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Recen years have seenan explosive growth of the volume of information.
retrieval is oneof the most usefultechniquesto addressthe problem of information overload.
The retrieval of textual information (i.e., text retrieval) is esgecially important, becausethe
most frequertly wanted information is often textual, and techniquesfor retrieving textual
information can be useful for retrieving other media information when companiontext is
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Abstract

This thesispresens a newgeneralprobabilistic framework for text retrieval basedon
Bayesiandecisiontheory. In this framework, queriesand documerts are modeled using
statistical languagemodels, user preferencesare modeled through loss functions, and
retrieval is cast asa risk minimization problem. This risk minimization framework not
only uni es seweral existing retrieval modelswithin onegeneralprobabilistic framework,
but also facilitates the dewvelopmen of new principled approades to text retrieval
through the use of statistical language models. We explore three interesting special
casesof the framework. In the caseof a two-stage language modeling approac, we
show that it is possibleto adcieve excellen retrieval performance without any ad
hoc parameter tuning by exploiting statistical estimation methods to set the retrieval
parameters completely automatically. In another case of a KL-div ergenceretrieval
model, we demonstrate that it is possibleto improve retrieval performanceby using
improved languagemodels estimated basedon feedba& documerts. Finally, in the case
of non-traditional aspect retrieval models, we shav that it is possibleto uselanguage
modelsto capture redundancy and sub-topicsin documerts, and to perform \context-
sensitive" ranking of documerts basedon both relevance and novelty of documerts.
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The task of text retrieval can be de ned as,taking asinput, a documern collection (i.e.,
a set of unorderedtext documeris) and a userquery (i.e., a description of the user'sinfor-
mation need),to identify a subsetof documerns that can satisfy the user'sinformation need.
Sinceit is generallyvery hard, if not impossible,for a userto prescribe the exact informa-
tion needcompletely and preciselywith a query, text retrieval is really an \ill-form ulated"
task, in the sensethat the correctnessof the solution to the retrieval problem can only be
ewvaluated by a userempirically. Indeed, the criterion for judging whether a particular set
of documerts would satisfy the user'sinformation need,or the notion of \ relevane”, is in-
herertly impossibleto formalize, asit is generallyimpreciseand dependson the situation or
cortext of the retrieval task.

Two assumptionsare often madeto simplify the retrieval task: (1) Independentrelevane.
The relevance of a documert is assumedto be independen of other documerts, including
those already retrieved. (2) Topical relevane. The relevance of a documert is assumedto
meanthe level of topical relevance of the documert with respect to the query. Under these
two constrairts, the retrieval task is essetally to ewaluate the topical relevance value of
eat documert independentlywith respect to a query, which makesthe retrieval task more
tractable. Both assumptionshave been made in most traditional retrieval models, even
though none of them can be expectedto hold in reality.

Over the decades,many dierent retrieval models have been proposed, studied, and
tested. Their mathematicalbasisspansa large spectrum, including algebra,logic, probability
and statistics. The existing models can be roughly grouped into three major categories,
dependingon how they de ne/measurerelevance. In the rst category relevanceis measured
by the similarity betweena query and a documert. The vector space madel is the most
well-known model of this type, in which a documen and a query are represeted as two
term vectorsin a high-dimensionalterm space,and the similarity betweenthe query and
the documert is typically measuredby the dot product of the two vectors or the cosineof
the angle formed by the two vectors (Salton et al., 1975; Salton and McGill, 1983; Salton,
1989). In the secondcategory a binary random variable is usedto model relevance and
probabilistic models are used to estimate the value of this relevane variable Dierent
models of this category mainly dier in their way of de ning the probabilistic model and
estimating the probability of relevance. Most classi@l prokabilistic retrieval modelsbelongto
this category(Maronand Kuhns, 1960; Robertson and Spardk Jones,1976;van Rijsbergen,
1979;Robertsonet al., 1981;Fuhr, 1992). The languagemadelingapproachproposedrecerily
has alsobeenshaown to be a special caseof a generalprobabilistic relevancemodel(La ert 'y
and Zhai, 2001b). In the third category relevanceis measuredoy the uncertainty in inferring
gueriesfrom documens or vise versa. Examples of this category include the logic-tasel
probabilistic inference model(van Rijsbergen, 1986; Wong and Yao, 1995), the inferenae
network model(Turtle and Croft, 1991),and the spread-activation modelKwok, 1995).

Although a lot of progresshas beenmade in the eld of text retrieval, especially the
improving of empirical performanceon large documert collectionsdue to the annual TREC
evaluation workshop(Moorheesand Harman, 2001), the integration of theory and practice
in text retrieval has so far been quite weak. Theoretical guidance and formal principles



have rarely led to good performancedirectly; a lot of heuristic parameter tuning must be
usedin order to adieve satisfactory performance. This is evident in the large number of
parameter-tuning experimerts reported in virtually ewvery paper published in the TREC
proceedings(Voorheesand Harman, 2001). It is thus a signi cant scieri ¢ challengeto
dewelop principled retrieval approathesthat alsoperform well empirically.

