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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

7/31/2007 Final Defense - Copyright Donald Metzler 5

Classical Probabilistic 
Model

Binary 
Independence

Tree 
Dependence

2-Poisson

BM25

Inference 
Network 
Model

Indri

Language Modeling

Multinomial

Unigram Bigram
Dependence 

LM

Multiple-
Bernoulli

Linear Feature-Based Models

Logistic 
Regression

SVM
Linear 

Discriminant

Representations:bag of words, non-bag of words, mixed

Paradigm Shifts

7/31/2007 Final Defense - Copyright Donald Metzler 6

avg. doc length

n
u

m
b

e
r 

o
f 

d
o

cu
m

e
n

ts

TREC 
Disks 1,2

CACM

GOV2

30 500 900

300

500K

25M

tf shift

idf shift

noise filter shift
(e.g., proximity, spam)

Desiderata

Markov Random Field Model

State of the 
Art 

Effectiveness

Arbitrary 
Features

Term 
Dependencies

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

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

7/31/2007 Final Defense - Copyright Donald Metzler 8



7/30/2007

3

Outline

ÅIntroduction

ÅMRF Model

ÅParameter Estimation

ÅEvaluation

ÅAutomatic Feature Selection

ÅLatent Concept Expansion

ÅConclusions and Future Work

7/31/2007 9Final Defense - Copyright Donald Metzler

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
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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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Full Independence
(FI)

Sequential Dependence
(SD)

Full Dependence
(FD)

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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Ranking

ÅAs we showed before, ranking according to 
P(Q, D|R=1) satisfies the PRP

ÅAfter taking the logarithm and dropping all 
document independent terms, we get the 
following ranking function:

ÅWeighted combination of functions defined 
over different cliques
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Linear Feature-Based Models

ÅFamily of ranking functions known as linear 
feature-based models:

ÅIncludes several previous retrieval models and 
the MRF model when exponential potentials 
are used

ÅRanking functions in this family have special 
properties
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Properties of the Parameter Space

ÅParameter space is typically treated as Rd

ÅWhat about rank equivalence?

ÅIf we assume that ˂iҗ0 for all i, then it can be 
shown that the parameter space can be 
represented efficientlyas Pd-1, the simplex 
over d outcomes

ÅRealistic assumption, since most features in IR 
ǇǊƻǾƛŘŜ άǇƻǎƛǘƛǾŜέ ŜǾƛŘŜƴŎŜ
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Properties of the Parameter Space

ÅEquivalence classes
ïDefine ɽA ~ɽBǘƻ ōŜ ǘƘŜ ōƛƴŀǊȅ ǊŜƭŀǘƛƻƴ άɽA and ɽB

ǇǊƻŘǳŎŜ ŜȄŀŎǘƭȅ ǘƘŜ ǎŀƳŜ ǊŀƴƪƛƴƎέ

ï~ is an equivalence relation over ɽin Pd-1

ïMaps an infinite number of points in Pd-1 to a single 
equivalence class

ïMore efficient representation of parameter space

ÅUse geodesic distance in Pd-1 to measure distance 
between model parameter settings
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Parameter Estimation
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ÅEstimation problem:

ÅMɽcan be either Rd or Pd-1

ÅFind the set of parameters that ranks 
documents in such a way as to maximize the 
underlying metric

Metric Divergence

ÅWhat is it?
ïWhen model parameters are tuned to maximize 

some metric that does not agree well with the 
actual metric under consideration ώaƻǊƎŀƴ Ŝǘ ŀƭΦ Ψлпϐ

ÅEspecially problematic in IR because of the 
large number of evaluation metrics

ÅExamples
ïLogistic regression [GeyΨфпϐ

ïSupport vector machines ώbŀƭƭŀǇŀǘƛ Ωлпϐ
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Direct Optimization

ÅGrid Search
ïUnbounded, infinite computation, over Rd

ïBounded, exponential computation, over Pd-1

ïGuaranteed to find global optimum

ÅCoordinate Ascent/Descent
ïLittle difference when optimizing over Rd or Pd-1

ïUse single dimensional line search or finite 
difference derivatives for ascent/descent

ïNot guaranteed to find global optimum
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Optimizing Surrogate Functions

ÅPerceptron Learning ώDŀƻ Ŝǘ ŀƭΦ Ψлрϐ

ÅRankNet ώ.ǳǊƎŜǎ Ŝǘ ŀƭΦ Ωлрϐ

ÅSVM-based Optimization

ïPrecision at k ώWƻŀŎƘƛƳǎ Ψлрϐ

ïnDCG ώ[Ŝ ŀƴŘ {Ƴƻƭŀ Ψлтϐ

ïMean average precision ώ¸ǳŜ Ŝǘ ŀƭΦ Ψлтϐ
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Parameter Estimation Summary
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Basic  MRF Models for
Ad Hoc Retrieval

ÅAd hocretrieval
ïFind all documents that are topically relevant to a 

given query

ïTypically many documents relevant per query

ÅBasic MRF models
ïHand built MRF models

ïUses bag of words and term proximity features 
inspired by previous research

ïUsed to show usefulness of MRF framework
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Full Independence Model
(MRF-FI)

ÅUses simple bag of 
words features

ÅRank equivalent to 
unigram language 
modeling
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Canonical 
Form:
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Sequential Dependence Model
(MRF-SD)

