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 Naive Bayes classifiers

 Laplace smoothing

 Text analysis and preprocessing

 The NLTK and spaCy libraries

 Document classification



The Naive Bayes Model

Roi Yehoshua, 20253

 Given a sample (x, y), compute the class posterior probability using Bayes’ rule:

 The class prior probability can be estimated from the frequency of class k in the data

 P(x) is a normalizing factor:

 How to estimate P(x|y = k) from the data?

 Problem: Need to estimate an exponential number of probabilities!

 e.g., if there are m binary features, we need to estimate 2mK probabilities

number of samples of class k in the 
training set

total number of training samples



Naive Bayes Classification

Roi Yehoshua, 20254

 Naive Bayes assumption: the features are conditionally independent given the class

 Therefore we can write the posterior probabilities of the classes as:

 Now we only need to estimate m parameters instead of 2m for each class

 If we only care about the labels (and not the probabilities):

 The different NB classifiers differ by the assumption they make on P(xj|y)



Bernoulli Naive Bayes

Roi Yehoshua, 20255

 Assumption: each feature is distributed according to a Bernoulli distribution

 Example: in text classification, each feature xⱼ may represent the occurrence or 
absence of the jth word from the vocabulary in the text

 The parameters of the model are estimated using relative frequency counting

 For each feature j and class k:
number of times feature j appears 
in samples of class k

number of samples in class k



Categorical Naive Bayes

Roi Yehoshua, 20256

 Assumption: each feature has a categorical distribution 

 Generalization of Bernoulli distribution to m possible categories

 The parameters of the model are:

 For each feature j, class k and category v

number of times feature j has the 
value v in samples of class k

number of samples in class k



Categorical Naive Bayes Example

Roi Yehoshua, 20257

 We’d like to decide whether to go out play tennis based on weather conditions

Day Outlook Temperature Humidity Wind PlayTennis

D1 Sunny Hot High Weak No

D2 Sunny Hot High Strong No

D3 Overcast Hot High Weak Yes

D4 Rain Mild High Weak Yes

D5 Rain Cool Normal Weak Yes

D6 Rain Cool Normal Strong No

D7 Overcast Cool Normal Strong Yes

D8 Sunny Mild High Weak No

D9 Sunny Cool Normal Weak Yes

D10 Rain Mild Normal Weak Yes

D11 Sunny Mild Normal Strong Yes

D12 Overcast Mild High Strong Yes

D13 Overcast Hot Normal Weak Yes

D14 Rain Mild High Strong No

Given a new sample:
x = (Outlook = sunny, Temperature = cool, 
Humidity = High, Wind = strong)
Predict whether to play tennis or not.



Categorical Naive Bayes Example

Roi Yehoshua, 20258

 We first estimate the class prior probabilities based on their frequency in the data:

 We now estimate the conditional probabilities of the features in the new sample:



Categorical Naive Bayes Example

Roi Yehoshua, 20259

 Therefore, the class posterior probabilities are:

                      is a constant term

 Since P(No|x) > P(Yes|x), the sample is classified as PlayTennis = No 



Multinomial Naive Bayes

Roi Yehoshua, 202510

 Assumption:

 There is only one categorical feature x that can take one of m categories

 Each feature vector (x1, …, xm) is a histogram, where xj counts the number of times x had 
the value j in that particular instance

 The multinomial distribution is a generalization of the binomial distribution to more 
than two possible outcomes in each trial

 Example: a bag-of-words model in text classification

and are can find if is look lost me see will you

1 1 1 1 0 1 1 1 1 0 1 3

If you are lost, you can look, 
and you will find me



Multinomial Naïve Bayes

Roi Yehoshua, 202511

 The parameters of the model are:

 For each class k and category v

number of times x got the value v 
(e.g., the word v appeared in the text) 
in samples of class k

total number of samples (e.g., 
words) in class k



Example: Spam Filter

Roi Yehoshua, 202512

Source: https://www.atoti.io/how-to-solve-the-zero-frequency-problem-in-naive-bayes/
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The Zero Frequency Problem

Roi Yehoshua, 202513



Laplace Smoothing

Roi Yehoshua, 202514

 Add a small sample correction in all the probability estimates, such that no 
probability is never set to exactly zero