This thesis attempts to addressthis fundamenal challenge. It preseits a new general
probabilistic framework for text retrieval basedon Bayesiandecisiontheory. In this frame-
work, queriesand documerts are modeledusing statistical languagemodels userpreferences
are modeled through loss functions, and retrieval is cast as a risk minimization problem.
This risk minimization framework not only uni es se\eral existing retrieval models within
one generalprobabilistic framework, but also facilitates the dewelopmen of new principled
approadesto text retrieval through the useof statistical languagemodels. Three interesting
special caseof this framework are further exploredin the thesis:

1. Two-stagelanguagemodels

While traditional retrieval modelsrely heavily on ad hac parametertuning to adieve
satisfactory retrieval performance,the use of languagemodelsin the risk minimiza-
tion framework makesit possibleto exploit statistical estimation methods to improve
retrieval performanceand set retrieval parametersautomatically. As a special case
of the framework, we presen a two-stagelanguagemodel that, accordingto exten-
sive evaluation, achievesexcellen retrieval performancewithout any ad hoc parameter
tuning.

2. Kullback-Leibler divergenceretrieval models

Using languagemodelsin retrieval also makesit possibleto improve retrieval perfor-
mancethrough using improved languagemodels and estimation methods. As another
special caseof the risk minimization framework, we derive a Kullback-Leibler diver-
genceretrieval model that can exploit feedback documentsto improve the estimation
of query models. Feedba& has so far beendealt with heuristically in the language
modeling approad to retrieval. The KL-divergencemodel provides a more natural
way of performing feedbak by treating it as query model updating. We proposetwo
speci ¢ query model updating algorithms basedon feedba& documertis. Evaluation
indicatesthat both algorithms are e ectiv e for feedbagk.

3. Aspect retrieval models

The risk minimization retrieval framework further allows for incorporating user fac-
tors beyond the traditional notion of topical relevance. We presen a family of non-
traditional retrieval modelsthat are appropriate for the aspect retrieval task. Speci -
cally, we presen languagemodelsthat can capture redundancyand sub-topicsin doc-
umerts, and study lossfunctions that can rank documerts in terms of both relevane
and sub-topicdiversity. Evaluation shows that the proposedlanguagemodels can ef-
fectively capture redundancyand can outperform the relevance-basedanking method
for the aspect retrieval task.



In the following sections,we rst give an overview of the risk minimization framework,
and then summarizeour exploration of its three special cases.

2 The Risk Minimization Retriev al Framew ork

2.1 The basic form ulation

In general,a retrieval systemcan be regardedas an interactive information servicesystem
that answers a user's query by presening a list of documerts. After seeingthe presened
documerts, the user may reformulate a query, which is then executedby the systemto
produce another new list of documens to present. The cycle goeson like this. At eadh
cycle, the retrieval systemneedsto choosea subsetof documeris and preser them to the
user in someway, basedon the information available to the system, which includes the
currernt user,the user'squery, the sourceof documerts, and a speci ¢ documern collection.
The retrieval problem canthus be viewed as a decision problem for the system.

The basicidea of the risk minimization retrieval framework is to formalize suc a general
retrieval decisionproblem with Bayesiandecisiontheory, which provides a solid theoretical
foundation for thinking about problems of action and inferenceunder uncertainty(Berger,
1985).

In terms of Bayesiandecisiontheory, our observationsare the user U, the query q, the
documert sourceS, and the collection of documeris C. We view a query asbeingthe output
of someprobabilistic processassaiated with the userU, and similarly, we view a documert
as being the output of someprobabilistic processassaiated with an author or documert
sourceS. A query (documen) is the result of choosing a model, and then generatingthe
guery (documen) using that model. A set of documerts is the result of generating eat
documert independerily, possiblyfrom a di erent model. (The independenceassumptionis
not essehal, and is made hereonly to simplify the preseration.) The query model could,
in principle, encale detailed knowledge about a user'sinformation need and the cortext
in which they make their query. Similarly, the documert model could encale complex
information about a documert and its sourceor author.

