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CSCI 5622 Machine Learning 
Topic Modeling 

DATE  TOPIC  DUE 
Wed, Dec 2  Topic Modeling  Dra? Paper to Peers 
Mon, Dec 7  Sequence Learning & Planning  Peer Feedback Due 
Wed, Dec 9  Planning & Reinforcement Learning  Peer Feedback Grades 

Fri, Dec 11  ‐‐‐‐‐‐‐‐‐‐  Final Paper Due 
Tue, Dec 15  Peer PresentaPons  Peer project grades 

W 16th 7:30PM Final PresentaPons, Rm ECCR133  PresentaPons 
.. (Dec 16)  Mandatory a8endance & par;cipa;on Peer Project Ques;ons 

www.RodneyNielsen.com/teaching/CSCI5622‐F09/ 
Assistant Professor Adjunct, CU Dept. of Computer Science 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Vector Space RepresentaPon 

•  LSA 
- SemanPc info derived from word‐document co‐
occurrence matrix 

- Dimensionality reducPon essenPal part of 
semanPcs derivaPon 

- Words & Docs represented as points in Euclidean 
space 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Topic Model RepresentaPon 

•  Topic Modeling 
- SemanPc info derived from word‐document co‐
occurrence matrix 

- Dimensionality reducPon essenPal part of 
semanPcs derivaPon 

- Words & Docs represented as probabilisPc topics 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Topic Modeling 

•  Topic Modeling 
- GeneraPve model of documents 

•  Documents 
- Mixture of topics 

•  Topic 
- DistribuPon across words 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Topic Modeling 

•  Topic Modeling 
- GeneraPve model of documents 

•  GeneraPng a document 
- Select a distribuPon over topics: what topics will 
the document be about 

- GeneraPng the words 
•  Select a word at random according to the distribuPon 
of words over the topic 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Topic Modeling 

•  Use standard staPsPcal techniques to infer the 
set of topics used to generate a model 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Ex: Topics from an EducaPonal Corpus 
Sixteen highest probability words for four of 300 topics in TASA 

Drug Use Colors Mind & Memory Doctor Visits 

Steyvers & Griffiths (2007) 
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Topic Models 

•  Big advantage of Topic Modeling over 
Euclidean space representaPon 
- Topics are clearly interpretable 
- Axes of vector representaPon (e.g., 300 
dimensions of LSA) have no interpretaPon 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GeneraPve Models 

•  GeneraPve models for documents 
- Generate a document by probabilisPc selecPon of 
words based on some underlying distribuPon 
theory 

•  Learning the model 
- Search for maximum likelihood hypothesis given 
the data 
(Find values for latent variables that maximize the 
probability of generaPng the observed data, e.g., 
the observed words in the documents) 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GeneraPve Models 

•  ProbabilisPc generaPve process 

Steyvers & Griffiths (2007) 
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StaPsPcal Inference 

•  Learning the values of model’s latent variables 

Steyvers & Griffiths (2007) 
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Bag of Words AssumpPon 

•  The order of the words is irrelevant 
•  Only the frequency or probability of a word is 
important 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ProbabilisPc Topic Models 

•  Wide variety of probabilisPc topic models 
- All assume documents are mixtures of topics 

- Vary in distribuPonal assumpPons 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NotaPon 

•  P(zi = j): the probability that the ith word was 
generated by the jth topic 

•  P(wi|zi = j): the probability of generaPng word 
wi given the jth topic 

•  P(wi) = Σj  P(zi = j)P(wi|zi = j) 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Dirichlet DistribuPon 

€ 

Dir α1,...,αT( ) =
Γ α jj∑( )

Γ α j( )j∏
p j
α j −1

j=1

T

∏
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Dirichlet DistribuPon 

α = (6, 2, 2) α = (3, 7, 5) 

α = (6, 2, 6) α = (2, 3, 4) 
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Symmetric Dirichlet DistribuPon 
•  Symmetric Dirichlet distribuPon over 3 topics 

α =4 α =2 

•  Probability mass greater over black areas 

Steyvers & Griffiths (2007) 
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Symmetric Dirichlet DistribuPon 

α = 1 α < 1 

≈ 

•  Symmetric Dirichlet distribuPon over 3 topics 

•  Probability mass greater over black areas 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Topic Model Plate NotaPon 

