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Naive Bayes
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Probability Basics

 Prior, conditional and joint probability for random variables

Prior probability:  𝑃(𝑥

Conditional probability:   𝑃(𝑥1|𝑥2 , 𝑃(𝑥2|𝑥1

Joint probability:  𝐱 = (𝑥1, 𝑥2 , 𝑃(𝐱 = 𝑃(𝑥1 , 𝑥2

Relationship:  𝑃(𝑥1 , 𝑥2 = 𝑃(𝑥2|𝑥1 𝑃(𝑥1 = 𝑃(𝑥1|𝑥2 𝑃(𝑥2

Independence: 𝑃 𝑥2 𝑥1 = 𝑃 𝑥2 , 𝑃 𝑥1 𝑥2 = 𝑃 𝑥1 , 𝑃 𝑥1 , 𝑥2 =

 Bayesian Rule

𝑃(𝑐|𝐱 =
 𝑃(𝐱|𝑐 𝑃(𝑐

 𝑃(𝐱

Discriminative
Generative

𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =
𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 × 𝑃𝑟𝑖𝑜𝑟

𝐸𝑣𝑖𝑑𝑒𝑛𝑐𝑒htt
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Probabilistic Classification

 Maximum A Posterior (MAP) classification rule 

• For an input x, find the largest one from L probabilities output by a 

discriminative probabilistic classifier  𝑃(𝑐1|𝐱 , . . . , 𝑃(𝑐𝐿|𝐱 .

• Assign x to label c*  if   𝑃(𝑐∗|𝐱 is the largest.

 Generative classification with the MAP rule

• Apply Bayesian rule to convert them into posterior probabilities

• Then apply the MAP rule to assign a label

 𝑃(𝑐𝑖|𝐱 =
 𝑃(𝐱|𝑐𝑖 𝑃(𝑐𝑖

 𝑃(𝐱
∝ 𝑃(𝐱|𝑐𝑖 𝑃(𝑐𝑖

for 𝑖 = 1, 2, ⋅⋅⋅, 𝐿

Common factor for 

all L probabilities
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Example: Play Tennis
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Example: Play Tennis

• Learning Phase

Outlook Play=Yes Play=No

Sunny 2/9 3/5

Overcast 4/9 0/5

Rain 3/9 2/5

Temperature Play=Yes Play=No

Hot 2/9 2/5

Mild 4/9 2/5

Cool 3/9 1/5

Humidity Play=Yes Play=No

High 3/9 4/5

Normal 6/9 1/5

Wind Play=Yes Play=No

Strong 3/9 3/5

Weak 6/9 2/5

P(Play=Yes) = 9/14 P(Play=No) = 5/14
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• Test Phase

– Given a new instance, predict its label

x’=(Outlook=Sunny, Temperature=Cool, Humidity=High, Wind=Strong)

– Look up tables achieved in the learning phrase

– Decision making with the MAP rule

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

Example: Play Tennis

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”.
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Naive Bayes

• Example: Continuous-valued Features 

– Temperature is naturally of continuous value.

Yes: 25.2, 19.3, 18.5, 21.7, 20.1, 24.3, 22.8, 23.1, 19.8

No: 27.3, 30.1, 17.4, 29.5, 15.1

– Estimate mean and variance for each class

– Learning Phase: output two Gaussian models for P(temp|C)
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