More formally, let o denotethe parametersof a query model, and let  denote the
parametersof a documert model. A userU generatesa queryby rst selecting o, according
to a distribution p( ojU). Using this model, a query q is then generatedwith probability
p(qj o). Similarly, the sourceselectsa documert model p accordingto a distribution
p( pjS), and then usesthis model to generatea documert d accordingto p(dj p). Thus,
we have Markov chainsU! o! gandS! p ! d. Thisisillustrated in Figure 1

Let C = fdy;d,;:::;dng be a collection of documerts obtained from sourceS. We
denoteby ; the model that generatesdocumert d;. Our obsenations arethus U, g, S, and
C

An action correspnds to a possibleresponseof the systemto a query. For example,
one can imagine that the systemwould return an unordered subsetof documens to the
user. Alternativ ely, a systemmay decidea ranking of documens and presen a rankel list
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Figure 1: Generative model of query g and documert d.

of documens. Yet another possibility is to cluster the (relevant) documerts and presen a
structured view of documernts.

Generally we can think of a retrieval action as a compound decision involving seleting
a subsetof documerts D from C and presentingthem to the user who hasissuedquery q
accordingto somepresemation strategy . Let be the set of all possiblepresenation
strategies. We can represeh all actionsby A = f(D;; i)g, whereD; Cis a subsetof C
(results) and ; 2 is somepresermation strategy.

In Bayesiandecisiontheory, to ead sud action a = (Dj; i) 2 A there is assaiated a
lossL(a; ;F(U);F(S)), which in generaldependsupon all of the parametersof our model,

( o;f igl,) aswell as any relevant user factors F(U) and documert sourcefactors

F(S).

In this framework, the expected risk of action a; is given by

Z

R(Di; ijU;q;S;0 = L(Di; i sF(U);F(S) p( jU;0;S;,9d

wherethe posterior distribution is given by

W
p( jU;q;S;,0 / p(QJq;U)_ p(ijdi;S)

i=1

The Bayesdecisionrule is then to choosethe action a with the least expectedrisk:

a = (bD; )= agmnR(D; jU;q;S;0
D;

That is, to selectD and presemh D with strategy

This is the basicformulation of retrieval as a decisionproblem in the risk minimization
framework, which involvesseartiing for D and  simultaneously In principle, strategy can
be fairly arbitrary. Practically, howewer, we needto be able to quartify the lossassaiated
with a presenation strategy.



2.2 Special cases

Interesting special casesof the risk minimization framework can be obtained by considering
a speci ¢ lossfunction and speci ¢ documert/query languagemodels.

When the lossfunction doesnot depend on the presetation strategy, that is, all we care
about is to selectan optimal subsetof documerts for presetation, the risk minimization
framework leadsto the following generalset-lasal retrieval maodel.

Z
D = argmin L(D; ;F(U);F(S)p(jVyU;q;S;0d
D

The traditional Boolean retrieval model can be viewed as a special caseof this general
set-basedretrieval framework, where we have no uncertainty about the query models and
documert models(e.g., o = g and ; = d;), and the following lossfunction is used:

X
L(D; ;F(U);F(S)) = (d;q)
d2D
where (d;q) = 1 if and only documert d satis es the Boolean query q; otherwise
(d;q) = 1. This lossfunction is actually quite general,in the sensethat if we allow
(d; q) to be any deterministic retrieval rule applied to query g and documen d, sud that,
(d;q) > 0if d is relevant to g, otherwise (d;q) < 0, then, the lossfunction would always
resultin aretrieval strategy that involvesmaking anindependentbinary retrieval decisionfor
ead documert accordingto . There are many other possibilitiesto specializethe set-based
retrieval method, but exploring them is not the main focus of this thesis.

If we assumethat the lossfunction doesnot depend on the selectedsubsetof documerts,
and our presemiation strategy correspndsto a ranking of all the documerts in the collection,
we can obtain a generalranking-basedretrieval model.

Let usdenotean action by ;, which is a permutation over [1::N], i.e., a completeordering
of the N documerts in the collection C. In order to characterizethe loss assaiated with
a ranking of documerns, we assumea \sequertial browsing model" of the user{ the user
would read the documerts in the order and stop where\er is appropriate. Thus, the actual
loss (or equivalertly utilit y) of a ranking would depend on where the user actually stops.
That is, the utilit y is a ected by the user'sbrowsingbehavior, which we could model through
a probability distribution over all the ranksthat a usermight stop at. Formally, let s; denote
gle probability that the userwould stop reading after seeingthe top i documeris. We have

iN:1 si = 1. We cantreat s;;:::; sy asuserfactors given by F (U).

Given this setup, we can now de ne the lossfor a ranking asthe expected lossunder the
assumedstopping rank” distribution.

X
L(C; sF(USE(S) = sil( (L) SF(U)F(S)
i=1
where, I( (1 :i); ;F(U);F(S)) is the actual lossthat would be incurred if the user ac-
tually views the rst i documerts accordingto . Note that L( ; ;F(U);F(S)) and
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[( ; ;F(U);F(S)) aredierent: the former is the expected loss of the ranking under the
user's\stopping probability distribution”, while the latter is the exactlossof the ranking
when the useractually viewsthe whole list.

