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Naive Bayes Models

A Probabilistic Model

* A Generative Model

* Known as the “Naive” Assumption
e Suitable for Discrete Distributions

* Widely used in Text Classification, Natural Language
Processing and Pattern Recognition
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Generative vs. Discriminative

e Discriminative Model e Generative Model

It models the posterior It models the joint probability

probability of class label given of class label and observation

observation p(y|x) p(X, ¥), and then use the Bayes
rule (p(y|x)=p(x,y)/p(x)) for
prediction.
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Naive Bayes Assumption

Class prior probability

p(x.y = ¢) =(p(y = ¢Jp(xlc)

e A Mixture Model

Class-conditional probability

* Bag-of-words (BOW) representation

X = ((1)1, Wy, ..., (l)lxl)
|x]

p(xley) = p(wn, @z o, wile) = | [ p@nley)
=1
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Multinomial Event Model

NUSTM

Machine Learning Course, NJUST



Model Description

* Hypothesis

p(y=¢)=m;

x|

p(xley) = plln, w2 - onallg) =] [ptente)

]_[p(t eV = H /()

Model Parameters

* Joint Probability
p(x,y = ¢) = p(c;)n(xlc;) =@Uti’x)
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Likelihood Function

* (Joint) Likelihood

N
L(m,6) = log Hp(xk,yk)
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Maximum Likelihood Estimation

e MLE Formulation

max L(m, 0)
17,0
(«—C
Z T[j =1
j=1
%
Z 9i|j=1,j=1,...,C
\ i=1

* Applying Lagrange muItipIiers

= L(m,0) + a(1 _in]) +Z:BJ (1- ZBLU)

j=1

- ii I(yx = ¢;)[logm; + ZN(t x)logh;;] + a<1 iﬂ;) +Zc:ﬁj (1 - Z": 9i|j>
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Close-form MLE Solution

e Gradient
0711 Zl(yk = c])——a =0

N
Z (YR—CJ) (G xk)_ﬂj—o

=1 l|]

69”]

e MLE Solution
_ k=11(ye = ¢)) _N
! 1;2,:12?':11(3% = Cj) N

= Yh=1 (v = CJ') N (L, xi)
"V Yi=1 (e = ¢;) iy N(tu, x)
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Laplace Smoothing

* In order to prevent from zero probability
V
— — N(ti,X)
p(x,y =¢)=m 1_[9”]'
i=1

* Laplace Smoothing

Yh=11(yi = Cj) N(t;, xi) — Zie=1 1 (v = Cj)
L= !
ilj 215:1 2112’:11(3% = Cj)N(tinxk) Z§’=1Zg=1l(yk = Cj)

v v

legﬂ I(Yk = Cj) N(t;,x,) +1 _ 212’:1 1()’k — Cj) +1

0

0

S = T; =
ilj Zlillzl 2121:11(3% — Cj)N(tink) +V ! Z?’=1 ley=11(yk = C]) +C
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Multi-variate Bernoulli Event Model
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Model Description

* Hypothesis
p(y=¢)=m
p(xly = cj) = plgtl,tz, ...,tV|cj)

= [I(tiex)p(ti|cj) + I(t;¢x)(1 — p(ti|cj))]
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= | |Hex)pmy; + 1(E€x)(1 — py)5)]
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J.L 4
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* Joint Probability

V
p(x, ¢;) =@H[l(ti6x)+ I(t;€x)(1 — py5)]
i=1
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Likelihood Function
e (Joint) Likelihood
L(m,pu) = logl_[p(xk,yk)
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Maximum Likelihood Estimation

e MLE Formulation

max L(n 7y

-

j=1

* Applying Lagrange multipliers

5
=1
N ¢ 4 c
= z z I(yr = ¢) <logﬂj + z I(tiexy) logpy; + 1(t;€x)log(1 — Mi|j)> ta (1 B z ”J’)
k=1 j=1 i=1 j=1

NUSTM

)

