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214 SMODNELING

t-dimensional vectorial space and standard linear algebra operations on veetors,
For the classic probabilisiic model, the framework is compused of sets. standard
probability operations, and the Buyes® theorewn.

[t the remainder of this chapter, we discuss the various TR wodels shown
iy Figure 2.3, Throughout the discussion, we do not explicitly histantiate the
components D, Q, F, and R{g;, d;) of cach mwodel. Sneli components shonld be
quite clear from the discussion and can he easily inferred,

2.5 Classic Information Retrieval

In this section we briefly present the three classic models in information retrieval
namely. the Booleaw, she vector, and the probabilistic models,

2.5.1 Basic Concepts

The clagsic mudels i informmation revrieval consdder {har each docuent s de-
seribed by a set of representative keywords called Iindex terms. An fwder bern
is siply o {dooument) word whose semiantics helps in remembering the docn-
wents wain themes, Phus, index verms are used to index and summarize the
document. courentg. Tu general, index terins are maluly nouns hacanse nonus
have meaning by themselves aud thus, ther semnantics s eagier to identify and
Lo grasp. Adjectives, adverbs, and conuectives are less usefn] as wldex ters
hecause they work malnly as complements. However, it might be interesting
Lo consider all the distinet words in a docnnent collection a2 index ters, For
instance, this approach is adopted by souwe Web search engines as discussed in
Chapter 13 (in which case, the document logical view is full tert). We postpoue
a discussion on the problem of how 1o generate index terms widl Chiapter 7.
where the issue is covered in detail.

Given a set of index verms for o document, we notice that wot all ferms
are cqually useful fur deseribing the dooument contents. Tn fact, there are idex
terms which are sinply vaguer than others. Declding on the hportawce of a
term for summarizing the contents of a docwnent is not a trivial igsoe. Desgpite
this difficulty, there are properties of an index term which are easily moeasurod
and which are useful [or evaluating the potential of a term as such. For instayea,
consider a eollection with a hvndred thousaud documents. A word which appears
in each of the one hundred thousand docmnents is completely useless as an index
term because it does not tell us anything about which documents the user might
be interested in. On the other hand, a word which appears hn just five dociments
15 gquite useful becanse it narrows down considerably the space of docunments
which might be of interest to the user. Thus, iv should be clear thatl distiner
index terms have varving relevance when used to deseribe dociunent coutenrs
This effect is capinred through the assignment of nnumerieal weights 1o each index
term of a docunent.



CLASSIC INFORMATION RETRIEVAL 25

Let ki be an index terny, d; be a docnment, and wy; > U be a weight
assovlated with the pair (k. d, ). This weight gunansifies the importance of the
index terw for deseribing the docmnent semantic contents.,

Definition Lot be e number of iudex terms in the system and &y, be @ generic
inder tern Koo ARy o0 k) s the set of oll indew terms. A weight w, ;= 0
is assoerated with cack wder ferm by of o document d;. For an fndex ferm
whivh docs wot appear in the document teef, wi; = 0.0 With the docwment 4,

fs awsacinted an fndee term vector dy represented by d, =2 (i pomg oot
Eurther, Iy be o function that refurns the weight gssorialed with the inder
tera koo any f-divensional cector Jles, g (d)] = wy ).

Ax owe laver discuss. the fndex term welghes are usually assumed o be mutn-
ably independent. This weans that knowing the weigln w, ; associated with ihe
pair (ko ] tells us nothing about the weight ), associnted with the par
{hiorody o This iy elearly a simplification becanse oceurrences of index terms i
a docmuent are not nocorrelated. Clonsider, for iustance, that the terms com-
puter wnd nebwork are wsed to ndex o given document which covers the area of
computer networks. Frequently, in this document, the appearance of one of these
two words attracts the appenrance of the other. Thus. these rwo words arve corre-
laterd and their weights condd reflect this correlation. While wmntnal independence
seems 1o be o slrong simplilication, it does simplify the wtask of computing index
terun weights and allows for Tast ranking compntation. Furthermaore, taking ad-
vantage of dex term correlations for tmiproving the final documenty ravking 1s
not s simple task, o facl, vone of the many approaches proposed in the past
has clearly demapstrated that indeg term correlations  are advantageons (for
ranking purposes) with general eollections. Therefure, anless clearly stared oth-
erwige, we assume mntual itdepeudence among index teriis. In Chapler 3§ we
discuss wodern vewdeval techmques which are based on term correlations and
wlich lave been tested suecosstully with particular collections. These successes
secrn 1o be slowly shifting the cuwrent understanding towards a wore favorable
view of the ugetfulness of tern correlations for information retrieval svstems.