Assumingthat the userwould view the documerns in the order of being presened, and
the total lossof viewing i documerts is the sum of the loss assaiated with viewing eat
individual documernt, we have the following reasonableadditive decompsition of the loss:

Xi
I( (1:0); ;F(U);F(S) = I(dijd1;:dy 1 ;F(U);F(S))
j=1

wherel(d jjd :;::5;d 5 1; ;F(U); F(S)) is the conditional lossof viewing d ; given that
the userhasalready viewed (d 1;:::;d  1).

Putting all thesetogether, the optimal ranking is given by

Xoox
= argmin s I(dijd 1;5d 5 25 SF(U)FE(S))p( jg; G U; S)d

De ne the following conditional risk

z
r(dyjdy;nde 1;0;CU;S)E I(dyjdy;dy 13 F(U);F(S)p( jq;C U;S)d

which can be interpreted as the expectedrisk of user'sviewing documert dy given that
di;::;;dy 1 have already beenpreviously viewed. We can write

XX

Si r(dijd 1;::5d i 1;q9;CGU;S)
=1 j=1
AN

( s)r(dijd;ndi 15q;GU;S)

i=1 iz

R( jg;CU;S)

This is the generalframework for ranking documerts within the risk minimization frame-
work. It basically says that the optimal ranking is the one minimizing the expected condi-
tional loss(under stopping distribution) assaiated with sequetially viewing ead documert
in the order given by the ranking.

There are two further special casesof this generalranking model, correspnding to the
use of an independentand a degendent loss function, respectively. With an independert
lossfunction, we assumethat the lossof viewing eat documert is independer of viewing
others. In this case,the optimal ranking  canbe showvn to be independentof f s;g, and is

just ranking documerts accordingto the individual risk of eath documert, given by
zZ Z

r(djg; G U;S) = I(d; q; p;FU);F(S)p(qia;U)p(pjd;S)dpd g
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This is equivalent to the situation when we assumeead possibleaction is to presen a
single documen. The lossfunction I(d; o; b;F(U);F(S)) can be interpreted as the loss
asseiated with presering/viewing documert d.

Sud a generalindependen loss ranking model is a generalization of the Prokability
Ranking Principle proposedin (Robertson, 1977),and canbe shovn to cover se\eral existing
retrieval modelsasspecialcasesincluding the probabilistic relevancemodel and the language
modeling approad proposedrecerly(La ert y and Zhai, 2001a).

Independert lossis not really a realistic assumption;the loss of viewing one documert
generally dependson the documerts already viewed. For example,if the user has already
seenthe samedocumert or a similar documen, then, it shouldincur a much greaterlossthan
if the documert is completelynewto the user. When the independenceassumptiondoesnot
hold, the complexity of nding the optimal ranking makesthe computation intractable. One
practical solutionis to usea greedy algorithmto construct a sub-optimal ranking. Speci cally,
we will \grow" the target ranking by choosingthe documert at ead rank, starting from the
very rst rank. Supposewe already have a partially constructedranking (1 :1i), we would
choose a documert that minimizes the risk increasefor rank i + 1. Let k be a possible
index of documen to be consideredfor rank i + 1, and (1 : i; k) represenh the ordering
(d @i; 5 d @iy de). Then, the increaseof risk for picking di at rank i + 1is

(kj (1:1))

R( 1:i;K)jg;CGU;S) R( (1:0)ja;CU;S)
= S+ (r(dejd @iys; 25 d @iy 45 G U S) +

XI
r(djjd @i ind @i 159;GU; S))
j=1

Thus, to extend (1:i), we should choose

=~
1

argmin (kj (1:1))
k

argkmin r(dejd (wiyr;hd @459, G U; S)
That is, at ead step, we just needto ewvaluate

(ki (1:i)) = r(djd @iy nnd @iy ;G U;S)

and choosethe k that minimizes °(kj (1 :1)).

This gives us a general greedy and cortext-dependert ranking algorithm. With this
algorithm, again, we seethat the \optimal" ranking doesnot depend on the stopping prob-
abilities s;. In Section5, we will discussse\eral special casesof this algorithm, including the
Maximal Marginal Relevane metha (MMR)(Carb onell and Goldstein, 1998).
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3 Two-stage Language Mo dels

In the special caseof using an independen loss function for ranking, let us considerthe
following special lossfunction, indexed by a small constart ,

.. . _ 0 if ( o b)
1(d; o o F(U):F(S) = c otherwise
where : g o ! is a model distance function, and c is a constart positive cost.

Thus, the lossis zerowhenthe query model and the documert model are closeto eadt other,
and is c otherwise.

