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Three major sections for classification

» We can divide the large variety of classification approaches into
roughly three major types

1. Discriminative
directly estimate a decision rule/boundary

e.g., support vector machine, decision tree, logisticregression;
e.g—heural-networks (NN), deep NN

» 2. Generative:

build a generative statistical model
e.g., Bayesian networks, Naive Bayes classifier

3—-nstance basedclassifiers
- Use observation directly (no models)

-—e.g—K-nearestneighbors
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Roadmap : Generative Bayes Classifiers

v’ Bayes Classifier (BC)

‘ =  Generative Bayes Classifier
v’ Naive Bayes Classifier

m v’ Gaussian Bayes Classifiers
= Gaussian distribution

= Naive Gaussian BC
= Not-naive Gaussian BC = LDA, QDA
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Review: Bayes classifiers (BC)

* Treat each feature attribute and the class label as random variables.

- Testing: Given a sample x with attributes ( x4, X, ..., X, ):
» Goal is to predict its class c.
» Specifically, we want to find the class that maximizes p( ¢ | x4, X2, ..., Xp ).
» Training: can we estimate p(C; |x) = p( C; | x4, Xo, ... , X, ) directly from
data?

g—

Coiup =argmaXP(cj le,xz,...,xp) < MAP Rule

cJEC
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Two kinds of Bayes classifiers
via MAP classification rule

e Establishing a probabilistic model for
classification

— (1) Discriminative

— (2) Generative
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Review: Discriminative BC Skl ¢ =

— (1) Discriminative model a‘f\
argmaxP(c [X), C={c ,,c,}
ceC
P(c,1x) P(c,!x) P(c, Ix) v\'\h\‘h el (8¢
I I eoe I

Discriminative ﬁﬁé‘y(

Probabilistic Classifier -
y\QzM%/W
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(2) Generative BC

o
P(X|C),
C:Cl’...’CL’X :(Xl,...’Xp)
P(xlc,) P(xlc,) P(xlc,)

] 1— —
Generative Generative Generative
Probabilistic Model Probabilistic Model coe Probabilistic Model
for Class 1 for Class 2 for Class L
I I (N N ) I I I 00 I I I 00 I
X1 X Xp X1 X Xp X1 X Xy

X=(x1,x2,“-,xp)

3/29/22 Adapt from Prof. Ke Chen NB slides



Review Probability: If hard to directly estimate from
data, most likely we can estimate

* 1. Joint probability
e Use Chain Rule

Q(“\

* 2. Marginal probability )\C’:\
» Use the total law of probability /Q( R ~ 3
Y x — ,? (X

* 3. Conditional probability /\)( C%\x
* Use the Bayes Rule

3/29/22



One Example:

Assume we have a dqu box with 3 red balls and 1 blue ball. That is,
we have the set {r,r,r,b}. What is the probability of drawing 2 red balls
in the first 2 tries?

P(Bl — ’I“|BQ — 7“)

10/21/19 Dr. Yanjun Qi / UVA CS

Adapt from Prof. Nando de Freitas’s review slides



One Example: Joint

we have the set{r,r,;r,b} \What is the probability of drawing 2 red balls

Assume we hav@box with 3 red balls and 1 blue ball. That is,
in the first 2 tries:

P(B,=r,B,=r1) = K)(@("m F(Béck\&":o_

_ 3 2 _
-t Ty T2

10/21/19 Dr. Yanjun Qi / UVA CS

Adapt from Prof. Nando de Freitas’s review slides



Review : Bayes' Rule
— for Generative Bayes Classifiers

P(CIX)= P(XI1C)P(C)
P(X)
P(Clx), P(Calx), ..., P(CL|x) P(C4), P(C2), ..., P(C)
P(X|C )P(C
pic ) = PEICIPC)

P(X)



Review : Bayes’ Rule
— for Generative Bayes Classifiers

P(C1X)=

P(XIC)P(C)

P(X)

P(C1lx), P(Calx), ..., P(Ci|x)

P(C |X) =

2222222

<@

P(C;), P(C,), ..., P(C,)

e

(X]C)P(C))
P(X)




