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The Historical Perspective
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Desiderata

Term
Dependencies

Arbitrary
Features

Markov Random Field Model
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Contributions

A Robust retrieval model
i Formally motivated
i Handles term dependencies and the combination of arbitrary features
A Better understanding of features for information retrieval
i Phrases and term proximity
i Document priors
i Large collection effects
A Parameter estimation insights
i Formal look at parameter space of linear featin@sed retrieval models
i Direct maximization techniques
A Automatic model learning
i Supervised feature selection algorithm
i Learns highly effective models
A Conceptbased query expansion
i Expansion using dependencies and arbitrary features
i Multi-term concept query expansion and generation
A State of the art retrieval effectiveness
i Consistent and significant improvements ad hocretrieval and web search tasks
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Outline

AMRF Model

A Event space i x QxD

AU User representation

A Q¢ Query representation

A D¢ Document representation
Algnore time, other factors

A Define random variabl®(relevance) that is a
deterministic function olJ, Q, D
i Relevance is typically treated as binary

The Event Space

Probability Ranking Principle

A Under the PRP, documents should be ranked
according to:

P(RL=1U,Q.D) P(U,Q,D|IR=1)P(R=1)

PU,Q,D)
"E p(U,Q.DIR = 1)
A However, users are difficult to model, so we
explain them away and actually model:
P(R=1Q.D) ™" P(Q,D|R=1)

AHow do we model P(Q, D | R=1)?
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AMRFs provide a general, robust way of
modeling a joint distribution

A The anatomy of a MRF
T GraphG

i Potentials over the cliques &

T Joint probability mass function

Markov Random Fields

Avertices represent random variables
Aedges encode dependence semantics

ANon-negative functions over clique configurations
Aa St adNBa wO2YLI GAGAEAGEQ

APaa(Xy,.. .. )= [ wlea)
eeC{G)
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MRFs for Information Retrieval

@ | @ @ x @

(A) (B) ©)
A Three ways to model P(Q,D)

Building MRFs

A Build MRFs bottorup, feature by feature

A Three steps:
i Choose graphktructure

T Choose which cliques to apply feature to
T Choose which feature to apply

A Canonical form:

i Option (A) is too coarse (dependence model type, clique set type, weighting function); : Ay
T Option (C) is too fine (dependence model type, clique set type, weighting function)s : Az
A Option (B) is our best choice o N
(dependence model type, clique set type, weighting function), : A,
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Description Notation Example

Full Independence Sequential Dependence Full Dependence
(F1) (SD) (FD)

Dependence Model Type

Three generalized dependence model structures: full independence
(left), sequential dependence (middle), and full dependence (right)
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Set of cliques containing the document | Tgp | 144, D}, 2. DY {a5. D1}
node and exactly one query term
Set of cliques containing the document | Ogp Has: 220 D} Aoz, 0. D}
node and two or more query terms that (o420, DI}
appear in sequential order within the
query
Set of cliques containing the document | Ugp a0 D1
node and two or more query terms that
appear unordered within the query
Set of cliques containing exactly one query Ta RN
term
Set of cliques containing two or more Oq (a2} {92}
query terms that appear in sequential or- (o))
der within the query
Set of cliques containing two or more | Ug {an el
query terms that appear unardered within
the query

| Set containing ouly the singleton node D | D {{D}}

Cligue Sets

Example clique sets for the quegyq, g under full dependence

model.
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LM

Searr(a, D) = log

LM-0-AM
Fraroa (@i D) = log |22
LM-U-N
Uy e BN
Frarvn (.. i, D) = log | 28I 00 T

Frazmon(d . a, D) = —

Samzmos(g. ... g6 D) = e

Weighting Functions foflop, Ogp, andUgp

Summary of language modeling (LM) and BM25 weighting functions for the
Top Ogp andUg, clique sets. BotiM andN are parameters that control
how matching is done.
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ICF
ficrr(qi, D) = — k’?:%f‘
ICF-0-M
frerva(qr, ..., gk, D) = —log !"‘4(L
ICF-U-N