Using this lossfunction, with someappraoximations, we will be essetially ranking doc-
umerts accordingto the posterior probability that the user usedthe estimated documen
model asthe query model, which is given by

p("bia;V) 1 p@@jo;U)p(bjv)

This is the basic two-stage language model retrieval formula. This formula has the
following interpretation: p(qj AD;U) captureshow well the estimated documert model g
explainsthe query, whereasp("p j U) encadesour prior beliefthat the userwould use "y as
the query model. While this prior could be exploited to model di erent documern sources
or other documert characteristics, we assumea uniform prior in this thesis.

The name\ two-stagé comesfrom the fact that to scorea documert using this formula,
we would rst estimatea documert languagemodel, and then compute the query likelihood
using a query generative model which is basedon the estimated documert model. From
the viewpoint of smathing, we can regard sud a two-stagelanguagemodeling approad as
involving a two-stagesmoothing of the original documert model. The rst-stage smaothing
happens when we estimate the documernt languagemodel, and the second-stages imple-
merted through the query generative model.

One special caseof this two-stagelanguagemodeling approad is the original language
modeling approad proposedin (Ponte and Croft, 1998), which can be obtained by using
the simplestunigram languagemodel asthe query generationmodel { essetially we would
have only the rst-stage smoothing. In this case,it can be shovn that if the documen
languagemodel "5 is smoothed with the collection languagemodel, the retrieval function
would, in e ect, performaterm weighting that is similar to TF-IDF weightingwith documert
length normalization. In general,smoothing is very important for estimating an accurate
languagemodel, and we have found that the retrieval performancecan be very sensitiveto
smoothing. We have done many experimerts with seweral smaoothing methods, and have
found that Dirichlet prior smoothing method is e ective for rst-stage smaoothing. Howeer,
we have alsofound that the rst-stage aloneis inadequate{ we must alsoperform the second-
stagesmaothing to model any possiblenon-informative wordsin the query(Zhaiand La ert y,
2001b).

A more interesting special caseinvolves using a simple mixture model for query genera-
tion, which resultsin a second-stagesmaothing with linear interpolation (simpli ed Jelinek-
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Mercer). The overall e ect is the following two-stagesmathing retrieval formula:

Y” . |
p@i%; ;U= )C(q'd?dJ’jer(QJS)

i=1

+ p(gju)

where, is the (rst-stage) Dirichlet prior smoothing parameter and is the (second-
stage) Jelinek-Mercerinterpolation parameter. p(qjS) is the collection languagemodel,
and p(:jU) is a query backgound languagemadel, which can explain the non-informative
words in the query. This two-stagesmaoothing method is shovn to reveal a more regular
sensitivity pattern of smaothing empirically.

We proposea leave-one-outmethod for estimating the rst-stage Dirichlet prior param-
eter and a mixture model for estimating the second-stagenterpolation parameter. These
methods allow us to set the retrieval parametersautomatically, yet adaptively accordingto
di erent databasesand queries. Evaluation on v e di erent databasesand four types of
gueriesindicatesthat the two-stagesmoothing method with the proposedparameterestima-
tion schemeconsistetly givesretrieval performancethat is closeto, or better than, the best
results attainable using a single smaothing method, achievable only through an exhaustive
parameter searti. The e ectivenessand robustnessof the two-stagesmaothing approad,
alongwith the fact that there is no ad hoc parametertuning involved, makeit a solid baseline
approad for evaluating retrieval models(Zhaiand La ert y, 2002).

4 KL-div ergence Retriev al Mo dels

An interesting family of retrieval models can be obtained by using the KL-div ergenceof the
guery model and documert model as an independert lossfunction in the risk minimization
framework. In this case,we have,

r(djg; G U;S) ™ D aii o)
p(wj ) logp(wj )

w

Thus the ranking function is essetially the crossentropy of the query languagemodel
with respect to the documert languagemodel. If we let bQ be just the empirical distribution
of the query g, we canobtain the popular query likelihood ranking function asa special case.
Thus, we seethat the KL-divergencemodels extend the basiclanguagemodeling approat
proposedin (Ponte and Croft, 1998)through the incorporation of a query languagemodel,
which makesit possibleto treat feedba& naturally asquery model updating.

Feedba& has so far beendealt with heuristically in the languagemodeling approad,
usually in the form of query expansion. But sud an exmnsion-tasel feedbak strategy is
not compatible with the essencef the languagemodeling approad { model estimation. As
aresult, the expandedquery hasto be interpreted in a di er ent way than the original query
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is. We proposedtwo maodel-tasel methods for performing feedbak in the languagemodeling
approad to information retrieval. One advantage of the model-basedapproad is that it
doesnot causea conceptualinconsistencywheninterpreting the query in the retrieval model,
and it explicitly treats the feedba& processasa learning process.

