breast Cancer 9 2 286
threcOf9 9 2 512
Breast Cancer Wisconsin 9 2 699
Solar Flare 10 9 1380
mofn 10 2 1324
parity5+5 10 2 1024
EEG 1 2 14980
Congressional Voting Records | 16 2 135
vote 16 2 435
00 16 5 101
Clim 18 2 510
TmageSegmentation 18 7 2310

Table 2: The accuracies of each classifier for 22 data sets

Dataset NB TAN  TAN- gANB- eGBN- eANB- | CI-
fCLL  BDeu BDen BDeu | rate
Balance 0.9152 0.8656 0.8672 0.9152 0.9152 1.00
0.7879 0.6667 0.6280 0.7879 0. 0.75
0.7500 0.6667 0.5833 0.7500 0.8333 0.7500 | 0.75
banknote authentication 0.8432 0.8819 0.8819 0.8724 08812 0.8812 | 0.5
Car Evaluation 0.8571 0.9450 0.9450 0.8814 0.9416 0.9427 | 0.67
MONK’s Problems 0.7500 1.0000 1.0000 1.0000 1.0000 1.0000 | 0.17
mux6 0.5469 0.6406 0.5938 0.5469 0.0313  0.5469 | 0.00
LED Display Domain 0.7294 0.7319 0.7369 0. 4 0.7413 0.7294 | 1.00
Nursery 0.9033 0.9348 0.9348 0.9140  0.9340 0.9181 | 0.375
TicTac 0.6920 0.7610 0.7317 0.7317 0.8340 0.8497 | 0.11
Breast Cancer 0.7168 0.6713 0.6504 0. 0.6958 | 0.44
threeOf9 0.8164 0.8516 0.8516 0. 0.8730 | 0.22
Breast Cancer Wisconsin 0.9742 0.9628 0.9528 9742 | 1.00
Solar Flare 0.7811 0.8200 0.8258 0.8229 | 0.30
mofn 0.8527 0.9335 0.9290 0.8716 | 0.70
parity5+5 0.3633 0.3135 0.2998 1.0000 | 0.00
EEG 0.5778 0.6274 0.6305 X 0.6864 | 0.00
Congressional Voting Records 0.8989 0.9494 0.9172 0. 0.9586 | 0.87
vote 0.9034 0.9402 0.9149 0. 0.9494 | 0.87:
200 0.9802 0.9505 0.9604 0.9307  0.9604 0
ClimateModel 0.9222 0.9278 0.9259 0.9000  0.8426
TmageSegmentation 0.7290 0.7983 0.8017 0.7784 0.8156 0.8225
average 0.7860 0.8114 0.7983 0.8133 08320 0.8637 | -
Z-value 2637 1.7205 1.7546 1.6636 03702 - -
p-value <.01 <.05 <.05 <.05 36 - -
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