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Document Retrieval

�Given:

� Corpus of documents and query

�Task: 

� Find documents relevant to query
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Email Searching

�Given:

� Corpus of email messages

� Query of search words

�Task:

� Find messages with same meaning as 

search words
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Representation

�Dictionary: n-tuple of words

�Document: n-tuple of integers

xi = number of times word i occurs in message
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Example

� Human-computer interaction messages:

� c1: “human machine interface computer 

applications”

� c2: “survey of user opinion of computer system

response time”

� c3: “system and human system engineering 

testing of EPS”

…



2

5

Example

� Graph-theory messages:

� m1: “generation of random, binary, unordered 

trees”

� m2: “intersection graph of paths in trees”

� m3: “graph minors: a survey”

…
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�Dictionary:

�Documents:

�Corpus:

Kgraph,,trees,system,human

,...0,0,2,1

,...0,0,1,0

,...0,0,0,1
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Measuring Success

�Recall
� Proportion of relevant documents that are 
returned

� Breadth of results

� Precision
� Proportion of returned documents that are 
relevant

� Accuracy of results
8

Optimal behavior. Real-world behavior.

Precision vs. Recall
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Keyword Indexing

�Relevance: common word usage

�Ex: SMART by Gerard Salton

� Fundamental limitations

� Synonymy

� Polysemy
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Synonymy

�Multiple words with the same meaning

dog = canine

�Lowers recall – relevant documents 

missed if lacking index word

� People use same terms less than 20% of 

the time
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Polysemy

�One word has multiple meanings

� Bank: financial institution

� Bank: to rely on

�No way to disambiguate word meaning

�Lowers precision – irrelevant 

documents returned
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Latent Semantic Indexing

� Performs conceptual matching

� Identify synonyms using word co-

occurrence

� Retrieve documents with query words, or 

their synonyms!

� Compensates for different word usage
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�Create association matrix

� is frequency of ith term in jth document

� Rows correspond to terms

� Columns correspond to documents in X

Indexing

ijA
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…

110000graph

011000trees

000210system

000101human

…m3m2m1c3c2c1

DocumentsTerms
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Indexing

� Decompose matrix using Singular Value 
Decomposition (SVD)

� T
0
and D

0
hold singular vectors for terms 

and documents

� S0 is diagonal matrix of singular values

� Non-zero singular values are factors
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Decomposition
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Rank Reduction
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Indexing

�Reduce the rank

� Truncate all but k most significant factors

� is better model of corpus

�Captures “signal” of co-occurrence

�Disregards “noise” of particular usage
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Â

19

Example

� What if we truncate example association 

matrix for k=2 factors?

� We can interpret this geometrically…

20
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Retrieval

�Given query, create document vector

�Transform into reduced space

�Compare to document vectors in

� Return documents with small cosine
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� Query: “human computer interaction”

� Build document vector

� Transform query into

,...0,0,0,1=q
r
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Tuning the Model

�Model complexity related to number of 

factors

� Too few: over-generalize and ignore data

� Too many: over-fit and end up with 

keyword indexing
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And it works…

�LSI outperforms keyword-matching

� Ignores word order in documents!

� Some open problems

� Does not fully address polysemy

� Need way to find optimal rank of Â
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