Sreron(qu ... gk, D) = 10;{"““\:—"‘
IDF
fror.paszs(ai, D) =log \Uﬂf
IDF-0-M

N—df s
Jioroala,.... 4. D) = log =5

IDF-U-N

N
Sfiorun(gu,...y gr. D) = log

Weighting Functions foffg, Oy, andU,

Summary of inverse collection frequency (ICF) and inverse document
frequency (IDF) weighting functions for tiig Oq, andUj, clique sets. Both
M andN are parameters that control how matching is done.
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(SD, Ogp, LM-O-8) : A,
(SD, Top. LM) : Ay
(SD, D, PageRank ) : A

Example
Query:newyorkcity
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mmmm) (SD, Ogp, LM-O-8) : \;
(8D, Top, LM) : As
(SD, D, PageRank ) : A3

U(new, york, D) = exp [0]

(york, city, D) = exp (0]

Example
Query:newyorkcity
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) (SD, Ogp, LM-OS) 1 Ay
(SD, Top, LM) : Ay
(SD, D, PageRank ) : A3

2

(new, york, D) = exp [Ay frar0 s(new, york, D)|

w(york, city, D) = exp[0]

Example
Query:newyorkcity
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) (5D, Ogp, LMOS) 1 Ay
(8D, Tp, LM) : /\z
(SD, D, PageRank )

A &

winew, york, D) = exp [A frar.0.s(new, york, D))

w(york, city, D) = exp [A fracos(york, city, D))

Example
Query:newyorkcity
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(8D, Ogp, LM-0-8) : A,
mmmm)  (SD, Typ, LM) @ Ag

(SD, D, PageRank ) : A

L e

d(new, york, D) = exp [A fraro.s(new, york, D) + Az fr.a (new, D))

wlyork, city, D) = exp [\ frar.o.s(york, city, D)]

Example
Query:newyorkcity
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(8D, Ogp, LM-0-8) : A,
mmmm)  (SD, Top, LM) @ A2

(SD, D, PageRank ) : A3

b e

Y(new,york, D) = exp [\ fraros(new, york, D) + Az fras(new, D) + Aa fra(york, D))

w(york, city, D) = exp [Ay fraro s(york, city, D)]

Example
Query:newyorkcity
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(SD, Ogp., LM-O-8) : Ay (SD. Ogp. LM-0-8) : Ay
mm)  (SD, Typ, LM) ,\‘2 (SD, Top, LM) : /\z
(SD, D, PageRank ) mmmm) (SD, D, PageRank )
V(new, york, D) = exp [Ay frar.o.s(new, york, D) + Aa frar(new, D) + Ao frae(york, D)) t(new, york, D) = exp (A1 fraros(new, york, D) + A fras(new, D) + Ao frar(york, D))
U(york, eity, D) = exp [\ fua,o.8(york, city, D) + Az fra(city, D)] Ulyork, eity, D) = exp [M faro.s(york, city, D) + Az fr (eity, D) + Az fo(D)]
Example Example
Query:newyorkcity Query:newyorkcity
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(SD, Ogp, LM-O-8) : A,

(SD, T, LM) : Ay Ranking

(SD, D, PageRank ) : A3

A As we showed before, ranking according to

(Fe: AQ.D) = ZL_\“P[ Avfiaos(new, york, D) + A fra.os(york, city, D) +) P(Q DlR:]-) satisfies the PRP
Ao frae(new, D) + Ao frar(york, D) + A fra (city, D) + ! . . )
oD e o A After taking the logarithm and dropping all

document independent terms, we get the

U(new, york, D) = exp [Ay frar.o.s(new, york, D) + Az fras(new, D) + Az fry (york, D)) fO”OWIng ranklng funCtlon

W(york, city, D) = exp [\ foar o s(york, city, D) + As frar(city, D) + Aafp(D)] Peal@, D) Tt Z Aclele) + Z Acfele) + Z Acfele) + Z’\ Je(e)

cETgp ceEOgp celUgp ceD
Example

_ . A Weighted combination of functions defined
Query:newyorkcity

over different cliques
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Outline

