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Syllabus
Week    Date    Subject/Topics

1   2023/09/13   Introduction to Artificial Intelligence for Text Analytics

2   2023/09/20   Foundations of Text Analytics: 
                              Natural Language Processing (NLP)

3   2023/09/27   Python for Natural Language Processing

4   2023/10/04   Natural Language Processing with Transformers

5   2023/10/11   Case Study on Artificial Intelligence for Text Analytics I

6   2023/10/18   Text Classification and Sentiment Analysis
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Syllabus
Week    Date    Subject/Topics

7   2023/10/25   Multilingual Named Entity Recognition (NER)

8   2023/11/01   Midterm Project Report

9   2023/11/08   Text Similarity and Clustering

10 2023/11/15   Text Summarization and Topic Models

11 2023/11/22   Text Generation with Large Language Models (LLMs)

12 2023/11/29   Case Study on Artificial Intelligence for Text Analytics II
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Syllabus
Week    Date    Subject/Topics

13   2023/12/06   Question Answering and Dialogue Systems

14   2023/12/13   Deep Learning, Generative AI, Transfer Learning, 
                                Zero-Shot, and Few-Shot Learning for Text Analytics

15   2023/12/20   Final Project Report I

16   2023/12/27   Final Project Report II

17   2024/01/03   Self-learning

18   2024/01/10   Self-learning
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Text Similarity 
Text Clustering

Text Summarization 
Topic Models
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Outline
•Text Similarity
• Analyzing and quantifying the likeness between text documents.

•Text Clustering
• Grouping similar text documents using various algorithms.

•Text Summarization
• Condensing text data into a shorter, coherent form.

•Topic Models
• Identifying underlying themes or topics within text collections.

6Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress.



Text Similarity 
and 

Clustering
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Text Similarity and Clustering
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Text Dataset 
(Unsupervised)

Text Pre-Processing

Feature Extraction
(Vectorization) (TF-IDF)(Embedding)

Text Similarity

Text Clustering



Source: Sowmya Vajjala, Bodhisattwa Majumder, Anuj Gupta (2020), Practical Natural Language Processing: A Comprehensive Guide to Building Real-World NLP Systems, O'Reilly Media.
9Source: https://www.amazon.com/Practical-Natural-Language-Processing-Pragmatic/dp/1492054054

https://www.amazon.com/Practical-Natural-Language-Processing-Pragmatic/dp/1492054054


Text Similarity and Clustering
•How do we measure similarity between 

terms and documents?
•How can we use distance measures to 

find the most relevant documents?
•How can we build a recommender system from text 

similarity?
•How do we group similar documents (document 

clustering)?

10Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress.



Text Similarity and Clustering

• Information Retrieval (IR)
• Feature Engineering
• Similarity Measures
•Unsupervised Machine Learning Algorithms

11Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress.



Text Similarity

• Lexical similarity
• Syntax, structure, and content 

of the documents
• Semantic similarity
• Semantics, meaning, and context 

of the documents

12Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress.



Cosine Similarity
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NLP

14Source: http://blog.aylien.com/leveraging-deep-learning-for-multilingual/



15Source: https://github.com/fortiema/talks/blob/master/opendata2016sh/pragmatic-nlp-opendata2016sh.pdf

Modern NLP Pipeline



Modern NLP Pipeline

16Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/



Deep Learning NLP

17Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/



Text Similarity 

18Source: https://tfhub.dev/google/universal-sentence-encoder/4

Semantic Similarity



Text Similarity 
Text Classification 

19Source: https://tfhub.dev/google/universal-sentence-encoder/4

Classification

Semantic Similarity



Semantic Textual Similarity

20Source: https://tfhub.dev/google/universal-sentence-encoder/4



Natural Language Processing (NLP) 
and Text Mining

21

Raw text

Tokenization

Stop word removal

Stemming / Lemmatization

Part-of-Speech (POS)

Dependency Parser

Source: Nitin Hardeniya (2015), NLTK Essentials, Packt Publishing; Florian Leitner (2015), Text mining - from Bayes rule to dependency parsing

Sentence Segmentation

String Metrics & Matching

word’s stem
am à am
having à hav

word’s lemma
am à be
having à have
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Data Mining Tasks & Methods

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Example of Cluster Analysis
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Cluster Analysis
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Cluster Analysis

• Used for automatic identification of 
natural groupings of things
• Part of the machine-learning family 
• Employ unsupervised learning
• Learns the clusters of things from past data, then assigns new 

instances
• There is not an output variable
• Also known as segmentation

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 26



Cluster Analysis

27

Clustering of a set of objects based on the k-means method. 
(The mean of each cluster is marked by a “+”.)

