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Machine Learning Intro 
 
Wikipedia: As a broad subfield of artificial intelligence, machine learning is concerned 
with the development of algorithms and techniques that allow computers to "learn".  
Most of machine learning works on extracting rules and patterns out of massive data sets. 
 
Some parts of machine learning are closely related to data mining and statistics. Machine 
learning research is focused on the computational properties of the statistical methods, 
such as their computational complexity. 
 
Machine learning has a wide spectrum of applications including natural language 
processing, syntactic pattern recognition, search engines, medical diagnosis, 
bioinformatics and cheminformatics, detecting credit card fraud, stock market analysis, 
classifying DNA sequences, speech and handwriting recognition, object recognition in 
computer vision, game playing, and robot locomotion. 
 
Basic Probability 
 
First we will cover some basic probability. 
 
Conditional probability:  
 
P(A | B) = P(A and B) / P(B) 
 
Definition of independence: 
 
P(A and B) = P(A) * P(B) 
 
Bayes Rule: 
 
P(A | B) = (P(B | A) * P(A)) / P(B) 
 
Another way to think of it is: 
 
posterior probability of A = (likelihood of B * prior probability of A) / evidence 
 
Classification 
 



2 of 4 

Classification is a basic task within machine learning. The general problem is as follows: 
we are given a dataset where each example within that dataset belongs to a certain class. 
For example, we could be given a set of programs that are either viruses or non-viruses 
(i.e. they are benign files). We wish to train our system on this dataset so that given a 
new, unknown example, we can with high accuracy predict the correct class. 
 
This classification task can be generalized to more than 2 classes, but for the purpose of 
this lecture we will be limiting ourselves to 2 classes; the extension to n classes should be 
obvious. 
 
Note that oftentimes we are given a large dataset, and it is our task to partition the set into 
a training subset and a testing subset. Thus we know the correct class for both subsets, 
which allows us to calculate the accuracy of our classifier. 
 
Naïve Bayes: Overview and Derivation 
 
The Naïve Bayes algorithm (hereon referred to as “NB”) uses basic probability rules to 
build a model for each of the classes. Then, given a new example whose class is unknown 
(or hidden), it calculates the a posteriori probability for each class, and selects the highest 
one as its prediction. That is, given a new example, NB calculates the probability that this 
example is a member of each of the classes, and chooses the most likely one as its guess. 
Mathematically speaking: 
 
predicted_class = class that gives the highest P(this_class | unknown_example) 
 
So, how do we calculate P(this_class | unknown_example)? Remembering Bayes Rule, 
this expression becomes: 
 
P(unknown_example | this_class) * P(this_class) 
 
Note that we dropped the denominator because all we care about is the one that gives the 
maximum value, and the denominator is the same for all classes. 
 
Now we have two expressions. Clearly we cannot know the “true” value of these 
probabilities (if they even exist), and so what we do is guess the values of each; that is, 
we wish to calculate the likelihood estimate of each class, and select the class that gives 
the maximum likelihood estimate as our prediction. 
 
First, we assume that the training set is representative of the ratios of the classes of the 
entire example space. Given this assumption, a reasonable estimate of P(this_class) 
would be the ratio of the number of examples in a given class (in the training set) to the 
total number of examples. That is, 
 
P(this_class) ~ (num examples in this class) / (total number of examples in all classes)  
 
Next we have to estimate P(unknown_example | this_class). How do we do this? Here we 
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must tangent into a brief discussion of example representation. For our virus classifier 
example, each program (example) is represented as a stream of bytes. For a text 
classifier, each document (example) would be represented as a sequence of words. These 
components of each example are generally called features in the context of text 
classification, but we will use that term here in the same way. 
 
At this point the NB algorithm makes two very strong (and often unreasonable) 
assumptions about the data. The first assumption is the conditional independence 
assumption. It says that all of the possible features happen independently of one another. 
That is, in the text classification context, every single word has a probability of occurring 
that is independent of every other word. Making this assumption allows us to express 
P(unknown_example | this_class) into: 
 
P(unknown_example | this_class) = P(first_feature | this_class) * P(second_feature | 
this_class) * ... * P(nth_feature | this_class) 
 
That is, the probability of an unknown file given a particular class is equal to the product 
of the probabilities of each feature given this particular class. The probability of a 
particular feature given a particular class is simply the frequency that this feature occurs 
in all the examples of that class divided by the total frequency of all features (of that 
class). That is: 
 
P(this_feature | this_class) = num_occurances_of_this_feature / 
num_occurances_of_all_features) 
 
The second assumption NB makes is the positional independence assumption. This 
assumption says that the position of a given feature within a document has no effect on its 
probability, and is a natural consequent of our first assumption (because we said that 
every example is independent of every other example). 
 
The last issue we must deal with is features that occur in the unknown file but not in the 
training set; the probability of this will be 0, which means that it will zero out the entire 
expression. The standard solution to this is known as smoothing: simply assume that 
every single feature in the unknown file occurred at least once in the training set. If the 
training set is big enough, it would have very little effect on the features that occur often, 
and circumvents the zero'ing out issue. 
 
Note that what we are describing here is the multinomial document generation model; in 
English, we are counting the number of occurrences of features. The opposite of this 
would be the binomial document generation model: we only consider the presence or 
absence of features. 
 
Analysis and Discussion of NB 
 
The two assumptions NB makes are quite strong and oftentimes unreasonable. It is 
easiest to see this in the context of text classification. Suppose we wish to classify a set of 
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newsgroup postings into two classes, baseball and hockey. The conditional independence 
assumption implies that the probability of words like “baseball”, “pitcher”, “puck”, 
“goal” are the same regardless of what class the document is. Clearly this is not true. The 
positional independence implies that “the Yankees beat the Braves” and “the Braves beat 
the Yankees” should have the same meaning, when they clearly do not. 
 
It is because of these assumptions that NB is sometimes referred to as “idiot Bayes”. 
However, despite these (and other) problems, NB works quite well in practice, generally 
achieving at least 80-90% accuracy on text classification tasks. It is also relatively fast 
and simple to implement. 
 
Naïve Bayes: Algorithm 
 
Here is NB in algorithmic form: 
 
i. Train the models 

1. For each class... 
1. For each file in that class... 

1. Scan through the file and count the occurance of each feature 
 
ii. Test a new unknown example 

1. Build a model only on that example 
2. Calculate the likelihood estimate for each class 
3. Select the class with the highest score as the predicted class 

 
What is the expression to calculate the likelihood estimate for some class c? It is: 
 
the_product_of (the probability of each feature in that class, including duplicates, that 
occurs in the unknown file) * probability_of_the_class 
 
Note that because of limited machine precision and the multiplication of vast amounts of 
very small numbers, in practice the logarithm of the above expression is used: 
 
sum_of (frequency in unknown file * log(probability of each feature)) + 
log(probability_of_class) 
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