A Parameter Estimation

Linear Featurd8ased Models

A Family of ranking functions known as linear
feature-based models:

§={Sa(D:Q) : 3(-) s.t. 1 is strictly monotonically increasing and
HSA(D; Q) = ATf(D,Q) + Z}

AIncludes several previous retrieval models ang
the MRF model when exponential potentials
are used

A Ranking functions in this family have special
properties

Properties of the Parameter Space

A Parameter space is typically treated s

AWnhat about rank equivalence?

Alf we assume that; 0 for alli, then it can be
shown that the parameter space can be
representedefficientlyasPt1, the simplex
overd outcomes

A Realistic assumption, since most features in |
LINE OARS GLRAaAGAOSE S

Properties of the Parameter Spacs

A Equivalence classes

i Define{,~(gi2 0SS GKS oAayidr NB
LIN2 RdzOS SEIlF Outé uKS al

| ~is an equivalence relation ovgrin P+t

' Maps an infinite number of points i1 to a single
equivalence class

| More efficient representation of parameter space
A Use geodesic distance ¥ to measure distance
between model parameter settings
d
d(©,8') = 2arccos (Z \W}
i=1
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Parameter Estimation

A Estimation problem:

A = arg max E(Rn:T)
s.d. Ra~ATf(D,Q)+Z

Ae My
A M, can be eitheRe or P+

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

Final Defense Copyright Donald Metzler

Metric Divergence

AWhat is it?

T When model parameters are tuned to maximize
some metric that does not agree well with the
actual metric under consideration

A Especially problematic in IR because of the
large number of evaluation metrics

A Examples
1 Logistic regression
T Support vector machines

Direct Optimization

A Grid Search
7 Unbounded, infinite computation, oved
7 Bounded, exponential computation, ovet!
T Guaranteed to find global optimum
A Coordinate Ascent/Descent
i Little difference when optimizing ové¥ or P41

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

T Not guaranteed to find global optimum

Optimizing Surrogate Functions

A Perceptron Learning

A RankNet

A SVMbased Optimization
T Precision at k
1 nDCG
T Mean average precision
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Parameter Estimation Summary

Direct Surrogate
Optimization Optimization
-
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Outline

A Evaluation
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Basic MRF Models for
Ad Hoc Retrieval

A Ad hocretrieval
T Find all documents that are topically relevant to a
given query
i Typically many documents relevant per query
A Basic MRF models
i Hand built MRF models

T Uses bag of words and term proximity features
inspired by previous research

T Used to show usefulness of MRF framework
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Full Independence Model
(MRFFI)

A Uses simple bag of
words features

A Rank equivalent to
unigram language
modeling

Canonical (FI, Typ., LM ) @ Ag,,
Form: (FT, Ty, ICF) : Ag,

efs
tfo.p + (A
k qir (9
Pea(DIQ) "= Z log Tﬂ'”

(9i.D)ETgp
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Sequential Dependence Model
(MRFSD)

A Pair wise dependencies
A Three feature types

T Single terms

T Ordered window

T Unordered window

(FI, Tgp, LM ) : Az,
(FI, Tg, ICF) : Ar,,
8D, Ogp. LM-0-1) : Aoy,
(8D, Og, ICF-0-1] : Ag,,
(SD, Ogp, LM-U-4) : Ay,
(8D, Oq, 1CF-U-4) : Ay,

Canonical (
Form:

A All dependencies
A Three feature types

Full Dependence Model
(MRFFD)

(FI, Top, TM ) ¢ Ag,
(FI [Q ICF) @ Af:a

Canonical (FD, Ogp. LM-O-1) : A,
Form:  (FD, Og, ICF-0-1) : Ag,
(FD, Op, LM-U-4) 1 Ap,

