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Machine Learning

Part 5: Statistical Learning



Generative Learning Models



Discriminative and Generative Learning

1. Algorithms that try to learn 𝑝 ȁ𝑥 𝑦 directly 
from the space of inputs X to the labels {0,1}, 
are called discriminative learning algorithms. 
Aim to minimize the cost function. 

2. For generative learning algorithms, we 
usually learn 𝑝 𝑥, 𝑦 , if y indicates whether an 
example is a dog (0) or an elephant (1), then 
𝑝 ȁ𝑥 𝑦 = 0 models the distribution of dogs’
features. Aim to recreate how the observed 
data are generated following some hidden 
patterns (or rules). 

3. Based on my generation assumptions, which category is 
most likely to generate this signal? A discriminative 
algorithm does not care about how the data was generated. 



Gaussian (Central Limit Theorem) 



Multivariate Gaussian

The multivariate Gaussian distribution, is 
parameterized by a mean vector 𝜇 ∈ 𝑅𝑛 and a 
covariance matrix 𝛴 ∈ 𝑅𝑛×𝑛 where 𝛴 ≥ 0 is 
symmetric and positive semi-definite. 𝛴 denotes 
the determinant of 𝛴:  



Maximum Likelihood

We change the mean and std in order to obtain the maximum likelihood of {𝑥1, 𝑥2…𝑥𝑁} (e.g. N=5): 

Q5: How to calculate the likelihood?



Gaussian Discriminant Analysis

Given y is a binary random variable follows 
Bernoulli distribution parameterized with ∅:

Specifically: 

For generative learning, the log likelihood is: 

Q5: Generative or discriminative？



Higher Dimensional Gaussian 

Q6: What the boundary looks like if we have different covariance matrix?



Topic Model



Probabilistic Latent Semantic Analysis

Probabilistic latent semantic analysis (PLSA), is a statistical technique for the analysis of two-mode and 
co-occurrence data. In effect, one can derive a low-dimensional representation of the observed variables 
in terms of their affinity to certain hidden variables, just as in latent semantic analysis, from which PLSA 
evolved.

Considering observations in the form of co-occurrences (w,d) of words and documents, PLSA models the 
probability of each co-occurrence as a mixture of conditionally independent multinomial distributions: 

d is the document index variable, c is a word's topic drawn from the document's topic distribution, P(c|d), 
and w is a word drawn from the word distribution of this word's topic, P(w|c) . The d and w are 
observable variables, the topic c is a latent variable.



Plate Representation of P-LSA

The likelihood is written as: 

The joint probability is represented by:



Dirichlet Distribution

The Dirichlet distribution is the 
multivariate generalization of the beta 
distribution. A Dirichlet distribution 
can be conceptualized as a probability 
distribution of distributions. 
Mathematically, it is represented by: 

Where                      and 



Latent Dirichlet Allocation

Latent Dirichlet
allocation (LDA) is a 
hierarchical generative 
statistical model.  For 
example, if observations 
are words collected into 
documents, it posits that 
each document is a 
mixture of a small 
number of topics and 
that each word's creation 
is attributable to one of 
the document's topics.



An Example of Topics

Topic samples from training 
(Top words of the list).  

Each topic is a distribution of words and a 
document can be represented as a mixture of 
topics. The following paragraph is a mixture of Arts, 
Budges, Children and Education. 



Topic Models

Illustration of the generative process and the problem of statistical inference underlying topic models 



Likelihood

Illustration of the generative process and the problem of statistical inference underlying topic models 



Model Comparisons

We compare LDA to simpler latent variable models for text—the 
unigram model, a mixture of unigrams, and the pLSI model. The pLSI
model attempts to relax the simplifying assumption made in the 
mixture of unigrams model that each document is generated from 
only one topic. 
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