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Naive Bayes Classifier



Supervised learning - probabilistic classifier
Recall probabilistic interpretation of logistic regression

We will now discuss another approach to probabilistic classification
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Probability review
Probability, random variable

▪ probability of an event

▪ Random variable

Iveexample

A
, Pr(A) : how likely it is

for event A to happen ,
ex : event A : die rolls a "5"

X a variable that takes different values
event

with certen probabilities :

X : set of all values X A

can take
I [Pr(X = x) = 1 - 1 - Pr(A)

-
= X

all &
Prob of X taking value 6

dia... Xay = (1 , 2 , ... 6)
,

& Pr(Xx)
x = 1

= T
X the number the die rolls at P(X = x) = +
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Probability review
Joint probability, independence

▪ Joint probability of two events

▪ Marginalisation rule

▪ Independence of two events

P(X = 5)

A , B, Y

P (A , B) : prob of events A and B both happing

↑ Lodd , 6) = O , Pleven , 5) - ↳ Pladd) = 12/
2 P(A , X =x) = P(A)
xX
all ↑ level =12

2 (odd , X = x) = 4 (add, 1) + P(oc , 2) +P(odd , 3) +... + P(add
, b) = 12xEXall - - -
-

Y D %
6 I

A , B are indep .
If P(A , B) = P(A)P(B)

We call two random variables X
, Y dep ifA values they can take

P(X= x , y =y)
= P(X :x)4(y = y)



Probability review
conditional distribution

▪ Conditional distribution

▪ Conditional independence

▪ Product rule

B : even

P(A(B) =
⑫A, B) *

P(B)

prob . of event A gon that
event B has occured

↑ (eleven) = 1 M finalization [P(x)(B) = E y B)
= [P( , B) - ixEX

all xeXalP(B) PCBR*You
= T

events A , As are conditonally independent given event B :

P(A 1, A z (B) = P(A , (B) P(Az(B)

from A = P(A , B) = P(A/B/p(B) =

P (A
, B) = P(B(A)P(A)



Probability review
Bayes rule

▪ Recall product rule

▪ Bayes rule

P(A
,B) =P/A(B) P/B) = P(B(A)P(A)

P(B(A) = P(B)P(B)
P(A)

consider now

p(BIA . A2) = x(Az(B)P(B)
P(A , A2)

...

can be extended to (Aill_
,

create



Probability to label with  knowing  c x

P(y = c |x) = P(x |y = c)P(y = c)
P(x)

Probability to observe this  knowing the label  x c

Probability to label with class c

Probability of the x 

 is called the prior probability

Describes the probability to encounter the data labeled 
P(y)

y

Bayes rule for classification & xi , gi?%, yizh1 , 2 , ..., k)
i taking finitely many values



P(y = c |x) = P(x |y = c)P(y = c)
P(x)

Bayes rule for classification

1
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P(y= )p(y = 3) x(y(x(y= 1)p(y = 1) P(x(y = 0)p(y =0)> P(x(y = 1)p(y = 1)
u=D

P(X)
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Spam detection example
Bag of words to encode text to features

List all words encountered in the set of texts you have 
Use a Boolean feature for the presence (1) or absence (0) of each word 

In spam email detection, data: emails, labelled as: spam, or no-spam

<C ; it 10 , 13 absence or

-
presence of word :

class
1

/Class &

Suppose your
emails contin "Dear"

,
"Friend"

,
"Lunch"

, "Money".
Y
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S

-
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Spam detection example
Use of Base’s rule for spam detection

< xyig = D
=

I

Need to calculate P (c) y = "Spam" )P/y : "Spam") and

↑ (x / y : "no. spam") Ply = "no spam") .

1S /S

P/y = Spam I -

# spam emails " D
-

I

N
Ply = "no spam") =

# non spam&ask. D
N

7

P(x)y = spam") ? example :1 = (1 , 8 , 0 , 17 .

p((1 , 0 , 0 , 11 (y = 1) , P((1 , 0 , 0, 11 / y = 0) ?



Naive Bayes assumption
Conditional independence of different features given the label d

EIR
d

P(x(y) & # p(Xj(y)
j = 1

the d. features of or date are conditonally independent
g ven the label

↑ /(1 , 0 , 0 , 17) y = "saym") = P(x ,
= 1(1)P(xz = 0(1)P(xy d ,)p(x= 111)

7

P(X
= 117) : am emails contrary word ; j = 1

,
2, ..., d

# of spam emails .

(in our example d = 4)

↑ (x = 011) :*am emails not century word ;
#> of

spam emails



Naive Bayes classifier
d

xt(0 , 1) = (0, 13x(913x

continung example -- · -. x40 , 14
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Naive Bayes classifier for spam detection
Example with worked out numbers

https://www.youtube.com/watch?v=O2L2Uv9pdDA



Activity
▪ Watch: https://www.youtube.com/watch?v=O2L2Uv9pdDA

• This takes 15 minutes
▪ After watching the video, answer the following questions

1. How are the features defined differently than the binary scores we defined earlier? 
2. How would you evaluate the accuracy of the classifier? 
3. Are there any hyper parameters to tune for this classifier? 
4. Is there any other approach you could imagine using for this classification? 

▪ Next class: discuss your answers with your two nearest neighbours
▪ Pick one person to represent your answers to class



Naive Bayes Classifier
Continuous-valued features



Bayes rule
Continuous-valued features 

P(y = c |x) =
fx|y=c(x)P(y = c)

fx(x)
 Probability density function: probability distribution for a continuous random variablefx|y=c(x)

y = (1 , 2 ,
.., 1)

EIRA continuous. valued

fixtest , cand > 1 t
Probability of x = v is O

↑
2

Probably of < (a , 192) : /f()dx "etect
+11

11

EIRP , SCIRP
91

I
P(x + 5)

+ (t+ x



Naive Bayes assumption
Continuous features 

P(y = c |x) =
fx|y=c(x)P(y = c)

fx(x)

d

-
fily (P(y =c

f(x)
39

Naive Bayes assumpton : says given class C
,
the features are

conditonally independent
d

xEIR f (k) : conditonal density of a given class

x)y = c

d
f (x) =if (xj)
x(y = c

j
=1xj(y = c



Gaussian Naive Bayes
Assumes that the probability density function for each feature follows a gaussian distribution
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Gaussian Naive Bayes

Estimating the conditional Gaussian distribution for each feature using sample data
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Gaussian Naive Bayes

P(y = c |x) =
fx|y=c(x)P(y = c)

fx(x)

Classifier prediction
d
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Gaussian Naive Bayes

P(y = c |x) =
fx1|y=c(x1)fx2|y=c(x2)…fxd|y=c(xd)P(y = c)

fx(x)

Naive Bayes assumption and final classifier

you can see a worked out example in the video below.



Naive Bayes
Summary

▪ Probabilistic classifier
• Features can be finite- or continuous-valued

▪ Uses Bayes rule and empirical probabilities computed based on data

▪ Assumes different features are independent given the class label
• In practice hard to verify the assumption but works well on certain problems

= Naveassumpter



Naive Bayes classifier 
Application in python exercises

▪ Dataset: Smart Home Device Efficiency
▪ Goals: Evaluate the efficiency of a smart home device
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D=(xi ,yi) yi = (1 , 2, ..., k)

model fu
,
p(()

D - Pingba- inTo, be
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test
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~

trainy set
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