(FD, Og, ICF-U-4) : Ay,

(FD, Ugp, LM-U-4) : Ap,

(FD. Ug. ICF-U-4) : Ay,

i Single terms
i Ordered window
7 Unordered window

ofy; i ofy
ik tfoun + 1t tfop+pt
- rank o e rank ta T
PaalDIQ) Aty z log DTS ' PealD@) Ary, log LEST
(0. DYe T (a.D)eTqn
w1
g0 — thetig ) T 1" < I
Aos Z_ log ST + Aoy > g —+
91.42.D)€0q D .- ax. DIEOQD
W81, 4p w T,
A Z o puuB g .0 U o N ‘ tfeuwania.qu).p 1 L‘,,—L
v Df+ v ve . J 1D+ "
(a2 DEVGn (91, 2-D)EOGo gD
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 wrnc
e
MRF-FI MRF-SD MRF-FD
AP 0.2077 0.2147 (+3.4%)1 0.2128 (+2.5%)

WS 0.3258 | 03425 (+4.8%) | 03429 (+5.2%)f
ROBUSTO04 | 0.2920 | 0.3096 (+6.0%)7 | 0.3092 (+5.9%)f
WT10g 01861 | 0.2053 (+10.3%)7 | 0.2140 (+15.0%)71
GOV2 0.2084 | 0.3325 (+11.4%)7 | 0.3360 (+12.6%)7

Ad Hoc Retrieval Results

¢Sad aSd YSHy F@SNI3IS LNBOAAA2Y D ¢ K

significant improvements over MR and MRISD, respectively.
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# sosurme

Impravementin MAP aver Bag of Werds Model

Number of Documents.

Collection Size
Relationship between the number of documents in a collection and the

relative improvement in mean average precision of the NARFmodel over
unigram language modeling. Note that thexis is log scaled.
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Using BM25 Weighting Functions
A Same as MRED (F1, Top, BM25 ) < Ar,
model, except uses  canonical g, 5" 40000

Form: (5D, 0, IDE-0-1) : Ao,

BM25 Welghtlng (SD, Ogp, BM25-U-4) : Ay,
functions (8D, Og, IDF-U-1) : g,
" : -
Pea(D|Q) ™25 g ~ (k] + 11’.f‘:.u og Nl +05
(aizran K ((1-#) U HEL) + then dfu +05
(kY + 1)t 1 N
Aoy L] :‘\ na). D log R
v D1E0gn KT ([1 — b+ b %r) + tfarima).p
(K + Ut fauaig,0a).0 N — iy + 05

A -
Wuudige,) + 05

5 o
(412 DYEVap KT (U — b H‘”"‘ﬁ) + 1 f4uuBiaie.0

7/31/2007 Final Defense Copyright Donald Metzler

WSJ | ROBUST04 | WTI0G | GOV2
MAP 0351211 | 0.31013% | 0.21297F | 0.34761%
GMAP 0.21997 0.1181% | 0.2817F 1+

Palo 0.3140

0.3388 0.61007 1 =

R-Prec | 0.26667

0.250871

0.38341

MRFBM25 Results

Testsetresults forthe MRFa Hp Y2RSt ® ¢KS nz 432
statistically significant improvements over the MREFBM25 and MRED

models, respectively.

2007 Final Defense Copyright Donal
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FyR

AP WSJ ROBUST04 | WT10G GOV2
MAP | 0.2116f | 0.33191 | 0.3012 0.2165} 0.3371F
GMAP | 0.1229 0.2313] 0.20767 | 0.13477 | 0.21377 |
Palo | 0.3420 0.4880] 0.3061
R-Prec | 0.25371 | 0.3561] 0.2499¢

—

Bigram Language Model vs. MFSD Model

¢Sali aSd NBadA Ga F2N) GKS 6A3INFY fFy3dz 3
improvement overthe MREL Y2 RSt FyR (GKS @ AyRAOIGS
decreasdn effectiveness compared to the MFSD model.