Speci cally, let bQ bethe estimatedoriginal query model and b. bean estimatedfeedbak
guery model basedon feedba& documens F = (di; dy;:::;dy), which can be the documerts
judgedto berelevant by a user(asin the caseof relevancefeedbak) or the top documerts
from an initial retrieval (asin the caseof pseudorelevancefeedbak). Then, our new query
model bg would be

Uc)g =@ )bQ + b

where, cortrols the in uence of the feedba& model.

We proposetwo very di erent methods for estimating b. basedon feedba& documerts.
The rst method is to assumethat the feedba& documens are generatedby a mixture
madel in which one componert is the query topic model and the other is the collection
languagemodel. Given the obsened feedba& documerts, the maximum likelihood method
canbe usedto estimatea query topic model. The secondmethod usesa completelydi erent
estimation criterion. It assumesthat the estimated query model is the one that has the
least average KL-divergen@ from the empirical word distribution of ead of the feedbak
documerts.

The two methods were evaluated with three represetativ e large retrieval collections.
Results shav that both methods are e ective for feedba& and perform better than the
Rocdiio method in terms of non-interpolated averageprecision. Theseresultsalsoshaw that
better retrieval performancecan be adieved through the use of more reasonablelanguage
models and better estimation methods. In particular, we have shavn that the feedbak
documertis can be exploited to improve our estimation of the query languagemodel(Zhai
and Laerty, 2001a).

5 Aspect Retriev al Mo dels

While topical relevanceis oneof the mostimportant factorsin text retrieval, in real applica-
tions, a useroften caresabout other factors aswell. For example,usersgenerallywould like
to avoid seeingthe sameor similar documerts again when viewing the retrieval results. So,
removing redundancyin documerts would be desirable. Another exampleis when two or
more documerts together cansatisfy a user'sinformation need,but whenjudgedindividually,
none of them is su cien tly relevant.

To addressfactors like redundancy it is necessaryto break the independent relevane
assumption. Most traditional retrieval models are basedon sud an independert relevance
assumption, so are inadequate to addressfactors sud as redundancy Indeed, in these
models, relevanceis treated as a relationship between one single documert and one query.
The risk minimization framework allows us to \encode" user factors that we would like to
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considerwith the lossfunctions de ned over a set of documeris, so can model factors that
may depend on more than one documert.

We study how we can usethe risk minimization framework to perform non-traditional
ranking in the cortext of the aspect retrieval task, in which the goal is not to retrieve as
many relevant documerns as possible,but to retrieve as many distinct relevantaspects as
possible.

We derive two typesof aspect retrieval models, both involving a degendentlossfunction.
The rst type of modelsareto increaseaspect coverageindir ectly by reducingthe redundancy
among documerts, and are essetially Maximal Marginal Relevance (MMR) models based
on languagemodels. The secondtype of models, called Maximal Diverse Relevane (MDR)
models, are to increaseaspect coverage more directly by modeling the hidden aspects in
documerts.

We proposetwo ways to exploit languagemodeling to measure redundancy oneis based
on the KL-divergenceand the other is basedon mixture models. Evaluation shows that
the mixture model measureis more e ective in capturing redundancy and can acieve sig-
ni cantly better aspect uniqguenessthan pure relevance ranking when re-ranking relevant
documerts. The basic idea of this mixture model measureis to represeh the known in-
formation by a known information languagemodel, and to assumethat a new documert
is generatedby a mixture model involving the known information model and a backgound
componert model. Our redundancy measure(or equivalertly novelty measure)is then the
estimated mixing weight on the known information model (or the badkground model). This
redundancymeasurecan be useful for re-ranking any subsetof documerts to reduceredun-
dancy

For the MMR type of models, we proposefour di erent ways to combine relevancewith
novelty. According to the experimenrtal results, a direct combination of the mixture model
novelty measurewith the regular KL-div ergenceaelevancescoreis shovn to bee ectivein im-
proving both aspect coverageand aspect uniquenesson the relevant data set, suggestinghat
it is indeedhelpful for improving aspect coveragethrough redundancyelimination. However,
this samemethod doesnot perform well on the mixed data set, and in particular, can never
perform better than the baselinerelevance ranking, suggestingthat the redundancy elimi-
nation helpsimprove aspect coverageonly when the relevanceranking is accurate. Overall,
the MMR type of models appear to be not very e ective in improving aspect performance
on the mixed data. This may be becausethe amourt of redundancyamongrelevant docu-
merts is relatively low comparedwith the amourt of non-rele\vant documerts in our data set.
Sincethesemodelsare designedto exploit redundancyelimination, they e ectivenesss best
demonstratedthrough a data set with a high density of redundancy Further experimerts
with synthetic data would allow us to test their e ectivenessmore fairly.