Summary of Generative BC:

— Apply Bayes rule to get posterior probabilities

X=xIC=c,)P(C=c,)
P(X=x)
o« PX=xIC=¢,)P(C=c,)

fori=12,-- L

P(C:ciIX:x):P(

— Then apply the MAP rule

3/29/22 Adapt from Prof. Ke Chen NB slides



Summary of Generative BC:

— Apply Bayes rule to get posterior probabilities

a\rjm)({c e 1X = 2X= XE'CC: )

o« P(X=xIC=c,)P(C=c)

fori=12,-- L .‘Y
- &C‘ )Cl " CL
—  Then apply the MAP rule ?(X Cs) A€ /

IY( A)

3/29/22 Adapt from Prof. Ke Chen NB slides



1

Xy

Establishing a probabilistic model for classification through generative
probabilistic models

argmax P(C | X)=argmaxP(X,C )=argmaxP(X|C )P(C)
C. C. C.

1 1 1

P(xlc,) P(xlc,) P(xlc;)

1 1 1
Generative Generative Generative
Probabilistic Model Probabilistic Model coe Probabilistic Model
for Class 1 for Class 2 for Class L
I | N N ) I I I 00 I I I [ N N

X, Xp X1 X, Xy X1 X

X = (X}, %y, " X,)

1

X

p

Adapt from Prof. Ke Chen NB slides



Generative Bayes Classifier

Data

1

Task

v
|| Representation

v
Score Function

this
:r """""""""""""""""""" lecture!
| Tabular g

classification

1

Prob. models p(X|C) §
P(X,,,X,1C)]

EPE with 0-1 loss =2
MAP Rule

v
Search/Optimization

\4

Models,
Parameters

!

|| Conditional Pr

v
MLE based (mostly)

\ 4
Prob. Models’
Parameter

__________________________________________________________________

argmax P(C_k|X)=argmax P(X,C)=argmax P(X |C)P(C)
k k
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iy oy &g ,C A Dataset for

classification

———\ -—— =y

fiXi—ic
Output as Discrete
Class Label
C.,C, ....C,
|| Discriminative argcglaxp(ch) C:{Cl’”.’CL}
|I argmax P(c|X)=argmaxP(X,c)=argmaxP(X |c)P(c)
ceC ceC ceC

this Iecture!
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An Example

Example: Play Tennis

3/29/22

PlayTennis: training examples

X X, X

C

Day Outlook  Temperature =~ Humidity =~ Wind | PlayTennis
D1 Sunny v Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes

D10 Rain Mild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
I@ Rain Mild High Strong No

X

X2

X3

24

C




Learning Phase:

e Example: Play Tennis

Ko=)

X
Yol )

MM )

(x9\ |
X /%

\«l2L

y T

3/29/22

$)

&7

Zib( 2 X
ot C
PlayTennis: training examples
Day Outlook  Temperature ~Humidity =~ Wind | PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny - Cool Normal Weak Yes
D10 Rain M'ild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No




X erz5 Zq" C1

S H H W Y
5 N N S Ci=\6S
R C CzsND

; 3 3 2 ;FT 2 =p T2 paohdes
-é’\’( 2R lu\c_) PCc) me\.‘%

- N(%sy. ._i_
i"’ CC= \ng)) - N(trin) T ‘g \‘)“(b
( C: No) = | = PCc=YeS) = \'\H
{ L \*‘(//g

D » (R S) R=H, %3=H, gq = IW\C—NQ V\
%(&—G K= \—\\’Zv, H ’Z&v\k\\(-—‘(%\——a‘O—



» Learning: maximum likelihood estimates
— simply use the frequencies in the data

Q%- /?(O\)(’/"(ﬁ\s’ﬁ ) l/\bj(/ A('ﬁk/ mp\j( } \(€5> _ _67_

Directly

PlayTennis: training examples estimate from

. data via

Day Outlook  Temperature = Humidity =~ Wind | PlayTennis .
counting

D1 Sunny Hot High Weak No @3 )
D2 Sunny Hot High Strong No l/\ 'k l/l‘ ]/\ Wos i/
D3 Overcast Hot High Weak Yes /(, (OU&*(/A‘( ) o\, U / t‘lﬂ)
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes O
D6 Rain Cool Normal Strong No - T
D7 Overcast Cool Normal Strong Yes 7
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes Check MLE
D11 Sunny Mild Normal Strong Yes Lecture for
D12 Overcast Mild High Strong Yes Why
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No