 In categorical Naive Bayes:

 In multinomial Naive Bayes:

 α is a smoothing parameter 

 Setting α = 1 is called Laplace smoothing (the most common one

 α < 1 is called Lidstone smoothing



Example: Laplace Smoothing

Roi Yehoshua, 202515

 Solving the zero frequency problem



Naïve Bayes in Scikit-Learn

Roi Yehoshua, 202516

 The module sklearn.naive_bayes contains implementation for all three models:

 The argument alpha specifies the Laplace smoothing parameter

 Use 0 for no smoothing



Python Libraries for Text Analysis

Roi Yehoshua, 202517

 Many of the basic text analysis operations can be done in Scikit-Learn (e.g., 
tokenization, removing stop words, TF-IDF vectorization)

 For more advanced operations (e.g., lemmatization, parsing, word embeddings) you 
can use the following Python libraries:

 NLTK (Natural Language Toolkit) https://www.nltk.org/

 spaCy https://spacy.io/

 Both can be installed via pip

https://www.nltk.org/
https://spacy.io/


Python Libraries for NLP

Roi Yehoshua, 202518

 Provide a set of tools for processing text and solving common NLP tasks

 e.g., tokenization, parsing, part-of-speech tagging, NER, etc.

 Popular libraries

 NLTK (Natural Language Toolkit) 

 spaCy

 HuggingFace Transformers 

 A typical NLP application workflow



NLTK (Natural Language Toolkit)

Roi Yehoshua, 202519

 A popular open-source Python library for NLP tasks

 Including tokenization, stemming, tagging, parsing and semantic reasoning

 Provides 50 text corpora and lexical resources such as WordNet

 Home page: https://www.nltk.org/

 Can be easily installed via pip

pip install nltk

https://www.nltk.org/


Installing NLTK Data

Roi Yehoshua, 202520

 To download the NLTK data, type in a Jupyter Notebook (or Python interpreter):

 A new window should open, showing the NLTK downloader

 Change the directory to C:\nltk_data (Windows) or /usr/local/share/nltk_data (Mac)



NLTK Corpora

Roi Yehoshua, 202521

 The corpora can be read using nltk.corpus

 The raw() method of the corpus returns the raw text of the entire corpus

 The word() method returns the text as a list of words



NLTK Corpora

Roi Yehoshua, 202522

 The fileids() method of the corpus returns a list of the corpus files

 You can use the raw() method to get the text of a specific file



Word Lists and Lexicons

Roi Yehoshua, 202523

 The NLTK data package also includes a number of lexicons and word lists

 For example, to get all the words in the English language:



Text Pre-Processing

Roi Yehoshua, 202524

 Before using text for NLP tasks we need to clean and normalize it

 This usually includes the following steps:

 Text cleaning

 Remove non-alphanumeric characters (e.g., punctuation marks or math symbols)

 Remove non-relevant text (e.g., HTML tags in web data)

 Lowercasing

 Convert all characters to lowercase to ensure uniformity (e.g., “The”, “THE”, “the” -> “the”)

 Tokenization: divide the text into tokens

 Removing stopwords (commonly used words, such as “a”, “the”)

 Stemming and lemmatization

 Reduce words to their root or base form



Tokenization

Roi Yehoshua, 202525

 Splitting a text into a sequence of tokens 

 Three main approaches

 Word-level tokenization

 Character-level tokenization

 Subword-level tokenization



Word-Level Tokenization

Roi Yehoshua, 202526

 Split the text into words

 Pros: Aligned with human’s language cognition

 Drawbacks: 

 Generates a large word vocabulary with many low-frequency words

 e.g., there are over 500,000 words in the English language

 Different forms of the same word will have different tokens, e.g., “dog” and “dogs”

 Out-of-vocabulary issue: words not in the training corpus will not be represented

 Need a special token to represent these words, e.g., [UNK]

 Can yield different segmentation results in different languages (e.g., Chinese words)