The above definltions provide support for discussing the three elassic infor-
wmalion retrieval models, namely, the Boolean, the vector. and the probahilistic
models, 43 we now do.

5.2 Boolean Mode!

The Boolean model is a simple retrieval model based ou set theory and Boolean
ﬂigt:bra. Siuece the concept of a set i3 quite intuitive, the Boolean mudel pro-
Vides a framework which 1s easv to grasp by a common user of an (R system.
Furthermore, the queries are specified as Boolean expressions which have precise
senuitics. Given its inherent simplicity and neat formalistr. the Boolewi model
ceived great attention i past vears and was adopted by many of the carly
ornmercial hibliographic systets.
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Figure 2.8  The three conjunctive componcms for the guery jg = ko & (ky v =k

Unfortnnately, the Boolean model suffers from wajor drawbacks.  First,
its retricval strategy is based un a binary decision criterion {1e., o document is
pradicted to be either relevant or non-relevant) without any notion of a grading
seale. which prevents good retrieval perforinance. Thus, the Boolean model is
in reality mch more a data {instead of inforasion) retrieva) wodel. Second,
while Boolean expressions have precise semantics. frequently it iy not simple to
translaie an information need inte 1 Boolean expression. Tu fact, most users find
it difficult and awkward to express their query requests i terms of Boolean ex-
pressions. The Boolean expressions actually formulated by users often are quite
gitnple {see Chapter 10 for a more thorough discussion op this issue}. Despite
these drawhacks. the Boolean imnodel is still the dominans model with cornmercial
Jocmment database systens aud provides a good starting point for those new to
the field.

The Boclean model congiders that index terms are present or abseni o a
document. As a resull, the ndex tern weights are assumned o be all binary. e,
wi, € {01} A query ¢ Is composed of index terms linked by three connectives:
not, und, or Thus, a gquery 15 essentially a conveutional Boolean expression which
can be represeited ws a disjuniction of conjunetive vectors (Lo, In dispunctine nor-
mal form — DNF). For instance, the query [q = ko A (ks v ok)] can be written
in disjunctive normal forns as (g = (1.1,1) v {1.1,0) v (1. 0,0)]. where each of

the components is a binary weighled vector agsociated with vhe tuple (fF,, by, k0.
These binary weighied vectors ave called the conjunciive components of @ p.
Figare 2.3 illustrates the three conjunctive components for the query .

Definition  For the Boolean meodel, the index term weight variables are all
binary t.e., wi; € {01} 4 query ¢ is o conventional Boolean expression. Let
Tung be the disjunctive normal form for the query . Further, let ¢o; be any of the
congunctive components of Ganp. The similarity of a docwment d; to the query g
i5 defined ns

. — [ . “‘ - BPTIRe
S%"J’?I(dj? q'] — Loaf EIch:. | e & qdn_f} AT (\d“,IJ = gildec))
: ’ 0 otherwise
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If semlddy, qi = 1 then the Boolean model predicts thet the document dy is relevant
fo the query g (i might not be). Otherwise, the prediction is that the document
is not relevand.

The Boolean moedel predicts that each docomment is cither relevant or non-
refecant. There is no notion of a partiel melch to the query condicions. For
ingtance, let d; be a document for which d: = {0,103 Docnment d, inclhudes
il inelex terin &y, bt iy cousidered non-relevant to the query g = by alkyw ok
The main advantages of the Boolean miadel ave the clean formalism belind
the model and its sinplicity, The inain disadvantages are that exact malching
may lead to retricval of roo fow or foe many documents (see Chapter B Today,
it 18 well known thar index term weighting can lead to a substantial improvement
i retricval performance. Index term weighting brings us to the vector model.