Source: Han & Kamber (2006)
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Cluster Analysis for Data Mining
• How many clusters?

• There is not a “truly optimal” way to calculate it

• Heuristics are often used
1. Look at the sparseness of clusters

2. Number of clusters = (n/2)1/2 (n: no of data points)

3. Use Akaike information criterion (AIC)

4. Use Bayesian information criterion (BIC)

• Most cluster analysis methods involve the use of a 
distance measure to calculate the closeness between 
pairs of items 

• Euclidian versus Manhattan (rectilinear) distance

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 29



k-Means Clustering Algorithm
• k : pre-determined number of clusters

• Algorithm (Step 0: determine value of k)

Step 1: Randomly generate k random points as initial 
cluster centers

Step 2: Assign each point to the nearest cluster center

Step 3: Re-compute the new cluster centers

Repetition step: Repeat steps 2 and 3 until some 
convergence criterion is met (usually that the 
assignment of points to clusters becomes stable)

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 30



Cluster Analysis for Data Mining - 
k-Means Clustering Algorithm

 Step 1 Step 2 Step 3

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 31



Similarity

Distance
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Similarity and Dissimilarity 
Between Objects

• Distances are normally used to measure the similarity or 
dissimilarity between two data objects

• Some popular ones include: Minkowski distance:

where  i = (xi1, xi2, …, xip) and j = (xj1, xj2, …, xjp) are two p-
dimensional data objects, and q is a positive integer

• If q = 1, d is Manhattan distance

q q

pp

qq

jxixjxixjxixjid )||...|||(|),(
2211

-++-+-=

||...||||),(
2211 pp jxixjxixjxixjid -++-+-=

33Source: Han & Kamber (2006)



Similarity and Dissimilarity Between 
Objects (Cont.)

• If q = 2, d is Euclidean distance:

• Properties

• d(i,j) ³ 0

• d(i,i) = 0

• d(i,j) = d(j,i)

• d(i,j) £ d(i,k) + d(k,j)

• Also, one can use weighted distance, parametric Pearson 
product moment correlation, or other disimilarity measures

)||...|||(|),( 22

22

2

11 pp jxixjxixjxixjid -++-+-=

34Source: Han & Kamber (2006)



Euclidean distance vs
 Manhattan distance 

• Distance of two point x1 = (1, 2) and x2 (3, 5)

35

1 2 3

1

2

3

4

5 x2 (3, 5)

2
x1 = (1, 2)

33.61

Euclidean distance:
= ((3-1)2 + (5-2)2 )1/2

= (22 + 32)1/2

= (4 + 9)1/2

= (13)1/2

= 3.61

Manhattan distance:
= (3-1) + (5-2)
= 2 + 3
= 5



The K-Means Clustering Method 
• Example
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K=2

Arbitrarily choose K 
object as initial 
cluster center

Assign 
each 
objects 
to most 
similar 
center

Update 
the 
cluster 
means

Update 
the 
cluster 
means

reassignreassign

36Source: Han & Kamber (2006)



37

K-Means Clustering
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Step 2: Compute seed points as the centroids of the clusters of the current partition
Step 3: Assign each objects to most similar center

m1 = (3, 4)

K-Means Clustering
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M2 = (8, 5)

Step 2: Compute seed points as the centroids of the clusters of the current partition
Step 3: Assign each objects to most similar center

m1 = (3, 4)

K-Means Clustering

Euclidean distance 
b(3,6) ßàm2(8,5)
= ((8-3)2 + (5-6)2 )1/2

= (52 + (-1)2)1/2

= (25 + 1)1/2

= (26)1/2

= 5.10

Euclidean distance 
b(3,6) ßàm1(3,4)
= ((3-3)2 + (4-6)2 )1/2

= (02 + (-2)2)1/2

= (0 + 4)1/2

= (4)1/2

= 2.00
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Step 4: Update the cluster means, 
             Repeat Step 2, 3, 
             stop when no more new assignment

K-Means Clustering
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Step 4: Update the cluster means, 
             Repeat Step 2, 3,
             stop when no more new assignment

K-Means Clustering
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K-Means Clustering



K-Means Clustering (K=2, two clusters)
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K-Means Clustering
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gensim

48https://radimrehurek.com/gensim/

https://radimrehurek.com/gensim/


spaCy

49https://spacy.io/

https://spacy.io/


50

Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101


Text Summarization 
and 

Topic Models
53



Outline

54

• Text Summarization
• Extractive Text Summarization
• Abstractive Text Summarization
• PEGASUS: Abstractive Summarization

