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One Minute Summary

A Technique
I Use MRF retrieval model to findtent concepts

I Latent concepts can be used for guery expansion (RF or
PRF) or to generate concepts related to a query

A Contributions (Theoretical)
I Query expansion within term dependence model
I Query expansion using arbitrary features

A Contributions (Practical)

I Generates meaningful single and mu#irm concepts
from a query

I Consistent and significant improvements in retrieval
effectiveness over | @ NJR¢lé¢vAn@eaModels



Related Query Expansion Work

A Expansion with Single Terms
I Rocchioswz 0okiz arwe
I ModelBased Feedback:«xi» ve [rF7snTie Qnwme
I Relevance Models;  gnsyi12 1yvr /neFid onwe
A Expansion with MultiTerm Concepts
I Local Context AnalysiSdaz + yr /nesid anns

A Expansion with Term Dependence

I Very little worke 1+ nassNg 1 yR Gy wicaoSNESY Wi
A Expansion with Arbitrary Features

I Nothing (?)
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[ | @ NIRgldvanegiModels

A A query is an inaccurate representation of a true
iInformation need

A Relevance models build richer query
representations by mixing term probabilities
computed over top ranked documents

ZDED P(w,Q, D)
Zw ZDGD P(wa Qa D)
ZDE'R,Q P(w|D) quQ P(q|D)
0> pery P@D) I1,cq P(alD)
x 3 exp [log P(w|D) + 3" log P(qu))}

DeRqg qeqQ

P(w|Q) =

X




[ | @ NIRgldvanegiModels

A Pros

I Relatively straightforward to implement
I State of the art retrieval effectiveness

A Cons

I Makes unnecessary distributional assumptions
(e.g., multinomial LM)

I No notion of term dependence
I No easy way to incorporate arbitrary features



Latent Concept Expansion:

Improving upon Relevance Models

A Proposed approach
I Use Markov Random Field model fordRS 1 £ SNJ | vy R / N2 ¥F

A Pros
I Less strict distributional assumptions
I Allows modeling of term dependencies
I Allows arbitrary textual and netextual features

A Cons

I Slightly more complex to implement, depending on features used

A Effectiveness
I Will modeling term dependence help?
I Will more complex features help?



Markov Random Field Model

MRF Model

A Undirected graphical model

A Different edge configurations lead to
different dependence assumptions

A Can use arbitrary features

Paa(Q,D) H Y(c; A)
CEC(G
Unigram LM
A P(w | D) is assumed multinomial
A P(D) is often assumed uniform
P(Q,D) = PQD)P(D)
- P(q|D)P(D
(s i




Latent Concept Expansion

A Assumption

I Thereexistssome set of latentoncepts g X E) that the
user had in mind when formulating the query

A Goalis to find these latentoncepts

A Uses

I Generating concepts
I Query expansion (relevance / pseudievance feedback)



Latent Concept Expansion
Step 1: Build Expansion MRF

s54

Original MRF @)




Latent Concept Expansion
Step 1: Build Expansion MRF

Expansion MRHH)



Latent Concept Expansion
Step 2: Find k Most Likely Concepts

Score concepts according to:

P A (w1, w2|Q = train, station, security)




Computing Concept Likelihood

A Same idea as Relevance Models, except we use
more complex joint distribution

A Only sum over knowrelevant or pseudo
relevant documents

A No explicit assumption that P(D) is uniform
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Latent Concept Expansion
Step 3: Construct Augmented MRF

I
k most likely concepts

Augmented MRFD Q2



Latent Concept Expansion
Step 4:Rerankusing Augmented MRF

Rank documents according to:

Py a(train, station, security, security, camera, . .., train, safety|D)



Relationship to Relevance Models




Relationship to Relevance Models

(A - MRF param, b = (¢;, ¢i+1), @ - single term smoothing param, 3 - window smoothing param)
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Relationship to Relevance Models

(A - MRF param, b = (¢;, ¢i+1), @ - single term smoothing param, 3 - window smoothing param)
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Relationship to Relevance Models

(A - MRF param, b = (¢;, ¢i+1), @ - single term smoothing param, 3 - window smoothing param)
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Evaluation

A Generating concepts
I lllustrative examples
A Query expansion
I One term concepts
I One and two term concepts

A Robustness



Concept Generation Example

Sjuswanalyoe adoasalara|qgnyiianb reuibluio