•  Graphic model of topic models 

Θ(d) = Topic  
distribution for  
document d 

ϕ(z) = Word 
distribution  
for topic z 

Steyvers & Griffiths (2007) 
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ExtracPng Topics 

•  EM algorithm 

•  Markov Chain Monte Carlo 

•  Gibbs Sampling 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CalculaPng Similarity 

•  Words are similar if they occur in the same 
topics 

•  Documents are similar if they are comprised 
on similar topics 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CalculaPng Document Similarity 

•  Kullback‐Leibler divergence between two 
distribuPons p = θ1 & q = θ2, (over topics) 

•  Symmetric Kullback‐Leibler divergence 

€ 

D p,q( ) = p j log2
p j

q jj=1

T

∑

€ 

KL p,q( ) =
1
2
D p,q( ) + D p,q( )[ ]
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CalculaPng IR Doc‐Query Similarity 

•  Symmetric Kullback‐Leibler divergence 

•  Probability of the query given the document 

€ 

KL p,q( ) =
1
2
D p,q( ) + D p,q( )[ ]

€ 

P q,di( ) = P wk di( )
wk ∈q

∏

= P wk z = j( )P z = j di( )
j=1

T

∑wk ∈q
∏
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CalculaPng Word Similarity 

•  Symmetric Kullback‐Leibler divergence 
between condiPonal topic distribuPons for the 
words, w1 & w2; p = θ1 = P(z | w = w1) 

€ 

KL p,q( ) =
1
2
D p,q( ) + D p,q( )[ ]

€ 

D p,q( ) = p j log2
p j

q jj=1

T

∑



ML 

Dec‐2‐09  © Rodney D. Nielsen  25 

CalculaPng Word Similarity 

•  Or … 

€ 

P w2 w1( ) = P w2 z = j( )P z = j w1( )
j=1

T

∑
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QuesPons 

•  QuesPons??? 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Dimensionality ReducPon 

•  Why reduce the number of features? 
- Many applicaPons involve very high dimensional 
data resulPng in problemaPc processing Pmes 
•  Ex: Principal component analysis 

- EliminaPng redundant features and noise usually 
improves the accuracy of the final classifier 
•  Ex: Feature selecPon 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Feature SelecPon  

•  ExponenPal complexity to find opPmal features 
•  Forward selecPon 
•  Backward eliminaPon 
•  CombinaPon 
•  Decision tree‐based selecPon 
•  GenePc algorithm selecPon 

•  Wrapper 
•  Filter / Relevancy 
•  Hybrid 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Dimensionality ReducPon 

•  Goal:  
- Reduce the volume of data used in the learning 
process 

- With minimal or no impact on your evaluaPon 
metric (e.g., accuracy) 
•  Or with an improvement in the analyPcal performance? 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Principal Component Analysis 

•  Principle Components definiPon: for a given 
set of data vectors, X = {x1, x2, …, xn}, the d’ 
principal axes [components] are those 
orthonormal axes onto which the variance 
retained under projecPon is maximal 
(Hotelling, 1933) 



ML 

Dec‐2‐09  © Rodney D. Nielsen  31 

Principal Component Analysis 

•  Compute principal components that maximize 
the variance retained 

x1 

x2 

u2 
u1 
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Principal Component Analysis 

•  In this example, retaining only x1 or only x2 
results in the inability to learn a perfect 
classifier  

x1 

x2 
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Principal Component Analysis 

•  ProjecPng onto the first principal component in 
this example does allow perfect classificaPon 

u1 

u1 
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Principal Component Analysis 

•  Another nice property of PCA is that it results 
in the closest approximaPon to the original 
matrix X – it is the least squares error fit 

•  I.e., it minimizes the error Σi=1..n ||x(i) ‐ z(i) ||, 
where z is an approximaPon of x a?er the 
projecPon onto u 



ML 

Dec‐2‐09  © Rodney D. Nielsen  35 

QuesPons 

•  QuesPons??? 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Conference Deadlines 

•  AAAI 
-  hrp://www.aaai.org/Conferences/AAAI/aaai10.php 
- January 18, 2010: Electronic abstracts due 
- January 21, 2010: Electronic papers due 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PresentaPons 

•  Volunteers 
– Wed, Dec 2: Davide 

– Mon, Dec 7: Nirav & Kun 

– Wed, Dec 9: Tony 

– Xinyu 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Projects 

•  Will stay unPl all quesPons are addressed, or 

•  Please make an appointment if you have any 
quesPons at all regarding your project 