For the MDR models, we derive a generalaspect retrieval function basedon aspect KL-
divergene. The assumedgenerative model is illustrated in Figure 2. We assumethat there
exist a spaceof A aspects, = ( 1;::5; a), ead ; is characterizedby a unigram language
model. Wefurther assumehat a user,with aninterestin retrieving documerts to cover some
of theseA aspects,would rst pick a probability distribution o over the aspects, and then
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Query generation

Aspect selection p(qj ; Q)

U - Q = q
pP( Qi V)
P(pj ;S)

S > D - > d
Aspect selection p(dj ; b)

Doc generation
Figure 2: Aspect generative model of query g and documert d.

formulate a query accordingto a query generationmodelp(qj ; o). Intuitively, o encales
the user'spreferenceson aspect coverage,and in general,would have the probability mass
concerrated on those aspects that are most interesting to the user; other non-interesting
aspects may have a zero probability. Among these\in teresting aspects”, the distribution

is generally non-uniform, re ecting the fact that someaspects are more emphasizedthan

others. Similarly, we alsoassumethat the author or sourceof a documert d would rst pick
an aspect coveragedistribution p, andthen generated accordingto a documert generation
model p(dj ; p).

We now considerthe following lossfunction:

I(dxjdy; 5 de 1 3 F(U); F(S)) I(dyjda;5de 15 5 Q) Dy D)

D( QJJ Ilg‘l(:::D;< 1)

where, B:::Dk _ is aweighed averageof f 4 g, de ned asfollows:
K1
p(aJ 8;:::Dk 1) = —1 p(aj Di)+ (1 )p(aj Dk)
i=1
where, 2 (0;1]is a parameterindicating how much redundancywe would like to model.
The ideabehind this lossfunction is the following: We expect ¢ to give usa\measure"
of which aspect is relevant{ a high p(aj o) indicatesthat the aspect a is likely a relevant
one. The lossfunction encalesour preferencedor a similar \aspect coveragedistribution”
collectively givenby all the documerts dy; :::; dc. Thus,if o assignshigh probabilities to some
aspects, then we would expect to these(presumably relevant) aspectsto be covered\more
than" other aspects. The best dy is, thus, the one that can work together with dy;:::;dg 1
to adchieve a coveragedistribution that is most similar to the desiredaspect coverageof the
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query; i.e., p(aj o). The parameter cortrols how much we would rely on the previously
picked documeris dy;:::;d¢ 1 to cover the aspects. If we do not rely onthem (i.e., = 0), we
will be looking for a di that bestcoversall the relevant aspectsby itself. On the other hand,
if > 0, part of the coveragewould have beenexplainedby the previously picked documerts,
and the best dy would be the onethat best covers those\under-covered” relevant aspects.
Essemially, we are searding for the dy that best supplemets the coverageprovided by the
previously picked documerts with respect to the desiredcoverage q.

We explore two variants of this aspect generative model { the Prolabilistic Latent Se-
mantic Indexing (PLSI)(Hofmann, 1999) and the Latent Dirichlet Allocation (LDA) ap-
proach(Blei et al., 2001). Evaluation shows that, for both PLSI and LDA, our lossfunction
is e ective in capturing the dependencyamong documerts, and the optimal performance
is obtained through the use of a non-zeo novelty weight, which meansthat the goal of
collectively covering the aspects with multiple documerts is e ectively re ected in our loss
function. Oneinteresting obsenation is that both PLSI and LDA have beenableto improve
the aspect performanceeven whenthe relevanceprecisiondecreasesThis meansthat while
theseaspect modelslosesomerelevant documeris on the top, they could seletively keepon
top thosegaod relevantdocumentsthat better cover more aspects. We also seethat, usinga
KL-div ergencegunction on the aspect space, our relevanceprecisionwith theseaspect models
tendsto be worsethan that of applying the KL-div ergencefunction to the word space, and
as a result, the absolute performanceis generally not as strong as the baselinerelevance
ranking. Newertheless,we have showvn that it is possibleto for the PLSI model to perform
better than the relevance ranking baselineif we further improve the basic model, e.g., by
incorporating a badkground aspect. This is very encouraging,esgecially becausethe aspect
performanceis increasedeven whenthe relevanceprecisionis decreasedyhich indicatesthe
model's e ectivenessin modeling the aspects. Overall, we have only touched a very basic
formulation of the aspect models, especially in the caseof LDA, a lot of approximation
and simpli cation have beenassumedn our experimerts. Further study of thesemodelsis
clearly neededto thoroughly understandthesemethods and their e ectivenessn performing
the aspect retrieval task.

6 Conclusions

In this thesis we have presened a new general probabilistic framework for text retrieval
basedon Bayesiandecisiontheory. In this framework, queriesand documerts are modeled
using statistical languagemodels, user preferencesare modeled through lossfunctions, and
retrieval is cast asa risk minimization problem. This risk minimization framework not only
uni es se\eral existing retrieval modelswithin one generalprobabilistic framework, but also
facilitates the dewelopmen of new principled approadesto text retrieval through the use
of statistical languagemodels. We have explored se\eral interesting special casesof the
framework.

