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• The main challenge a machine learning system 
has to address roots in the distinction 
between the lexical level of “what actually has 
been said or written” and the semantical level 
of “what was intended” or “what was referred 
to” in a text or an utterance.

------Thomas Hofmann
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• Clustering --> Dimensionality reduction

• Low rank approximation

• Collaborative filter

• Matrix completion 

• Topic modeling ---> LSA, pLSA, LDA



Vector Space Model

a traditional approach



Term-Document Matrix
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Texas Instruments said it has developed 

the first 32-bit computer chip designed 

specifically for artificial   intelligence

applications [...]

D = {documents in database}

W = {terms in vocabulary}
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similarity between

document and query

Documents in “Inner” Space

• Retrieval method
– rank documents according to 

similarity with query

– term weighting schemes, for 
example, TFIDF

– used in SMART system and many 
successor systems, high popularity
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Advantages of the Vector Space Model

 No subjective selection of index terms

 Partial matching of queries and documents (dealing 

with the case where no document contains all search terms)

 Ranking according to similarity score (dealing with large 

result sets)

 Term weighting schemes (improves retrieval performance)

 Various extensions

 Document clustering

 Relevance feedback (modifying query vector)

 Geometric foundation



Limitations of the Vector Space Model

 Dimensionality: 
 Vector space representation is high-dimensional (several 10-

100K).

 Learning and estimation has to deal with curse of 
dimensionality.

 Sparseness: 
 Document vectors are typically very sparse.

 Cosine similarity can be noisy and inaccurate.

 Semantics: 
 The inner product can only match occurrences of exactly the 

same terms.

 The vector representation does not capture semantic relations 
between words.

 Independence
 Bag-of-Words Representation

 Unable to capture phrases and semantic/syntactic regularities



The Lost Meaning of Words …

 Ambiguity and association in natural language

Polysemy: Words often have a multitude of 

meanings and different types of usage (more 

urgent for very heterogeneous collections).

The vector space model is unable to discriminate 

between different meanings of the same word.

Synonymy: Different terms may have an identical 

or a similar meaning (weaker: words indicating the 

same topic).

No associations between words are made in the 

vector space representation.
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Polysemy and Context

 Document similarity on single word level: 

polysemy and context

car
company

•••
dodge
ford

meaning 2

ring
jupiter

•••
space

voyager
meaning 1

…
Saturn

...

…

planet
...

contribution to similarity, if 
used in 1st meaning, but not 
if in 2nd



Latent Semantic Analysis (LSA)

An algebraic approach



Latent Semantic Analysis

 General idea
 Map documents (and terms) to a low-dimensional 

representation.

 Design a mapping such that the low-dimensional 
space reflects semantic associations (latent 
semantic space).

 Compute document similarity based on the inner 
product in the latent semantic space.

 Goals
 Similar terms map to similar location in low 

dimensional space.

 Noise reduction by dimension reduction.



 Dimension reduction by singular value decomposition of term-

document matrix

original 

td matrix

L2 optimal
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LSA: Matrix Decomposition by SVD
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•Document length normalization

•Sublinear transformation (e.g., log)

•Global term weight



 Singular Value Decomposition, definition

 : orthonormal columns

 : diagonal with singular values (ordered)

 Properties:

 Existence & uniqueness

 Thresholding small singular values yields an optimal low-

rank approximation (in the sense of the Frobenius norm)

Background: SVD
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SVD and PCA

 If (!) the rows of     would be shifted such that their 

mean is zero, then:

 Then, one would essentially perform a projection on 

the principal axis defined by the columns of

 Yet, this would destroy the sparseness of the term-

document matrix (and consequently might hurt the 

performance of SVD methods)
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Term Associations from LSA

(taken from slide by S. Dumais) 
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LSA: Discussion

 pros:
 Low-dimensional document representation is able to capture 

synonyms.

 Noise removal and robustness by dimension reduction

 Experimentally: advantages over naïve vector space model

 cons:
 “Formally”: L2 norm is inappropriate as a distance function for 

count vectors (reconstruction may contain negative entries)

 “Conceptually”: 

 Problem of polysemy is not addressed; principle of linear 
superposition, no active disambiguation

 Context of terms is not taken into account.

 Directions in latent space are hard to interpret.

 No probabilistic model of term occurrences.

 [ad hoc selection of the number of dimensions, ...]



Probabilistic Latent Semantic Analysis (pLSA)

A probabilistic approach

Thomas Hofmann



Documents as Information Sources
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W = {words in vocabulary}
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Information Source Models in IR

 Bayes rule: probability of relevance of document w.r.t. query

)d(P)d|q(P)q|d(P

prior probability

of relevance
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 Query translation model

• Probability that q is 

“generated” from d

• Probability that query 

term is generated

Language 

model

Translation 

model

J. Ponte & W.B. Croft, ”A Language Model Approach to Information Retrieval”, SIGIR 1998.

A. Berger & J. Lafferty, “Information Retrieval as Statistical Translation, SIGIR 1999.



Probabilistic Latent Semantic Analysis

 How can we learn document-specific language models? Sparseness 

problem, even for unigrams.

 Probabilistic dimension reduction techniques to overcome data 

sparseness problem.

 Factor analysis for count data: factors concepts

z
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(topic) factor
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(“small” #states)

T. Hofmann, “Probabilistic Latent Semantic Analysis”, UAI 1999.

z

)z(P)z|P(dz)|P(w)dP(w,



PLSA: Graphical Model
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Positive Matrix Decomposition         

 mixture decomposition in matrix notation
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 constraints

 Non-negativity of all matrices 

 Normalization according to L1-norm

 (no orthogonality)

D.D. Lee & H.S. Seung, “Learning the parts of objects by non-negative matrix factorization”, 

Nature, 1999.



Positive Matrix Decomposition & SVD         

 mixture decomposition in matrix notation
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compare to

 probabilistic approach vs. linear algebra decomposition

 conditional independence assumption “replaces” outer product

 class-conditional distributions “replace” left/right eigenvectors

 maximum likelihood instead of minimum L2 norm criterion
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Expectation Maximization Algorithm

 Maximizing log-likelihood by (tempered) EM iterations

 E-step (posterior probabilities of latent variables)

 M-step (max. of expected complete log-likelihood)
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Example: Science Magazine Papers

 Dataset with approx. 12K papers from Science Magazine

 Selected concepts from model with K=200 



Collaborative Filtering/
Content-Based Filtering/
Matrix Completion



Collaborative and Content-Based Filtering

 Collaborative/social filtering

 Properties of persons or similarities between 

persons are used to improve predictions.

 Makes use of user profile data

 Formally: starting point is sparse matrix with user 

ratings

 Content-based filtering

 properties of objects or similarities between 

objects are used to improve predictions



Personalized Information Filtering:

Users/
Customers

Objects

Judgement/

Selection
“likes”

“has seen”



Predicting Preferences and Actions

User Profile
Dr. Strangeloves *****

Three Colors: Blue *****

Fargo *****

Pretty Woman *

Movie?  Rating?
.

*

**

***

****

*****



PLSA for Predicting User Ratings

Multi-valued (or real-valued) rating }5,4,3,2,1,0{v

u y

z v preference v is independent of 

person u, given latent state z

“community-based” variant

• Each user is represented by a specific probability 

distribution

• Analogy to IR [user=document], [items=terms]



Probabilistic Topic Model

Latent Dirichlet Allocation

Devid M. Blei ‘03






