2.5.3 Vector Model

The veetor model 697, 695] recoguizes that the use of binary woights Is tuo
Hindting and proposes o framework in which partial maiching is possible. This
ts accomplished by assigning nen-binery weilghts to index ters lu gieries and
in documents. These term welghts are ultimately used to compuate the degree
of simiarity botween cach document stored in the sysiem und che user gquers,
By sorting the retrieved doevments in decreasing order of this degree of similar-
ity. the vector model 1akes into consideration dociments which match the query
terms only partially. The main resullant effect is that the vanked docunent an-
swor set is a lob more precise (in Lhe sense that it better matehes the user infor-
mation need] shan the docmment answer set retrieved by the Boolean model.

Definition  For the vector model, the weight w5 assoriated with o padr (ki dj)
is posthive and non-binavy.  Further, the index terms in the query are also
weighted, Let g, be the uwcight associated with the par [ki.q], where wy g = 0

Then. the query vector @ s defined as § - (uy g we g, Wy ) where tds the
Lotal number of index ferms an the spstem. As before, the vector for o docurnent
dy is represented by dy = (weygowa o)

Thercfore, a document o) and a user guery ¢ are represented as U-ditensional

wveclors as shown in Figure 2.4, The vector maodel proposes to evaluale (e degree

of similarity of the document d; with regard to the query ¢ as the correfation
between the vectors d; and ¢ This correlation can be quantified. for iustance,
by the vosine of the angle between these two vectors. That is,

az- o
sl ]
Zil Wy K

__’_"-\t o ,.fr =t 2
\:.f Yo wi g Xy }_JJ.__L wy

sim{dy.q)
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Figure 2.4 The cosine of & 1s adopted as simid; ).

where ]d} and | arve the nonng of the doounent and query vectors. The factor
' does not affeet. the ranking (Le.. the ordering of the decnments] because it
15 the same for all doounents. The factor |(?;;| provides a normalization in the
space of the docnments.

Siuce w, = Qand g, =0, simlg, d;) varies from O to +1. Thus, instead of
atteinpting to predict whether a document is relevani or not, the vector model
ranks the decuments according to their degree of simdarity to the guery. A
document might be retrieved even if it matches the query only partiolly. For
instance, one can establish a threshold on sim{d;, ¢) and retrieve the documents
with a degree of similarity above 1hat threshold. But to compute raukings we
need first Lo specify how index tenn weights are obtained.

Tudex term weiglis can be caloulated in many different wavs, The work by
Salton and MeGill [695] reviews various term-weighting techniques, ITere, we do
not discuss them in detail. Instead, we concentrate on elucidating the main idea
hebind the wost effeciive term-weighting technigues. This idea is related to the
basic principles which support clustering techuigues, as follows,

Given a colleetion C of obijects and a vague deseription of a set 3, the goal of
a shple clustering algorithin wmight be Lo separate the collection (7 of objects iuto
Lwo sets: a first one which is composed of objects related to the set A and s second
one which is composed of objects not related to the set A Vague deseription here
means that we do not Tave coplete information for deciding precisely which
objects are and which are uot in the set 4. For instance, one might be looking
for @ sen 4 of cars which have a price comparable to that of 4 Lexns 400, Since it
s not clear what the term enmparable Ineans exactly, there is uot a precise (and
unique) description of the set A, More sophisticated clustering algorithms might
attempt to separate the objects of a collection into varions clusters {or classes)
according to their properties. For tustance, patients of a doctor specializing
in cancer could be classified into five clagses: terminal. advanced, metastasis,
diagnosed, and healtly. Again, the possible class deseriptions miglt he imprecise
{and not unique} and the problem s one of deciding to which of these classes
a uew patient should be assigned. In what follows, howsver, we only discuss
the simpler version of the clustering problem {i.e., the one which considers only
two claszes) because all that is required is a decision on which documents are
predicted to be relevant ard which ones are predicted to be not relevant (with
regard to a given user query).
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To view the IR problem as one of clustering, we refer to the carly work of
Salton. We think of the documents as a collection (7 of objects and think of the
wser quers as a {(vagae) specification of a set A of abjects, [n this seenario, the
IR problem can be reduced to the problem of determining which documents are
in the set A amd which ones are not {Le., the IR problem can be viewed as o
clustering problem). T a clustering problent, two niain issues have to be resolved.
First, one needs to determine what are the features which better describe the
pbjects i the set o1 Second, one weeds to delermine what ave the features
whicli better distinguizh the objeets in the ser A from the remaining objects
the eollection . The first sot of features provides for quantification of intre-
chuster sindlarity. while the secoud set of features provides for guaeification
of enter-cluster dissimilarity., The most snecesstul elnstering algorithons try to
balanee Lhese two effects.