• Topic Models
• Topic Modeling
• Latent Dirichlet Allocation (LDA)
• BERTopic



Text Summarization 

55
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Text Summarization

https://huggingface.co/tasks/summarization

https://huggingface.co/tasks/summarization
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Text Summarization

https://huggingface.co/tasks/summarization

https://huggingface.co/tasks/summarization
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T5
Text-to-Text Transfer Transformer

Source: JColin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi Zhou, Wei Li, and Peter J. Liu (2019). "Exploring the limits of transfer learning with a unified text-to-text transformer." arXiv preprint arXiv:1910.10683 (2019).



Text Summarization and 
Information Extraction

• Key-phrase extraction
• extracting key influential phrases from the documents.

• Topic modeling
• Extract various diverse concepts or topics present in the 

documents, retaining the major themes.

• Document summarization
• Summarize entire text documents to provide a gist that retains 

the important parts of the whole corpus.

59Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress. 



Natural Language Processing (NLP) 
and Text Mining

60

Raw text

Tokenization

Stop word removal

Stemming / Lemmatization

Part-of-Speech (POS)

Dependency Parser

Source: Nitin Hardeniya (2015), NLTK Essentials, Packt Publishing; Florian Leitner (2015), Text mining - from Bayes rule to dependency parsing

Sentence Segmentation

String Metrics & Matching

word’s stem
am à am
having à hav

word’s lemma
am à be
having à have



Text Summarization

61
Source: Vishal Gupta and Gurpreet S. Lehal (2009), "A survey of text mining techniques and applications," 

Journal of emerging technologies in web intelligence, vol. 1, no. 1, pp. 60-76.

Pre-processingDictionary / 
Thesaurus Text Structure Analysis

Text Input

Summary Output

Smoothing

Word Segmentation

Keyword Extraction

POS Tagging

Occurrence Statistic

Weigh Words & Sentences

Sentences Selection

Rough Summary Generation



Topic Modeling

62Source: Blei, David M. "Probabilistic topic models." Communications of the ACM 55, no. 4 (2012): 77-84.
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Automatic Text Summarization

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.

(a) Single-document or (b) Multi-document, automatic text summarizer
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Classification of Automatic Text Summarization Systems

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.
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Automatic Text Summarization Approaches

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.
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Extractive Text Summarization System

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.



67

Abstractive Text Summarization System

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.



68

Hybrid Text Summarization System

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.
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Single-sentence and Multi-sentence 
Text Summarization Operations

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.
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Automatic Text Summarization Building Blocks

Source: Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, and Hoda K. Mohamed (2021). "Automatic text summarization: A comprehensive survey." Expert Systems with Applications 165 (2021): 113679.
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PEGASUS: 
Pre-training with Extracted Gap-sentences for Abstractive Summarization

Source: Jingqing Zhang, Yao Zhao, Mohammad Saleh, and Peter Liu (2020). "Pegasus: Pre-training with extracted gap-sentences for abstractive summarization." In International Conference on Machine Learning, pp. 11328-11339. PMLR, 2020.



Topic Modeling
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Topic Model in Bioinformatics

73
Source: Liu, Lin, Lin Tang, Wen Dong, Shaowen Yao, and Wei Zhou. "An overview of topic modeling and its current applications in bioinformatics." 

SpringerPlus 5, no. 1 (2016): 1608.



Topic Modeling

74Source: Avinash Navlani (2018), Latent Semantic Analysis using Python, 
https://www.datacamp.com/community/tutorials/discovering-hidden-topics-python



Topic Modeling (Unsupervised Learning) 
vs. 

Text Classification (Supervised Learning)

75Source: Avinash Navlani (2018), Latent Semantic Analysis using Python, 
https://www.datacamp.com/community/tutorials/discovering-hidden-topics-python



Topic Modeling
Term Document Matrix to 

Topic Distribution

76Source: Avinash Navlani (2018), Latent Semantic Analysis using Python, 
https://www.datacamp.com/community/tutorials/discovering-hidden-topics-python



Topic Modeling
Latent Dirichlet Allocation 

(LDA)

77

D documents
N words
K topics

Source: Hoffman, Matthew D., David M. Blei, Chong Wang, and John Paisley. 
"Stochastic variational inference." The Journal of Machine Learning Research 14, no. 1 (2013): 1303-1347.
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Latent 
Dirichlet 
Allocation 
(Blei et al., 
2003)