P(Y/,Xz )XE,Y¢ l Té§)

V(X/)XL/ YS/XCL “\ID)
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36y

=3 PlayTennis: training examples
=

P

Day Outlook | Temperature ~ Humidity ~ Wind (ﬁlayTennis)
D1 Sunny \/\‘/ Hot High Weak io‘/
D2 Sunny Hot High Strong No

D3 Overcast Hot High Weak E

D4 Rain l Mild High Weak Yes

D5 Rain Cool Normal Weak Yes

D6 Rain Cool Normal Strong No

D7 Overcast Cool Normal Strong Yes

D8 Sunny v~ Mild High Weak No

D9 Sunny Cool Normal Weak g’;‘;
D10 Rain Mild Normal Weak Yes

D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong N

ByB X 2 N2 :9(9



Generative Bayes Classifier:
e Learning Phase D a lek g bt 5% rond . OB

P(Cy), P(Cy), ..., P(CL)

P(Play=Yes) =9/14 P(Play=No) = 5/14

P(X17X2 PIEEED X,D|C1)l P(X17X2 PIEEED X,O|C2)

Play=Yes Play=No
sunny hot high weak 0/9 1/5
sunny hot high strong ../9 ../5
sunny hot normal weak ../9 .../5
sunny hot normal strong ../9 .../5

3/29/22

3*3*2*2 [conjunctions of attributes] * 2 [two classes]=72 parameters




Generative Bayes Classifier:

Learning Phase

P(C;), P(C,), ..., P(C.)

1)

Q-, Eyj’;(L Oil“;mﬁty 2:,---_2,

’FN?ok

\ = C (W ) dowi)L

(Cl)

P(Play=Yes) =9/14
P(X11X27"'1 X,O|C7)i P(X11X27"'1 ﬁlCZ)

e

il

——

P(Play=No) = 5/14

o Ock g atle & cadpob

Play=Yes Play=No
sunny hot hlgh weak 0/9 1/5
sunny hot high strong ../9 ../5
sunny hot normal weak ../9 .../5
sunny hot normal strong ../9 .../5

3/29/22

3*3*2*2 [conjunctions of attributes] * 2 [two classes]=72 parameters



Generative Bayes Classifier:

e Testing Phase

7 / /
* — Given an unknown instance th —(al,---,ap)

— Look up tables to assign the label c* to X, if

Last Page:
the learned
model

D 7 ’
P(al ) .ap

c')P(c")>P(a],d |c)P(c),
C#C ,C=C,C,

— @Given a new instance,

/\e(xr\\{%) V(Cﬁ\(@») - arﬁww\% =) WQNL‘(’M)\ C%é
R (K| ) RGN C
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Today Recap: Generative Bayes Classifiers

v’ Bayes Classifier
" Generative Bayes Classifier

‘ v’ Naive Bayes Classifier

v’ Gaussian Bayes Classifiers
" Gaussian distribution
= Naive Gaussian BC
= Not-naive Gaussian BC = LDA, QDA
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Generative Bayes Classifier

e Bayes classification

argmaxP(x ,x,,...,x |c )P(c)
c,C ~— —p ¢L. J
2!2){-. YZ :2PKL

Difficulty: learning the joint probability

e Naive Bayes classification

— Assumption that all input attributes are conditionally independent!

(uhen  gven Ci)

3/29/22



Naive Bayes Classifier

»
] ) 910 19

o« o . /
e Bayes classification /7\

argmaxP(x_,x,,.. oX | cj)P(cj)
CjeC -

Difficulty: learning the joint probability

e Naive Bayes classification

— Assumption that all input attributes are conditionally independent!

SIU en C Va/(‘a/fakﬂ
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Naive Bayes Classifier

e Naive Bayes classification

— Assumption that all input attributes are conditionally independent!

