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Naive Bayes Classifier
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Outline

= Review of probability
- Conditional distribution
* Independence
- Bayes rule

= Naive Bayes classifier
» Finite-valued features
» Continuous-valued features (Gaussian Naive Bayes classifier)

= Announcements:
» EXxercise hours: quiz 1
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Naive Bayes Classifier



=Pl supervised learning - probabilistic classifier

Recall probabillistic interpretation of logistic regression
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We will now discuss another approach to probabilistic classification
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Probability review

Joint probability, independence P (y=6)
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Probability review

conditional distribution R ewn [ TR o
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= Conditional independence
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Probability review
Bayes rule

= Recallproductrule P (A B)=p (¢ At B) P B) = PIBIKA) (AN
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Probability of the x
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P(y) is called the prior probability
Describes the probability to encounter the data labeled y



=PrL Bayes rule for classification
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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 oC e {0 | absenca o7
Use a Boolean feature for the presence (1) or absence (0) of each word — Dresen o & worel )
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In spam emaill detection, data: emails, labelled as: spam, or no-spam
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Spam detection example Lx gl D
Use of Base’s rule for spam detection
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=Pl Naive Bayes assumption

Conditional Independence of different features given the label ¢ P
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Naive Bayes classifier S R L
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=Pk Naive Bayes classifier for spam detection

Example with worked out nhumbers

Naive Bayes....

...Clearly Explained!!!

htips://www.youtube.com/watch?v=02L2Uv9pdDA




=Pl Activity

= Watch: https://www.youtube.com/watch?v=02 2Uv9pdDA
» 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. |s 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
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Naive Bayes Classifier
Continuous-valued features
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=Pk Naive Bayes assumption

Continuous features
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“F*L Gaussian Naive Bayes

Assumes that the probability density function for each feature follows a gaussian distribution
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Gaussian Naive Bayes ([ %'y N e
Estimating the conditional Gaussian distribution for each feature using sample data
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“F*L Gaussian Naive Bayes

Classifier prediction
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=F7L Gaussian Naive Bayes

Naive Bayes assumption and final classifier

P(y=c|x) = e
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=Pk 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 —> N Y QLive qscum\Q Le,7
» |n practice hard to verify the assumption but works well on certain problems



=F7L Naive Bayes classifier

Application in python exercises

= Dataset: Smart Home Device Efficiency
= Goals: Evaluate the efficiency of a smart home device

Smart Home
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