Source: Blei, David M., Andrew Y. Ng, and Michael I. Jordan. "Latent dirichlet allocation." Journal of machine Learning research 3, no. Jan (2003): 993-1022.
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Topic Modeling Using Latent Dirichlet allocation 
(LDA)

Source: Uttam Chauhan, and Apurva Shah (2021). "Topic modeling using latent Dirichlet allocation: A survey." ACM Computing Surveys (CSUR) 54, no. 7 (2021): 1-35.
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Topic Modeling Technique

Source: Uttam Chauhan, and Apurva Shah (2021). "Topic modeling using latent Dirichlet allocation: A survey." ACM Computing Surveys (CSUR) 54, no. 7 (2021): 1-35.
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The Generative Process of Latent Dirichlet Allocation 
(LDA)

Source: Uttam Chauhan, and Apurva Shah (2021). "Topic modeling using latent Dirichlet allocation: A survey." ACM Computing Surveys (CSUR) 54, no. 7 (2021): 1-35.
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Topic Visualization as Word Clouds

Source: Uttam Chauhan, and Apurva Shah (2021). "Topic modeling using latent Dirichlet allocation: A survey." ACM Computing Surveys (CSUR) 54, no. 7 (2021): 1-35.
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LDAvis: Gensim Topic Model Visualization

Source: Uttam Chauhan, and Apurva Shah (2021). "Topic modeling using latent Dirichlet allocation: A survey." ACM Computing Surveys (CSUR) 54, no. 7 (2021): 1-35.



BERTopic
Neural topic modeling with a class-based TF-IDF procedure

84https://github.com/MaartenGr/BERTopic

Maarten Grootendorst (2022). "BERTopic: Neural topic modeling with a class-based TF-IDF procedure." 
arXiv preprint arXiv:2203.05794 (2022).

https://spacy.io/


Topic Modeling
• Latent Dirichlet Allocation (LDA)
• Versatile for large datasets.

• BERTopic
• Advanced, contextual language understanding.

• Non-Negative Matrix Factorization (NMF)
• Fast, effective clustering.

• Latent Semantic Analysis (LSA)
• Latent Semantic Indexing (LSI), Efficient, initial data exploration.

• Hierarchical Dirichlet Process (HDP)
• Adaptable, nonparametric approach.
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gensim

86https://radimrehurek.com/gensim/

https://radimrehurek.com/gensim/


spaCy

87https://spacy.io/

https://spacy.io/


NLP Benchmark Datasets

88Source: Amirsina Torfi, Rouzbeh A. Shirvani, Yaser Keneshloo, Nader Tavvaf, and Edward A. Fox  (2020). 
"Natural Language Processing Advancements By Deep Learning: A Survey." arXiv preprint arXiv:2003.01200.
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Hugging Face Tasks
Natural Language Processing

https://huggingface.co/tasks

https://huggingface.co/


NLP with Transformers Github

90https://github.com/nlp-with-transformers/notebooks

https://github.com/nlp-with-transformers/notebooks


NLP with Transformers Github Notebooks

91https://github.com/nlp-with-transformers/notebooks

https://github.com/nlp-with-transformers/notebooks
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
https://tinyurl.com/aintpupython101
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Text Summarization

from transformers import pipeline
summarizer = pipeline("summarization")
outputs = summarizer(text, max_length=45, clean_up_tokenization_spaces=True)
print(outputs[0]['summary_text'])

Bumblebee ordered an Optimus Prime action figure from your 
online store in Germany. Unfortunately, when I opened the 
package, I discovered to my horror that I had been sent an 
action figure of Megatron instead.

text = """Dear Amazon, last week I ordered an Optimus Prime action figure \
from your online store in Germany. Unfortunately, when I opened the package, \
I discovered to my horror that I had been sent an action figure of Megatron \
instead! As a lifelong enemy of the Decepticons, I hope you can understand my \
dilemma. To resolve the issue, I demand an exchange of Megatron for the \
Optimus Prime figure I ordered. Enclosed are copies of my records concerning \
this purchase. I expect to hear from you soon. Sincerely, Bumblebee."""

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101


Summary
•Text Similarity
• Analyzing and quantifying the likeness between text documents.

•Text Clustering
• Grouping similar text documents using various algorithms.

•Text Summarization
• Condensing text data into a shorter, coherent form.

•Topic Models
• Identifying underlying themes or topics within text collections.

100Source: Dipanjan Sarkar (2019), Text Analytics with Python: A Practitioner’s Guide to Natural Language Processing, Second Edition. APress.
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