(msswﬁrﬂ‘\/&

P(X1, X2, Xp|C)= P(X1|C)P(X3|C) -+ P(X,|C)

PUC5| &1, Bp) L BB A, - R |G5) B G)
\’vm\cw&\d P& X|c Wc))

2222222



Learning Phase:

e Example: Play Tennis

Ko=)

X
Yol )

MM )

(x9\ |
X /%

\«l2L

y T

3/29/22

$)

&7

Zib( 2 X
ot C
PlayTennis: training examples
Day Outlook  Temperature ~Humidity =~ Wind | PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny - Cool Normal Weak Yes
D10 Rain M'ild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No




V
2 X L ‘P(Xu c) X, - 3x[
o _ SXeS) _ 2 X5 : 3x
e e o I A
Ri=0Q |:Tes [ Xz : 2%
Xi= R |C=T&5 3 Xy : 2v|
X=S | C-No [NGN _ 2 ,
— © | C=No A2 [=2 PG | P(EN)
R | ¢=No - §
- T | e

qe
W%Saw?“%%ﬁ +2 +2> L.
1 \N a1 e 201 +Z

= penk



Estimate P(Xj =X, |C =c.) with examples in training;

P(X2|C1), P(X2lC2)

Play=Yes | Play=No Play=Yes Play=No
sunny Hot
Overcast Mild
Rain Cool
P(X4C1), P(X4C
Play=Yes | Play=No (X4 C1), P(X4Co)
Play=Yes | Play=No
High
Strong
Normal
Weak

P(Play=Yes) = ??

P(Play=No) = ?7

P(Cy), P(Cy), ..., P(CL)




Naive Bayes Classifier

e Naive Bayes classification

— Assumption that all input attributes are conditionally independent!

P(X,, X, X |C)= P(X,|C)P(X,|C)-P(X |C)

— MAP classification rule: for a sample X = (X1'X2"°"Xp)

[P(x, | ) P(x, | ¢)P(c)> [P(x,1¢)---P(x, 1c)]P(c),

*
C#EC, C=C, " C;



Naive Bayes Classifier

e Naive Bayes classification

— Assumption that all input attributes are conditionally independent!
P(X,,X, X |C)= P(X,|C)P(X,|C)-P(X |C)

2) )

— MAP classification rule: for a sample X = (X1'Xz""'xp)
[P(x, | ) P(x, | ¢ )]P(c’)> [P(x,1¢)---P(x, 1c)]P(c),

CHCLC=Gey piopxl ) poala) - AelS)

(AL
7 AL




Naive Bayes Classifier

Naive Bayes classification

— Assumption that all input attributes are conditionally independent!
P(X,,X, X |C)= P(X,|C)P(X,|C)-P(X |C)

2) )

— MAP classification rule: for a sample X = (X1'X2""'Xp)

[P(x, | ) P(x, | ¢)P(c)> [P(x,1¢)---P(x, 1c)]P(c),

3/29/22



Naive Bayes Classifier (for discrete input attributes)
— training/ Learning phase

— Learning Phase: Given a training set S,

For each target value of ¢, (¢, =c¢,,"*,c;)

P(C = ¢,) < estimate P(C = ¢,) with examples in S;

3/29/22



Naive Bayes Classifier (for discrete input attributes)
— training/ Learning phase

— Learning Phase: Given a training set S,

For each target value of ¢, (¢, =c¢,,"**,c;)
P(C = ¢,) < estimate P(C = ¢,) with examples in S;
For every attribute value x i of each attribute X ; (j=1,p; k=1, K ].)