While traditional retrieval models rely heavily on ad hoc parameter tuning to achieve
satisfactoryretrieval performance the useof languagemodelsin the risk minimization frame-
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work makesit possibleto exploit statistical estimation methods to improve retrieval perfor-
manceand setretrieval parametersautomatically. As a special caseof the risk minimization

framework, we preserted a two-stagelanguagemodeling approad that can adhieve excel-
lent retrieval performancewithout any ad hoc parametertuning. The two-stagelanguage
modelsexplicitly capture the di erent in uences of the query and documerts on the optimal

setting of the smaothing parameters,allowing us to estimate the parametersindependerily

accordingto di erent documerts and queries.

Another advantage of using languagemodelsin retrieval is the possibility of improving
retrieval performancethrough using improved language models and estimation methods.
As another special caseof the risk minimization framework, we derive a Kullback-Leibler
divergenceretrieval model that can exploit feedba& documerts to improve the estimation
of query models. Feedba& hassofar beendealt with heuristically in the languagemodeling
approad. The KL-divergencemodel provides a more natural way of performing feedba&
by treating it as query model updating. We proposedtwo speci ¢ query model updating
algorithms basedon feedba& documerts. Evaluation indicates that both algorithms are
e ectiv e for feedbag&.

The risk minimization retrieval framework further allows for incorporating user factors
beyond the traditional notion of topical relevance. We presen languagemodelsthat cancap-
ture redundancyand sub-topicsin documerts, and study lossfunctions that canrank docu-
merts in terms of both relevanceand sub-topicdiversity. Evaluation shovsthat the proposed
languagemodelscane ectiv ely capture redundancyand can outperform the relevance-based
ranking method for the aspect retrieval task.

The risk minimization framework opensup many new possibilities for developing princi-
pled approadiesto text retrieval, and senesas a generalframework for applying statistical
languagemodels to text retrieval. The special casesexploredin this thesis represen only
a small step in exploring the full potertial of the risk minimization framework. There are
mary interesting future researd directions, including

Automatic parameter setting: It is alwaysamajor scierti ¢ challengeto setretrieval
parametersautomatically without relying on heary experimertation. One major advantage
of using languagemodels is the possibility of estimating retrieval parameterscompletely
automatically. The two-stagesmoothing method, alongwith its parameterestimation meth-
ods, is a promising small step toward this goal. Howeer, the two-stagesmoothing method
is a relatively simple model, which does not take advantage of feedba&. It would be very
interesting to study how to estimate parametersin more powerful modelssud asthosebased
on feedba& documerts.

Document structure analysis: A commonassumptionin text retrieval is to treat
documert asthe information unit. Howeer, the relevant information often only represets
a small part of a long documert. Thus, it is desirableto go further than just retrieving a
relevant documert, and to locate the real relevant information in arelevant documen. Tradi-
tionally, heuristic approatceshave beenappliedto retrieve passageswhich canbe regarded
asa steptoward this goal. But the boundary of relevant information may vary accordingto
di erent queries,thus it would be interesting to explore a dynamic approad where passage
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segmetation is integrated with the retrieval function. With the risk minimization frame-
work, it is possibleto incorporate segmetation into the lossfunction and exploit language
models sud as Hidden Markov Modelsto model the documernt structure.

Asp ect retriev al models: The aspect retrieval problem provides an interesting setting
for studying redundancy elimination and sub-topic modeling in text retrieval, and is often
a more accurate formulation of the retrieval problem when high recall is preferred. In this
thesis, we have made somepreliminary exploration of languagemodelsin the cortext of the
aspectretrieval problem, but there arestill many openissuedo further explore. In particular,
the Latent Dirichlet Allo cation model hasa great potertial for modeling the hidden aspects
directly, and is certainly worth further exploring. Another interesting researt direction is
to dewelop aspect retrieval modelsthat can support aspect-basedfeedbak.

Interactiv e retriev al models: In a real retrieval situation, the goal of satisfying a
user'sinformation needis generally accomplishedthrough a seriesof interactions between
the userand the retrieval system. Sud an interactive retrieval processsuggestghat, at any
momen, the retrieval decisionmay (and probably should) depend on the previous actions
that the system and the user have taken. For example, the documeris that a user has
already seenshould be consideredin order to avoid redundancy Indeed,in general,all the
information about the previous actions should be utilized to provide a context for making
the current retrieval decision. It would be very interesting to extend the risk minimization
framework to formalizethe interactive retrieval processasa sequetial decisionproblem,and
to baseretrieval on optimizing the glokal and long term utilit y over a sequenceof retrieval
interactions.
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