]=L(n,u)+a<1

Machine Learning Course, NJUST 14



Close-form MLE Solution

e Gradient

k=1

Opijj & Hilj 1=y

e MLE Solution
o Yk=11(yk = ;) _N
! R=1 Z§'=1I(yk = Cj') N

= Yr=11(vk = ¢;) I(tiexy)
v Zg:ll(:Vk = Cj)
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Laplace Smoothing

* In order to prevent from zero probability

|74
pCre) = | [Ute0m; + 1ten A - uy))]

i=1

* Laplace Smoothing

o Yo Iy = cj) I(t;exy) . k=1 1(vic = Cj)
o Sk=11(ve = ¢) RN EY EYCIEL)
i = k=11 (Vi = ¢;) I(tiex;) + 1 = k=1 1k = ¢;) + 1
- Zg:ﬂ()’k = Cj) + 2 ! ]C"=1 ZIIX=1I(3’R = Cj) t+C
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Text Classification as An Example
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Data sets

* Training data

ID Text Label
di 1 Chinese Bei1jing Chinese C
d,.2 Chinese Chinese Shanghai C
di3 Chinese Macao C
d.4 Tokyo Japan Chinese J
* Test data
D Text
di1 Chinese Chinese Chinese Tokyo Japan
d..2 Tokyo Tokyo Japan Shanghai

NUSTM
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Class labels
cl =C;
c2=1]

Feature vector

t] = Beyjing

t2 = Chinese

t3 = Japan

t4 = Macao

t5 = Shanghai
t6 = Tokyo
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Multinomial Naive Bayes

* Training
Doc | tl t2 t3 t4 t5 t6
cl | 3 1 5 0 1 | 0
Term Frequency
c2 |1 0 1 1 0 0 1
o cl | 3/4 2/14 | (5+D/(1+5+1+1+6)=6/14 | 1/14 | 2/14 | 2/14 | 1/14
Probability . . . . _ .
2| 14 | 19 | (+1)/(1+1+1+6)=2/9 29 |19 | 1/9 | 2/9
 Prediction
Un-normalized Normalized
P(cl|d.]) (3/4)*(6/14)"3%(1/14)*(1/14)=0.0030121 | 0.689757
P(c2|d,.1) (1/4)*(2/9)"3%(2/9)%(2/9)=0.0013548 0.310243
P(cl|d.2) (3/4)%(1/14)"2%(1/14)%(2/14) 0.113547
P(c2 |dt52) (1/4)*(2/9)"2*%(2/9)*(1/9) 0.886453
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Multi-variate Bernoulli Naive Bayes

* Training

Doc | tI | 2 t3 [t4 |5 |6
cl | 3 1 3 0 | 1 0
Document Frequency
c2 | 1 0 1 | 0 0 1
- cl | 3/4 |25 G+1)/GB+2)=4/5 | 15| 2/5 | 2/5 | 1/5
Probability . , . . .
2 | 1/4 [ 13| a+1)ya+2=2/3 | 23 | 13| 1/3 | 213
* Prediction
Un-normalized Normalized
P(cl|d.1) (3/4)*(1-2/5)*4/5%1/5%(1-2/5)* (1-2/5)* 1/5=0.005184 | 0.1911
P(c2|d..1) (1/4)*(1-1/3)*2/3%2/3*(1-1/3)* (1-1/3)*2/3=0.02195 0.8089
P(cl|d,.2) (3/4)*(1-2/5)*(1-3/5)*1/5*(1-2/5)*2/5*%1/5=0.001728 0.2395
| P(c2|d.2) (1/4)*(1-1/3)*(1-2/3)*2/3*(1-1/3)*1/3%2/3=0.005487 0.7605

=
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Xia-NB Software

* Functions
— Written in C++
— Support multinomial and multi-variate Bernoulli event model
— Laplace smoothing
— Uniform data format like SVM-light/LibSVM
— Fast running with sparse representation

e Download
https://github.com/NUSTM/XIA-NB
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Project

* Implement naive Bayes algorithm with

— Multinomial event model
— Multi-variate Bernoulli model

* Running the algorithm based on the training & testing
data given in Page 18.

 Compare the naive Bayes algorithm with logistic
regression (by using Bag-of-words to represent the data).
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5 e

Questions?