ﬁ(Xj =x, |C=c,)<estimate P(X, = x, |C =c;) with examples in §;

Output: conditional probability tables; for X;: K; XL elements

3/29/22



Naive Bayes Classifier
(for discrete input attributes) - training

: Given a training set S,

For each target value of ¢, (c.=c,--,c, )
— 13(C =c )< estimate P(C =c ) with examples in S;
For every attribute value X, of each attribute Xj (j=1,-p; k=1,--- K j)

— 13(X =X, . |C=c )< estimate P(X =X, . |C=c.) with examples in §;

4 %% . )

3/29/22



Nalve Bayes
(for discrete input attributes) - testing

- Given an unknown instance

Look up tables to assign the label c* to X' if X' = (al'; . -,a;)

[P(a] 1)+ P(a, I cHIP(c") > [P(a]1c)-+ P(d, | ¢)]P(c),

3 10 obyp PCX C\) ‘7( >
= p(a lcm?mllﬁ V(“P‘@V

3/29/22 i;\>1/ r L
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Learning (training) the NBC Model
ORI

> O
p(Ri=Ht

/22




Learning (training) the NBC Model
P, 7,

* maximum likelihood estimates:
 simply use the frequencies in the data

. N(C=c))
P(c,)= v /
. N(X. =x.,C=c.
P(}Ci |CJ) _ ( l xl C])

N(C=c;)



Learning (training) the NBC Model

DG @
)

* maximum likelihood estimates

1 (Xj=x,

Nets
 simply use the frequencies in the data e
. N({C=c,)
Pep=—
J N ﬁe

A N(Xl:xl9C:C) *,‘k
O e e G
- (C=c;)




PlayTennis: training examples

Day Outlook  Temperature = Humidity = Wind | PlayTennis

D1 Sunny Hot High Weak No

D2 Sunny Hot High Strong No /I? ( X |= Rﬂ‘}\ / C= TC§>
D3 Overcast Hot High Weak Yes

D4 || (Rain ) Mild High Weak Yes CT 2
D5 CRain ') Cool Normal Weak Yes ul - —
D6 Rain Cool Normal Strong No 7
D7 Overcast Cool Normal Strong Yes <

D8 Sunny Mild High Weak No

D9 Sunny Cool Normal Weak Yes &1

D10 CRain —J Mild Normal Weak Yes &+

D11 Sunny Mild Normal Strong Yes -

D12 Overcast Mild High Strong Yes £+

D13 Overcast Hot Normal Weak Yes &

D14 Rain Mild High Strong No

3/29/22
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Estimate P(Xj =X, |C =c.) with examples in training;

P(X2|C1), P(X2lC2)

Play=Yes | Play=No Play=Yes Play=No
Sunny 2/9 3/5 Hot 2/9 2/5
Overcast 4/9 0/5 Mild 4/9 2/5
Rain 3/9 2/5 Cool 3/9 1/5
Play=Yes | Play=No P(X4C1), P(X4|C»)
' Play=Yes | Play=No
High 3/9 4/5
Strong 3/9 3/5
Normal 6/9 1/5

3+3+2+2 [naive assumption] * 2 [two classes]= 20 parameters

P(Play=Yes) =9/14 P(Play=No) = 5/14 P(C,), P(C,), ..., P(C,)



PO X, Xe | )
Estimat P(Xj =X, |C =c.) with examples in training;
2 P(X2|C1), P(X3|C2) >
PIay:l@ﬁ Play=Yes Play=No
sunny 2/9 3/5 Hot 2/9 2/5
Overcast 4/9 0/5 Mild 4/9 2/5 g
Rain 3/9 | 2/5 Coo 3/9 1/5
)
Play=Yes | Play=No PXACY), PXAC) L
: Play=Yes | Play=No
High 3/9 4/5
Strong 3/9 3/5 Z
Normal 6/9 1/5
Weak 6/9 25 | L1

3+3+2+2 [naive assumption] * 2 [two classes]F 20 parameters

P(Play=Yes) = 9/14

3/29/22

P(Play=No) = 5/14

PCC)

P(Cy), P(Cy), ..., P(CL)



