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Topic Modelling – Roadmap
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Topic Modelling – Textbook

Programming Collective Intelligence: Building Smart Web 2.0 
Applications T. Segaran. 
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Topic Modelling – Overview (1/4)

Topic modeling is an unsupervised document classification method, akin to 
clustering in numerical data analysis

Credit: Jo Grundy
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Topic Modelling – Overview (2/4)

Credit: Jo Grundy
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Topic Modelling – Overview (3/4)
Non-negative Matrix Factorisation (NMF)
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Credit: Jo Grundy
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Topic Modelling – Overview (4/4)

Credit: Andrew Levandoski, Jonathan Lobo
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𝑃 𝑑 can be determined directly from our corpus. 
𝑃 𝑤 𝑧 , 𝑃 𝑧 𝑑 are modeled as multinomial 
distributions, and can be trained using 
the expectation-maximization algorithm (EM)

Probabilistic LSA (PLSA)

https://en.wikipedia.org/wiki/Expectation%E2%80%93maximization_algorithm
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Topic Modelling – Learning Outcomes

o LO1: Demonstrate an understanding of techniques for finding 
independent features for topic modeling, such as: (exam)

v Comprehending the core concepts of NMF and apply NMF on a dataset

v Understanding the key idea and steps of probabilistic models like PLSA and LDA

v Discussing the advantages and disadvantages of the learned algorithms

o LO2: Implement the learned algorithms for topic modeling 
(coursework)

Assessment hints: Multi-choice Questions (single answer: concepts, calculation etc)

o Textbook Exercises: textbooks (Programming + Mining) 
o Other Exercises: https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf
o ChatGPT or other AI-based techs 

https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf
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Topic Modelling – Introduction

Credit: Jo Grundy
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Topic Modelling – NMF

Credit: Jo Grundy
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Topic Modelling – NMF

Credit: Jo Grundy
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Topic Modelling – NMF

Credit: Jo Grundy
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Topic Modelling – NMF Algorithm

Credit: Jo Grundy
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Topic Modelling – NMF Algorithm

Credit: Jo Grundy
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Topic Modelling – NMF Algorithm

Credit: Jo Grundy
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Topic Modelling – NMF Algorithm

Credit: Jo Grundy
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Topic Modelling – NMF Examples

http://lsa.colorado.edu/papers/dp1.LSAintro.pdf 

Credit: Jo Grundy

http://lsa.colorado.edu/papers/dp1.LSAintro.pdf
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Topic Modelling – NMF Examples

Credit: Jo Grundy
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Topic Modelling – NMF Examples
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Credit: Jo Grundy
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Topic Modelling – NMF Algorithm

Credit: Jo Grundy
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Finding Features – NMF Examples

Credit: Jo Grundy
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Finding Features – NMF Examples

Credit: Jo Grundy
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Topic Modelling – Probabilistic Models

Credit: Jo Grundy
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Topic Modelling – Probabilistic Models

Credit: Jo Grundy
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Topic Modelling – PLSA

Credit: Andrew Levandoski, Jonathan Lobo
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Topic Modelling – PLSA

Credit: Andrew Levandoski, Jonathan Lobo
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𝑃 𝑑 can be determined directly from our corpus. 
𝑃 𝑤 𝑧 , 𝑃 𝑧 𝑑 are modeled as multinomial 
distributions, and can be trained using 
the expectation-maximization algorithm (EM)

https://en.wikipedia.org/wiki/Expectation%E2%80%93maximization_algorithm


27 /34

Topic Modelling – PLSA

Credit: Andrew Levandoski, Jonathan Lobo



28 /34

Topic Modelling – LDA

Proposed by David Blei, Andrew Ng, Michael Jordan, https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf 

Credit: Jo Grundy

Dirichlet Distribution: A ’distribution’ of distribution’

In particular, it uses Dirichlet priors for the document-topic and 
word-topic distributions, lending itself to better generalization

Generalize PLSA by changing the fixed d to a Dirichlet prior

https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf
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Topic Modelling – LDA

Credit: Andrew Levandoski, Jonathan Lobo

𝑝(𝑧|𝑑)

𝑝(𝑤|𝑧)

Choose a topic 𝑧!~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜃)

Choose a word 𝑤! from 𝑝(𝑤!|𝑧!, 𝛽), a 
multinomial probability conditioned on 𝑧! 
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Topic Modelling – LDA

𝑝(𝑤|𝑧)

𝑝(𝑧|𝑑)

https://ppasupat.github.io/a9online/wtf-is/lsa-plsa-lda.html 

https://ppasupat.github.io/a9online/wtf-is/lsa-plsa-lda.html
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Topic Modelling – LDA

https://ppasupat.github.io/a9online/wtf-is/lsa-plsa-lda.html 

𝑝(𝑤|𝑧)

𝑝(𝑧|𝑑)

https://ppasupat.github.io/a9online/wtf-is/lsa-plsa-lda.html
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Topic Modelling – LDA vs. PLSA

LDA typically works better than PLSA because it can generalize 
to new documents easily

o In PLSA, the document probability is a fixed point in the dataset. 
If we haven’t seen a document, we don’t have that data point. 

o In LDA, the dataset serves as training data for the Dirichlet 
distribution of document-topic distributions. If we haven’t seen 
a document, we can easily sample from the Dirichlet distribution 
and move forward from there.
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Topic Modelling – LDA

https://www.cs.columbia.edu/%7Eblei/talks/Blei_MLSS_2012.pdf Credit: Jo Grundy

https://www.cs.columbia.edu/~blei/talks/Blei_MLSS_2012.pdf
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Topic Modelling – Summary

Credit: Jo Grundy


