
CS145 Discussion: Week 10
Naive Bayes, Topic Modeling, Final Review

Junheng Hao
Friday, 12/11/2020



Announcements

Homework #6 Due on 11:59 PM, Dec 14 (Monday, final week)

Final Exam (100 minutes 
via CCLE)

Morning Session: Around 8:00-9:40 AM, Dec 16 (Wednesday, final Week)
Evening Session: Around 6:00-7:40 PM, Dec 16 (Wednesday, final Week)

Project: Final Report Due on 11:59 PM, Dec 18 (Friday, final week)

All regrade request Due on 11:59 PM, Dec 21 (Monday, the week after final week)

Note: Practice exam for final exam setup has been added on CCLE, under the tab of “Week 11”. 



Roadmap

● Basics

● Text Data

● MLE v.s. MAP

● Naïve Bayes

● pLSA

● Final Exam Q & A



How to represent text data?



MLE v.s. MAP



MLE v.s. MAP

h is a parameter

h is a random variable



Naïve Bayes: Modeling



Naïve Bayes: Inference



Naïve Bayes: Learning



Naïve Bayes: Learning



Naïve Bayes: Smoothing



Naïve Bayes: Example

Index Word # in class1 # in class2

1 I 1 9

2 like 2 1

3 data 3 9

4 mining 4 1

beta = ?
pi = ?
classification result of “I like data”?



Naïve Bayes: Example

beta11 = 1/10 
beta12 = 2/10
beta13 = 3/10
beta14 = 4/10

beta21 = 9/20 
beta22 = 1/20
beta23 = 9/20
beta24 = 1/20

pi1 = 1/3
pi2 = 2/3

Index Word # in class1 # in class2

1 I 1 9

2 like 2 1

3 data 3 9

4 mining 4 1

P( class1 | “I like data”) ∝ 1/3 * 1/10 * 2/10 * 3/10 = 6/3000

P( class2 | “I like data”) ∝ 2/3 * 9/20 * 1/20 * 9/20 = 
81/12000



Generative vs Discriminative Models 

●  Training classifiers involve estimating f: X -> Y, or 
P(Y|X)

● Generative classifiers → “distribution”
○ Assume some functional form for P(Y), P(X|Y)
○ Estimate parameters of P(X|Y), P(Y) directly from 

training data
○ Use Bayes rule to calculate P(Y |X)
○ Actually learn the underlying structure of the data

● Discriminative Classifiers → “boundary”
○ Assume some functional form for P(Y|X)
○ Estimate parameters of P(Y|X) directly from training 

data.
○ Learn the mappings directly from the points to the 

classes

●  Generative classifiers
○ Naive Bayes

● Discriminative classifiers
○ Logistic Regression
○ Neural Network
○ SVM

Q: With the aim of classification 
only, which type of models may 
less expensive? 

Credit: 
https://stats.stackexchange.com/question
s/12421/generative-vs-discriminative 

https://stats.stackexchange.com/questions/12421/generative-vs-discriminative
https://stats.stackexchange.com/questions/12421/generative-vs-discriminative


Topic Models

Each document can have 
more than one topic.

A more flexible model than 
Naïve Bayes



Probabilistic Latent Semantic Analysis (pLSA) 



Probabilistic Latent Semantic Analysis (pLSA) 



pLSA: Graphical model

Naïve Bayes
(Multinomial mixture model)

pLSA



pLSA: Inference



pLSA: Learning



pLSA: Optimization



pLSA: Example

E step?
M step?

Index Word (w) Count P(z1 | w, d1) ∝ P(z2 | w, d1) ∝

1 frequent 4 ? ?

2 pattern 3 ? ?

3 data 2 ? ?

5 cat 1 ? ?

Two documents d1 and d2
Two topics z1 and z2

Initialize beta_wz1 = 1/6
Initialize beta_wiz2 
= 1/12 for i <= 4
   1/3 for i > 4

For all z and d,
Initialize theta_zd = 1/2
 

Index Word (w) Count P(z1 | w, d2) ∝ P(z2 | w, d2) ∝

3 data 1 ? ?

4 mining 2 ? ?

5 cat 3 ? ?

6 dog 4 ? ?

d1

d2



pLSA: Example

E step result

Index Word (w) Count P(z1 | w, d1) ∝ P(z2 | w, d1) ∝

1 frequent 4 1/12 1/24

2 pattern 3 1/12 1/24

3 data 2 1/12 1/24

5 cat 1 1/12 1/6

Two documents d1 and d2
Two topics z1 and z2

Initialize beta_wz1 = 1/6
Initialize beta_wiz2 
= 1/12 for i <= 4
   1/3 for i > 4

For all z and d,
Initialize theta_zd = 1/2
 

Index Word (w) Count P(z1 | w, d2) ∝ P(z2 | w, d2) ∝

3 data 1 1/12 1/24

4 mining 2 1/12 1/24

5 cat 3 1/12 1/6

6 dog 4 1/12 1/6

d1

d2



pLSA: Example

Index Word (w) Count P(z1 | w, d1) ∝ P(z2 | w, d1) ∝

1 frequent 4 1/12 1/24

2 pattern 3 1/12 1/24

3 data 2 1/12 1/24

5 cat 1 1/12 1/6

Two documents d1 and d2
Two topics z1 and z2

Initialize beta_wz1 = 1/6
Initialize beta_wiz2 
= 1/12 for i <= 4
   1/3 for i > 4

For all z and d,
Initialize theta_zd = 1/2

Index Word (w) Count P(z1 | w, d2) ∝ P(z2 | w, d2) ∝

3 data 1 1/12 1/24

4 mining 2 1/12 1/24

5 cat 3 1/12 1/6

6 dog 4 1/12 1/6

d1

d2

M step result:
beta_w1z1 ∝ 
4/12 
beta_w2z1 ∝ 
3/12 
beta_w3z1 ∝ 
3/12 
beta_w4z1 ∝ 
2/12 
beta_w5z1 ∝ 
4/12 
beta_w6z1 ∝ 
4/12 

beta_w1z2 ∝ 
4/24 
beta_w2z2 ∝ 
3/24 
beta_w3z2 ∝ 
3/24 
beta_w4z2 ∝ 
2/24 
beta_w5z2 ∝ 4/6 
beta_w6z2 ∝ 4/6 

theta_z1d1 ∝ 
10/12 
theta_z2d1 ∝ 
13/24 

theta_z1d2 ∝ 
10/12 
theta_z2d2 ∝ 
31/24 



Final Exam Q & A

● Topics after the midterm (80%)
○ Frequent pattern mining
○ Sequential pattern mining
○ Time series data
○ Naïve Bayes
○ Topic modeling

● Topics before the midterm (20%，most likely only T/F)
○ Linear regression
○ Logistic regression
○ SVM
○ Decision Trees
○ Neural Network
○ KNN
○ Clustering



Continuing Grad-level Courses

● CS247: Advanced Data Mining (coming Spring 2021)

● CS245: Graph Neural Network (coming Winter 2021)



Thank you!
Q & A

Reminder: Students have until 8:00 AM Wednesday, December 16 to log into MyUCLA to 
complete evaluations for COM SCI 145 section 1C.
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