Testing the NBC Model
Pk 1P [B(a ")+ P(a, | )IP(c)>[P(a] | c) -+ P(d, | ©)]P(c)

e Test Phase

— @Given a new instance,

3/29/22



Using the NBC Model
[P(a]|c")-+P(a’ | )IP(c")>[P(a] | c)- P(a) | )]P(c)

e Test Phase

— @Given a new instance,
X'=(Outlook=Sunny, Temperature=Cool, Humidity=High, Wind=Strong)

y PLCOR (S [60) plea [Pt Pl senlt

_ /17 5(7?
5 4l p( ns ;/7{(0 ) plhil) plsle

2222222



Testing the NBC Model

[P(a]|c")-+P(a’ |c)IP(c)>[P(] | ) P(a | )]P(c)

e Test Phase

— @Given a new instance,

— Look up in conditional-prob tables

P(Outlook=Sunny | Play=Yes) = 2/9 P(Outlook=Sunny|Play=No) = 3/5
P(Temperature=Cool|Play==No) = 1/5
Huminity=High|Play=No) = 4/5

(

P(Temperature=Cool|Play=Yes) = 3/9 (

P(Huminity=High | Play=Yes) = 3/9 P(

P(Wind=Strong|Play=Yes) = 3/9 P(Wind=Strong|Play=No) = 3/5
( (

P(Play=Yes) = 9/14 P(Play=No) = 5/14

3/29/22



[P(g;Ic")-B(a] | IP(¢)> [P(g; |) - P(a | e)1P(c)

e Test Phase

— @Given a new instance,

X'=(Outlook=Sunny, Temperature=Cool, Humidity=High, Wind=Strong)

— Look up in conditional-prob tables
P(Outlook=Sunny|Play=No) = 3/5
P(Temperature=Cool|Play==No) = 1/5
P(Huminity=High|Play=No) = 4/5
P(Wind=Strong|Play=No) = 3/5
P(Play=No) = 5/14

P(Outlook=Sunny|Play=Yes) = 2/9
P(Temperature=Cool|Play=Yes) = 3/9
P(Huminity=High|Play=Yes) = 3/9
P(Wind=Strong|Play=Yes) = 3/9
P(Play=Yes) = 9/14

—  MAP rule
P(Yes|x'): [P(Sunny|Yes)P(Cool|Yes)P(High|Yes)P(Strong|Yes)]P(Play=Yes) = 0.0053
P(No|x): [P(Sunny|No) P(Cool|No)P(High|No)P(Strong|No)]P(Play=No) = 0.0206

‘ Given the fact P(Yes|x’) < P(No|X’), we label X’ to be “No”.

3/29/22



Thank You

m—i 05

3



UVA CS 4774
Machine Learning

- B

S3: Lecture 16: Generative Bayes
Classifiers

Module Il

Dr. Yanjun Qi
University of Virginia

Department of Computer Science



WHY ? Naive Bayes Assumption

* P(Cj)
* Can be estimated from the frequency of classes in the
training examples.
* P(xy,X5...,.X,[C))
* O(/X1]. [X5]. [X3] e [X,].]C[) parameters
* Could only be estimated if a very, very large number of
training examples was available.

¢ P(Xk/Cj)
* O([/ X[+ [Xo[+ [X3].ot [X,]].]C[) parameters
* Assume that the probability of observing the conjunction

of attributes is equal to the product of the individual
probabilities P(x;| ;).

3/29/22



f
2 % [ P(X

) \ X, . 2%/
" Be Sum Ctes | NEWI_ 2 %

" c:‘\’es\‘ N(ves) ~ 9 2+ 371
Ri=R [C=Tes| oo
7-&:3 R S— 3 XL,_:ZYL
9] C=No L |
- R | ¢=No L=2\1>(C=‘re) e

o §
/‘* /v

\ W‘NQ I\
8(2&7-:’;\3«8 (3+3¢2 +2> L =
N Ja T e \»L -2 +7—

= rank



f
2 % [ P(X

) \ X, . 2%/
" Be Sum Ctes | NEWI_ 2 %

" c:‘\’es\‘ N(ves) ~ 9 2+ 371
Ri=R [C=Tes| oo
7-&:3 R S— 3 XL,_:ZYL
9] C=No L |
- R | ¢=No L=2\1>(C=‘re) e

o §
/‘* /v

\ W‘NQ I\
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WHY ? Naive Bayes Assumption

Agéuw‘“j \C\ = LJ

’P( ) \/—J(\U\W\

* Can be estimated from the frequenc of classes i in the
training examples. r: 1=he,

* P(X3,X5 ..., X,/ C)) > 277 [,
* O(/X1]. [X5]. [X3] e [X,].]C[) parameters
* Could only be estimated if a very, very large number of
training examples was available. 127 oL

L
« P(x,/c;) /) = ZT?
. é)([/X1/+ [Xo]+ [ X3t [X,]].] //) parameters

* Assume that the probability of observing the conjunction
of attributes is equal to the product of the individual
probabilities P(x;| ;).

