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The Problem

ÅBag of words models are overly simplistic

ÅPrevious attempts to go beyond bag of words 
models have failed to significantly and 
consistentlyimprove effectiveness

ÅHow more complex features and term 
dependencies be incorporated into a 
robust, highly effective retrieval model?
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The Historical Perspective
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Paradigm Shifts
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Contributions

Å Robust retrieval model
ï Formally motivated
ï Handles term dependencies and the combination of arbitrary features

Å Better understanding of features for information retrieval
ï Phrases and term proximity
ï Document priors
ï Large collection effects

Å Parameter estimation insights
ï Formal look at parameter space of linear feature-based retrieval models
ï Direct maximization techniques

Å Automatic model learning 
ï Supervised feature selection algorithm
ï Learns highly effective models

Å Concept-based query expansion
ï Expansion using dependencies and arbitrary features
ï Multi-term concept query expansion and generation

Å State of the art retrieval effectiveness
ï Consistent and significant improvements on ad hocretrieval and web search tasks
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The Event Space

ÅEvent space is U x Qx D

ÅUςUser representation

ÅQςQuery representation

ÅDςDocument representation

ÅIgnore time, other factors

ÅDefine random variable R(relevance) that is a 
deterministic function of U, Q, D

ïRelevance is typically treated as binary
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Probability Ranking Principle

ÅUnder the PRP, documents should be ranked 
according to:

ÅHowever,  users are difficult to model, so we 
explain them away and actually model:

ÅHow do we model P(Q, D | R=1)?
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Markov Random Fields

ÅMRFs provide a general, robust way of 
modeling a joint distribution
ÅThe anatomy of a MRF
ïGraph G
Åvertices represent random variables 
Åedges encode dependence semantics

ïPotentials over the cliques of G
ÅNon-negative functions over clique configurations
ÅaŜŀǎǳǊŜǎ ΨŎƻƳǇŀǘƛōƛƭƛǘȅΩ

ïJoint probability mass function
Å
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MRFs for Information Retrieval

ÅThree ways to model P(Q,D)
ïOption (A) is too coarse
ïOption (C) is too fine

ÅOption (B) is our best choice

7/31/2007 Final Defense - Copyright Donald Metzler 13

D

q1 q2 qn

D

Q Χ

d1

q1 q2 qnΧ

d2 dmΧ

(A) (B) (C)



Building MRFs

ÅBuild MRFs bottom-up, feature by feature

ÅThree steps:

ïChoose graph structure

ïChoose which cliques to apply feature to

ïChoose which feature to apply

ÅCanonical form:
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Dependence Model Type
Three generalized dependence model structures: full independence 
(left), sequential dependence (middle), and full dependence (right)
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Clique Sets
Example clique sets for the query q1 q2 q3 under full dependence 
model.
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Weighting Functions for TQD, OQD, and UQD
Summary of language modeling (LM) and BM25 weighting functions for the 
TQD, OQD, and UQD clique sets. Both M and N are parameters that control 
how matching is done.
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Weighting Functions for TQ, OQ, and UQ
Summary of inverse collection frequency (ICF) and inverse document 
frequency (IDF) weighting functions for the TQ, OQ, and UQ clique sets. Both 
M and N are parameters that control how matching is done.
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Example
Query: new yorkcity
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