ÅPair wise dependencies

ÅThree feature types

ïSingle terms

ïOrdered window

ïUnordered window
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Canonical 
Form:

Full Dependence Model
(MRF-FD)

ÅAll dependencies

ÅThree feature types

ïSingle terms

ïOrdered window

ïUnordered window
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Canonical 
Form:

Ad Hoc Retrieval Results
¢Ŝǎǘ ǎŜǘ ƳŜŀƴ ŀǾŜǊŀƎŜ ǇǊŜŎƛǎƛƻƴΦ ¢ƘŜ Ϟ ŀƴŘ ϟ ƛƴŘƛŎŀǘŜ ǎǘŀǘƛǎǘƛŎŀƭƭȅ 
significant improvements over MRF-FI and MRF-SD, respectively.
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Collection Size
Relationship between the number of documents in a collection and the 
relative improvement in mean average precision of the MRF-FD model over 
unigram language modeling. Note that the x-axis is log scaled.
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Using BM25 Weighting Functions
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ÅSame as MRF-SD 
model, except uses 
BM25 weighting 
functions

Canonical 
Form:

MRF-BM25 Results
Test set results for the MRF-.aнр ƳƻŘŜƭΦ ¢ƘŜ ϞΣ ϟΣ ŀƴŘ ϝ ƛƴŘƛŎŀǘŜ 
statistically significant improvements over the MRF-FI, BM25 and MRF-SD 
models, respectively.

7/31/2007 Final Defense - Copyright Donald Metzler 46

Bigram Language Model vs. MRF-SD Model
¢Ŝǎǘ ǎŜǘ ǊŜǎǳƭǘǎ ŦƻǊ ǘƘŜ ōƛƎǊŀƳ ƭŀƴƎǳŀƎŜ ƳƻŘŜƭΦ ¢ƘŜ Ϟ ƛƴŘƛŎŀǘŜǎ ŀ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ 
improvement over the MRF-CL ƳƻŘŜƭ ŀƴŘ ǘƘŜ Ҩ ƛƴŘƛŎŀǘŜǎ ŀ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ 
decreasein effectiveness compared to the MRF-SD model.
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Summary of Other
Ad Hoc Retrieval Results

ÅSmoothing

ÅThe Role of Features

ÅLong Queries

ÅGeneralization
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Web Search

ÅThree types of Web queries
ïContent-based (ad hoc retrieval)
ÅMany relevant documents

ÅDocument structure (HTML tags) and other features, such as 
PageRank, often do not help

ïNavigational
ÅTypically only one document on entire web is relevant for 

known-item search queries

ÅUse document structure, PageRank, etc. do help

ïTransactional
ÅDifficult to evaluate
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An MRF Model for Navigational Web Search
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Web Search Results
Canonical form for the MRF-NP model and summary of web search 
results.
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MRF-NP
Canonical Form:
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The Need for Feature Selection

ÅBasic MRF models used manually chosen features

ÅNew tasks and data sets often require the use of 
different features

ÅInfeasible to manually select best feature set for 
all new data set and tasks

ÅOther advantages
ïReduce number of unnecessary/redundant features

ïLimit overfitting

ïIncrease training speed
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Related Work

ÅFeature selection/induction for machine 
learning

ïMarkov random fields [Della PietraŜǘ ŀƭΦ Ψфтϐ

ïConditional random fields ώaŎ/ŀƭƭǳƳ Ψлоϐ

ÅFeature selection/induction for information 
retrieval

ïGenetic algorithms ώCŀƴ Ŝǘ ŀƭΦ Ψлпϐ

ïResult fusion ώCƻȄ ŀƴŘ {Ƙŀǿ Ψлоϐ
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Feature Selection for
Linear Feature-Based Models

ÅProposed algorithm:
ïInput: pool of features

ïBegin with an empty model

ïUntil some stopping criteria is met,
ÅFor each feature in the pool,
ïTemporarily add feature to the current model

ïHolding all other parameters fixed, train the augmented model to 
maximize/minimize some metric

ïScore feature according to how much it improved underlying 
metric

ÅAdd best feature to the model and remove from feature pool

ÅRetrain the entire model (optional)

7/31/2007 Final Defense - Copyright Donald Metzler 55

Feature Selection Results

ÅTraining vs. No Retraining

ÅNumber of Features

ÅAutomatic vs. Manual Feature Selection
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Training vs. No Retraining
Training and test set mean average precision values for retraining and 
no retraining.
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No significant change in training or test set effectiveness.
There is little evidence that retraining is useful.

Number of Features
Training (blue) and test (red) set mean average precision versus number 
of features added to model for AP (left) and GOV2 (right) data sets.
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Feature Selection Analysis
The order that features were selected, and their respective weights, for 
the WSJ and WT10G data sets.
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WSJ

WT10G

Automatic vs. Manual Feature Selection
Comparison of test set mean average precision for language modeling (MRF-FI), BM25, MRF 
model using language modeling weighting (MRF-SD), MRF model using BM25 weighting 
(MRF-BM25), and MRF learned using our proposed feature selection algorithm (MRF-FS).
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MRF-FS > all other modelsfor AP, WSJ
MRF-FS > MRF-FI andBM25for ROBUST04, WT10G, and GOV2