105
J& lu
W [t“e
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Challenges during Learning (training) the
GBC Model

For instance:




C=Flu / Not

For instance:

Xe=Muscle-ache

« What if we have seen no training cases where patient had no flu and
muscle aches?

N(Xe=T,C=nf)
N(C=nf)

sl e/ L/

 Zero probabilities cannot be conditioned away, no matter the other
evidence!

7?=argmax_ ﬁ(c)Hiﬁ(xi |c)

P(X; =T|C = not_flu) =



% —
NEIES R
! (YZ{WC\ ?D@ )7)6(/ 317
¢ %{‘97%@9

N M[ | Y P
) £ypix ) ?/X3/ VP X‘“’“\CYF H
(X5 [ )?’/)(é/nf)

Z\

Ggi“fj ’Cerl/v&jv% 0.
>gy\7€:D

No wmatt
oA trkher formg
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Smoothing to Avoid Overfitting

— 9
w\ﬂﬁ Y\@U’/““jj ;.
A N(Xl—xl,C c)+1
P(xi ‘ C ) —
J N(
To make
[ # of values of featureX sum_i (P(xi|Cj)=1
\/
3/29/22

Adapt From Manning’ textCat tutorial



Smoothing to Avoid Overfitting

N(X =x,0C=c )+1
N(C=cj,)+ki

[ # of values of X; }

« Somewhat more subtle version [ overall fractildata—j
where Xi=x;
G

- NX. =x,,,C=c,)+m .
Pl |y =YX =t C =) mpy ™ iy

N(C=c;)+
extent of
“smoothing” }

P(x,|c,)=




Summary:
Generative Bayes Classifier

Task: Classify a new instance X based on a tuple of attribute
values y _ <X1 X, X y'nto one of the classes
’ yre 4ty

Cyup = argmax P(c; | x;,x,,...,x,)

CjEC
— argmax P(x,,x,,....,x,1c;)P(c;)
¢,EC P(xl,xz,...,xp)

= argmax P(x, x,,...,x, | ¢;)P(c;)
L chC L — 7 L\__J

az\,l

)y

MAP = Maximum A Posteriori

3/29/22

Adapt From Carols’ prob tutorial



Today Recap: Generative Bayes Classifier and Naive BC

_________________________________________________________________

Task classification
| |
Representation g Prob. models p(X|C) ;
| i P(X,; X, 1C)
Score Function EPE with 0-1 loss =
| MAP Rule
y :
Search/Optimization Most MT_E based
' ; |
Models, | Prob. Models’
Parameters i Parameter

argmax P(C _k|X)=argmax P(X,C)=argmax P(X |C)P(C)
k k k

Bernoulli
3/29/22 Naive p(w = [rue | Ck) = pi,k
]







NEXT: More Generative Bayes Classifiers

v Generative Bayes Classifier
v’ Naive Bayes Classifier T
m v’ Gaussian Bayes Classifiers
" Gaussian distribution
= Naive Gaussian BC
= Not-naive Gaussian BC = LDA, QDA
v’ Discriminative vs. Generative




argmax P(C_k1X)=

argmax P(X,C)=argmax P(X |C)P(C)
k

Generative Bayes Classifier

Task classification
| ; |
Representation i Prob. models p(X|C)
| ; P(X,,'*, X, 1C)
Score Function i EPE with 0-1 loss &
g MAP Rule
' —
Search/Optimization g Many Bptions
v v
Models, Prob. Models’
Parameters Parameter

Bernoulli
S POV, = e ) =

3/29/22

i }
i N! n, o
Multinomial P(VVl = n19'"9VVV = I”lv |Ck = ' ' 'HllikHZIik 0 Y
I’llk.l’le...l’lvk
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