0
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Summary of Other
Ad Hoc Retrieval Results

A Smoothing

A The Role of Features
ALong Queries

A Generalization

7/31/2007

Final Defense Copyright Donald Metzler
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Web Search

A Three types of Web queries
i Contentbased (ad hoc retrieval)
AMany relevant documents
A Document structure (HTML tags) and other features, such a;
PageRankoften do not help
T Navigational
ATypically only one document on entire web is relevant for
knowrritem search queries
A Use document structure?ageRanketc. do help

1 Transactional
A Difficult to evaluate

Final Defense Copyright Donald Metzler

NP

o0

fnprlg, D) =log {}jjuf

NP-0-M

, o : i e
fveonm(m..... qe, D) =log |3 ay S 7 e -

NP-U-N

Ty

g . W | ETIITR A
L B -
fvron(@. .. qe. D) =log |30 0f 7T

INLINK
finpivg(D) = log P(R = 1]l = (D))

PAGERANK
fer(D) =log P(R =1|PR = PR(D))

An MRF Model for Navigational Web Search

Final Defense Copyright Donald Metzle

(F1, Top, NP ) = Ap,
(F1, Tgy, ICF) = Ag,

(SD, Ogp, NP-O-1) : Ag,,

MRENE (8D, Og, ICF-0-1) : Ao,
Canonical Form: (SD, Ogp, NP-U-4) : Ag,,

(SD, Og, ICF-U-4) : Ay,
(FI, D, INLINK) : Ay
(FI, D, PAGERANK) : Apg

LM-Mixture MRF-NP
MRR | S@10 | Not Found | MRR | S@10 | Not Found
TREC 2005 | 0.414 | 0.563 0.175 0.441 | 0.583 0.171

TREC 2006 | 0.472 | 0.657 0.133 0.512 | 0.696 0.138

Web Search Results
Canonical form for the MRNP model and summary of web search
results.
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Outline

A Automatic Feature Selection
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13



7/30/2007

The Need for Feature Selection

A Basic MRF models used manually chosen featur
A New tasks and data sets often require the use of
different features
A Infeasible to manually select best feature set for
all new data set and tasks
A Other advantages
T Reduce number of unnecessary/redundant features
T Limitoverfitting
1 Increase training speed

Related Work

A Feature selection/induction for machine
learning
i Markov random fields
i Conditional random fields

A Feature selection/induction for information
retrieval
i Genetic algorithms
i Result fusion

Feature Selection for
Linear Featurd8ased Models

A Proposed algorithm:
T Input: pool of features
T Begin with an empty model
T Until some stopping criteria is met,

A For each feature in the pool,
i Temporarily add feature to the current model

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

i Score feature according to how much it improved underlying
metric

A Add best feature to the model and remove from feature pool
A Retrain the entire model (optional)

311200 Final Defense Copyright Donald Metzler

Feature Selection Results

A Training vs. No Retraining
A Number of Features
A Automatic vs. Manual Feature Selection

14
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No significant change in training or test set effectiveness.

No Retrain Retrain
Train Test Train Test
AP 0.1863 0.1865 | 0.2246
WSJ 0.2703 | 0.3543
ROBUSTO04 l] SUT‘J 0.2391 | 0.3065
WTI10G 0.2344 | 0.2129 0.2357 | 0.2140

There is little evidence that retraining is useful.

Training vs. No Retraining

Training and test set mean average precision values for retraining and

no retraining.
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Number of Features

Training blue) and test (ed) set mean average precision versus number
of features added to model for AP (left) and GOV2 (right) data sets.
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-

[MJ

AN

J

Feature Selection Analysis

The order that features were selected, and their respective weights, for
the WSJ and WT10G data sets.
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MRFFS > all other modelfor AP, WSJ
MRFFS > MRFland BM25for ROBUST04, WT10G, and GOV2

Automatic vs. Manual Feature Selection
Comparison of test set mean average precision for language mudelmgmwzs MRF

model using language modeling weighting (VB), MRF model using BM25 weighting
(MRFBM25), and MRF learned using our proposed feature selecllon algorithm-A8RF
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