Character-Level Tokenization

Roi Yehoshua, 202527

 Split the text into characters

 Benefits

 Vocabulary is much smaller

 There are much fewer out-of-vocabulary (unknown) tokens

 Drawbacks

 The tokenization will produce a huge amount of tokens

 The tokens are less meaningful



Subword-Level Tokenization

Roi Yehoshua, 202528

 Idea: rare words should be decomposed into meaningful subwords

 Benefits

 Good coverage with small vocabularies

 Close to no unknown tokens

 Different approaches used in LLMs

 Byte-Pair Encoding (BPE), used in GPT

 WordPiece tokenization, used in BERT

 Unigram tokenization, used in multilingual models



Tokenization in NLTK

Roi Yehoshua, 202529

 The function word_tokenize() performs word-level tokenization

 Using NLTK’s recommended tokenizer



Tokenization in NLTK

Roi Yehoshua, 202530

 NLTK provides various tokenizer objects in the nltk.tokenize package 

 For example, using a RegexpTokenizer to get only alphanumeric tokens:



N-Grams

Roi Yehoshua, 202531

 nltk.util provides functions for computing n-grams (sequences of contiguous tokens)

 bigrams(), trigrams(), ngrams()



Stop Words

Roi Yehoshua, 202532

 Stop words are commonly used words in a language, such as “a”, “the”, “is”, “on”

 They are often filtered out since they carry little semantic value

 We can use the stopwords list in NLTK to filter out these words:



Stemming

Roi Yehoshua, 202533

 Word stem is the base form (or root form) of a word

 New words are created by attaching affixes to a stem in a process known as inflection

 The inflection of verbs is called conjugation

 Stemming removes morphological affixes from words, leaving only the word stem

The boy's cars have different colors the boy car have differ color



Stemming

Roi Yehoshua, 202534

 NLTK includes a few stemmers, the most common one is PorterStemmer



Lemmatization

Roi Yehoshua, 202535

 Lemmatization reduces a word to its base or dictionary form called lemma

 Unlike stemming, lemmatization considers the morphological context of the word

 The output of lemmatization is always a proper word

 e.g., stemming may convert “better” to “bett”, while lemmatization converts it to “good”

 The class WordNetLemmatizer perform lemmatizations using the WordNet lexicon



Part-of-Speech (POS) Tagging

Roi Yehoshua, 202536

 Identify the grammatical part of each word 

 e.g., nouns, verbs, adjectives, adverbs, pronouns, prepositions, conjunctions, etc.

 You can use the function nltk.pos_tag() to tag a given list of tokens:



Named Entity Recognition (NER)

Roi Yehoshua, 202537

 NER locates and classifies named entities in the text into predefined categories

 The main categories are:

 Person: Names of individuals

 Organization: Names of companies, institutions, agencies, and other groups

 Location: Names of geographical entities, like cities, countries, rivers, etc.

 Other categories include dates and times, monetary values, events, languages, etc.

 It is a crucial step before many NLP tasks, e.g., question answering and translation



Named Entity Recognition (NER)

Roi Yehoshua, 202538

 The method nltk.chunk.ne_chunk() performs an NER on a list of tagged tokens:

 Requires the svgling package for displaying the syntax tree (pip install svgling)



Syntax Trees

Roi Yehoshua, 202539

 Syntax tree is a tree representation of syntactic structure of sentences



Syntax Trees

Roi Yehoshua, 202540

 Display a syntax tree in NLTK:



Computing BLEU Score

Roi Yehoshua, 202541

 The nltk.translate.bleu_score module provides functions to calculate the BLEU score 
for a given set of reference translations and a candidate translation



The SpaCy Library

Roi Yehoshua, 202542

 Provides tools for common NLP tasks

 e.g., tokenization, part-of-speech tagging, NER, word vectors

 Has a customizable pipeline

 Supports multiple languages

 Provides integration with deep learning models

 Home page: https://spacy.io/

 Can be easily installed via pip

pip install spacy

https://spacy.io/


SpaCy Architecture

Roi Yehoshua, 202543

 Language is the core class for processing text

 Contains the shared vocabulary, tokenization rules, and a processing pipeline

 Created by loading a SpaCy model using the spacy.load() function

 A Doc object is created by processing a string of text with a language model

 Each individual token in the Doc is represented as a Token object

Source: https://spacy.io/api

https://spacy.io/api


Processing Pipeline

Roi Yehoshua, 202544

 A pipeline consists of several components that are applied in sequence to Doc 

 such as tokenizer, tagger, parser, named entity recognizer

 Can contain custom components such as statistical models

 Each of these components adds additional information to the Doc object



Loading SpaCy Models

Roi Yehoshua, 202545

 After installing SpaCy, you need to download an NLP model

 A model includes tokenizer, tagger, parser and NER

 SpaCy offers various models for different languages

 For example, to download a small English model, use the following:

 To load the model in the script, use the following code:

python -m spacy download en_core_web_sm



Text Processing

Roi Yehoshua, 202546

 To process some text, simply pass it to the loaded SpaCy model

 This will create a Doc object that has been processed through the NLP pipeline

 It is constructed by a Tokenizer and modified in place by the components of the pipeline

 The Doc object owns the sequence of tokens and all their annotations

 We can iterate over the Doc object to access each token:



POS Tagging and Lemmatization

Roi Yehoshua, 202547

 SpaCy’s tokenization process provides various attributes for each token

 For example, you can access the lemma, part of speech, or whether the token is an 
alphabetic word:



NER

Roi Yehoshua, 202548

 Use doc.ents to get the entities and their categories:



Example: Document Classification

Roi Yehoshua, 202549

 In the following example we’ll use a Naïve Bayes classifier to classify text documents 
into different categories

 The “Twenty Newsgroups” dataset contains around 20,000 newsgroups posts, 
partitioned (nearly) evenly across 20 topics

 It has become popular for experiments in text applications of ML techniques, such as 
text classification and text clustering

 You can download the data set using the function fetch_20newsgroups():

 The training and test sets need to be downloaded separately

 It may take a few minutes to download the data the first time you try to load it:



Example: Document Classification

Roi Yehoshua, 202550

 Let's take a look at the list of category names:



Example: Document Classification

Roi Yehoshua, 202551

 The text files themselves are loaded in the data attribute

 The category index of each document is stored in the target attribute



Text Analysis

Roi Yehoshua, 202552

 In order to perform ML on text documents, we first need to turn the text content 
into numerical feature vectors (or “vectorize” the text)

 This process typically involves two steps:

 Pre-process, clean, and normalize the text

 Transform the text documents into numerical representations



Text Preprocessing

Roi Yehoshua, 202553

 Common pre-processing techniques include:

 Normalization (e.g., lower casing and removal of special characters)

 Tokenization

 Removal of stop words

 Stemming / Lemmatization

Normalize

Tokenize

Remove 
stop words

Lemmatization

“Roi went to teach in the University.” 

“roi went to teach in the university” 

<“roi”, “went”, “to”, “teach”, “in”, “the”, “university”>

<“roi”, “went”, “teach”, “university”>

<“roi”, “go”, “teach”, “university”>



Representing Text as Numbers

Roi Yehoshua, 202554

 Common strategies for converting text into numerical vectors:

 Bag of words model

 TF-IDF vectors

 Word embeddings 



Bag of Words (BoW) Model

Roi Yehoshua, 202555

 Each document is represented by a word counts vector

 Assign a fixed integer id to each word occurring in any document of the training set 

 e.g., by building a dictionary from words to integer indices

 For each document i, count the number of occurrences of each word w and store it 
in X[i, j] as the value of feature j where j is the index of word w in the dictionary

 X is called a document-term matrix

 This matrix is very sparse: most values of X are 0



CountVectorizer

Roi Yehoshua, 202556

 Converts a collection of text documents to a matrix of token counts

 Also includes text preprocessing, tokenizing and filtering of stopwords

Argument Description

lowercase Convert all characters to lowercase before tokenizing

analyzer Whether the feature should be made of word or character n-grams

stop_words Can be ‘english’ or a list of stop words

token_pattern Regular expression denoting what constitutes a “token”

ngram_range The lower and upper boundary of the range of n-values for different n-grams to be extracted

max_df Ignore terms that have a document frequency strictly higher than the given threshold

min_df Ignore terms that have a document frequency strictly lower than the given threshold



CountVectorizer

Roi Yehoshua, 202557

 Example using a sample corpus with 4 short documents:



CountVectorizer

Roi Yehoshua, 202558

 Once fitted, the vectorizer has built a dictionary that maps words to feature indices:

 get_feature_names() returns array mapping from feature indices to words:



CountVectorizer

Roi Yehoshua, 202559

 CountVectorizer returns the document-term matrix as a SciPy sparse matrix

 Some Scikit estimator classes cannot handle sparse matrices (e.g., CategoricalNB)

 You can convert it to a standard NumPy array by calling its toarray() method



TF-IDF Model

Roi Yehoshua, 202560

 Issues with the bag of words model:

 Longer documents have higher average word count values than shorter documents, even 
though they might discuss the same topics

 Some of the words appear in many documents in the corpus and are therefore less 
informative than those that occur in a small subset of the corpus

 TF-IDF stands for “Term Frequency times Inverse Document Frequency”

 TF-IDF scales down the impact of words that occur frequently in the corpus

 It combines two metrics:

 tf – term frequency

 idf – inverse document frequency



TF-IDF Model

Roi Yehoshua, 202561

 Given a corpus of documents D

 For a term t in document d we compute:

 Then tf-idf is calculated as:

frequency of term t 
in document d

number of documents that 
contain the term t

number of terms in 
document d



Example of TF-IDF

Roi Yehoshua, 202562

 Given the following term count tables of two documents:

 The tf-idf of the word “example” is:



TfidfVectorizer

Roi Yehoshua, 202563

 Converts a collection of text documents to a matrix of TF-IDF features

 Equivalent to CountVectorizer followed by TfidfTransformer

 It has similar parameters to CountVectorizer



TfidfVectorizer

Roi Yehoshua, 202564

 Example using the previous sample corpus:



Example: Text Classification

Roi Yehoshua, 202565

 Let’s define a pipeline that combines TF-IDF vectorizer and a Naïve Bayes classifier

 The variant of NB most suitable for word counts / TF-IDF is multinomial Naïve Bayes

 We can now train the model with a single command:



Example: Text Classification

Roi Yehoshua, 202566

 Evaluation of the performance on the training and test sets:



Example: Text Classification

Roi Yehoshua, 202567

 Confusion matrix between the true and predicted labels on the test set:

 Posts from the newsgroups on atheism (#0) and Christianity (#15) are often confused



Example: Text Classification

Roi Yehoshua, 202568

 We can now use the model to predict the category of new documents:



Handling Continuous Attributes

Roi Yehoshua, 202569

 There are two ways to handle continuous attributes in Naïve Bayes models:

 Discretize each continuous attribute

 Assume the continuous attribute has a certain form of probability distribution and 
estimate the parameters of the distribution from the training set

 Typically a normal distribution is assumed



Gaussian Naïve Bayes

Roi Yehoshua, 202570

 The distribution of the features given the class is assumed to be Gaussian:

 The MLE estimates of the parameters jk, jk are the mean and standard deviation of 
feature xj over all the data points that belong to class y in the training set 



Gaussian Naïve Bayes

Roi Yehoshua, 202571

 For example, imagine that you have the following data:



Gaussian Naïve Bayes

Roi Yehoshua, 202572

 We first split the data into training and test sets:

 We now use GaussianNB to fit a Gaussian Naïve Bayes model to the data:

 The scores on the training and test sets are:



Gaussian Naïve Bayes

Roi Yehoshua, 202573

 We can now use the fitted model to predict the class label for new samples:



Gaussian Naïve Bayes

Roi Yehoshua, 202574

 We can also plot the decision boundary between the two classes:

 In general, the decision boundary will have a quadratic form 
 Unless the features have the same covariance matrix, in which case the quadratic part cancels 

out and the decision boundary is linear



Heterogonous Data Sets

Roi Yehoshua, 202575

 The following data set contains both categorical and continuous attributes

 In this case we can compute the class-conditional probability for each categorical 
attribute, along with the sample mean and variance for the continuous attributes



Heterogonous Data Sets

Roi Yehoshua, 202576

 Predict the class label of a test sample 
x = (Home Owner = No, Marital Status = Married, Income = $120K)

 Using the information in the previous figure, the class-conditional probabilities are:

 The prior probabilities of the classes are P(Yes) = 0.3 and P(No) = 0.7

 Therefore, the posterior probabilities are:

 Since P(No|x) > P(Yes|x), the sample is classified as No



Naïve Bayes Summary

Roi Yehoshua, 202577

Pros

 Very fast both in training and prediction

 Provide class probability estimates

 Easily interpretable

 Robust to noise

 Noise points are averaged out when estimating 
the conditional probabilities

 Can handle missing values

 Missing values are ignored when computing the 
conditional probability estimates

 Robust to irrelevant attributes

 Works well with high-dimensional data

 Very few hyperparameters

Cons

 Relies on the Naïve Bayes assumption

 Correlated attributes can degrade the 
performance of the classifier 

 Cannot handle continuous attributes 
without assumptions on the distribution

 Generally doesn’t perform as well as more 
complex models

 Can be used only for classification


	Slide 1
	Slide 2: Agenda
	Slide 3: The Naive Bayes Model
	Slide 4: Naive Bayes Classification
	Slide 5: Bernoulli Naive Bayes
	Slide 6: Categorical Naive Bayes
	Slide 7: Categorical Naive Bayes Example
	Slide 8: Categorical Naive Bayes Example
	Slide 9: Categorical Naive Bayes Example
	Slide 10: Multinomial Naive Bayes
	Slide 11: Multinomial Naïve Bayes
	Slide 12: Example: Spam Filter
	Slide 13: The Zero Frequency Problem
	Slide 14: Laplace Smoothing
	Slide 15: Example: Laplace Smoothing
	Slide 16: Naïve Bayes in Scikit-Learn
	Slide 17: Python Libraries for Text Analysis
	Slide 18: Python Libraries for NLP
	Slide 19: NLTK (Natural Language Toolkit)
	Slide 20: Installing NLTK Data
	Slide 21: NLTK Corpora
	Slide 22: NLTK Corpora
	Slide 23: Word Lists and Lexicons
	Slide 24: Text Pre-Processing
	Slide 25: Tokenization
	Slide 26: Word-Level Tokenization
	Slide 27: Character-Level Tokenization
	Slide 28: Subword-Level Tokenization
	Slide 29: Tokenization in NLTK
	Slide 30: Tokenization in NLTK
	Slide 31: N-Grams
	Slide 32: Stop Words
	Slide 33: Stemming
	Slide 34: Stemming
	Slide 35: Lemmatization
	Slide 36: Part-of-Speech (POS) Tagging
	Slide 37: Named Entity Recognition (NER)
	Slide 38: Named Entity Recognition (NER)
	Slide 39: Syntax Trees
	Slide 40: Syntax Trees
	Slide 41: Computing BLEU Score
	Slide 42: The SpaCy Library
	Slide 43: SpaCy Architecture
	Slide 44: Processing Pipeline
	Slide 45: Loading SpaCy Models
	Slide 46: Text Processing
	Slide 47: POS Tagging and Lemmatization
	Slide 48: NER
	Slide 49: Example: Document Classification
	Slide 50: Example: Document Classification
	Slide 51: Example: Document Classification
	Slide 52: Text Analysis
	Slide 53: Text Preprocessing
	Slide 54: Representing Text as Numbers
	Slide 55: Bag of Words (BoW) Model
	Slide 56: CountVectorizer
	Slide 57: CountVectorizer
	Slide 58: CountVectorizer
	Slide 59: CountVectorizer
	Slide 60: TF-IDF Model
	Slide 61: TF-IDF Model
	Slide 62: Example of TF-IDF
	Slide 63: TfidfVectorizer
	Slide 64: TfidfVectorizer
	Slide 65: Example: Text Classification
	Slide 66: Example: Text Classification
	Slide 67: Example: Text Classification
	Slide 68: Example: Text Classification
	Slide 69: Handling Continuous Attributes
	Slide 70: Gaussian Naïve Bayes
	Slide 71: Gaussian Naïve Bayes
	Slide 72: Gaussian Naïve Bayes
	Slide 73: Gaussian Naïve Bayes
	Slide 74: Gaussian Naïve Bayes
	Slide 75: Heterogonous Data Sets
	Slide 76: Heterogonous Data Sets
	Slide 77: Naïve Bayes Summary