Tn the vector inodel. intra-clustering similarity is gquantified by measnring
the raw frequency of a term Ay inside o document ;. Such tevm froquency is
usuallyv referred to as the tf foctor aud provides one mweasure of how well that
rerin deseribex the docunent contents {Le., intra-dooument cliaracterization).
Furiherore, inter-cluster disstmilarity is quantified by measuring the inverse
of the frequeney of a tertn &y among the documents in the collection.  This
factor is nzually referred to as the inverse dovwmen! fregueney ov the ddf factor.
The motivation for usage of an idf factor is that lerms which appear o oy
documents are nol very useful for distinguishing a relevant document from a
pon-relevant one, Ax with good clustering alsorithms. the most cffeetive ternn-
weighting schewes for IR try to balance these two effocts,

Definition et N be the total number of docuniends i the system and g be
the nwonber of documents in which the indg terin ky appears. Lel freg; b The
pow froguency of fevin kg an the docwment d; (4o the nunber of thnes the term
C Ey ds mentioned in the Lext of the document d; ). Then, the normalized froeguoncy
- fs 5 of term by in document dy s ginen by

f?"f'.l’[.:”; ; .
f{ J = P |2.1]
mar; freg
ere the mazivoon s computed over ofl terms which wre mentioned in the tent
' the document oy If the term by does not appear in the document d; then
= 0. Further, let idf;, inverse docunent frequency for ki, be given by

‘. (2.2)

P
1o

N
-J'-:fi-J' X]_O[._,' '?; |23J

i
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or by @ cartation of this formule. Such ferm-weighting strategies are colled tf-idf
schemes,

Several variafions of the above expression for the weight wy ; are described in an
nteresting paper by Salton and Buckiey which appeared in 1988 [696]. However,
in peueral. the above expression showld provide a pood weighling scheme for
sy collections.

For the guery term weights, Salton and Buckley swugest

0.5 freg,, N —_—
i, = ({,,5+ ’Mf_-f__) x log — (2.4)

mery freg

where freg, . is the raw frequeney of tie term by i the text of the information
reguest .

The main edveantayges of the veotor model ave: {1} its tern-welghting scherme
irmiproves vetrieval performence: (27 ity parvial matching strategy allows retrieval
of documents that epprozimate the query condilions; and (3] its cosine rank-
ing formula sorts the docunents according to their degree of similarity to the
guery. Theoretically, the vector model has the disadrantage thal indes terms are
gastuned (o be mutually independent {egnation 2.3 does not account for index
ternit dependlencies}). However, in practice, consideration of term depeudencies
tnight be o disadvantage. Dne wo the localivy of many term dependencies, their
indiseriminate application to all the docwwents i the collection might in fact
frurt 1he overall performatice.

Despite its shinpliciey, the vecior model is a resihenr ranking strategy with
ecneral collections, It vields ranked answer sets which are diffienlt o improve
npon without query expansion or relevance feedback (zee Chapter 5) within the
framework of the veetor model. A large variety of alternative ranking methods
have Leew compared to the veetor mnodel but the conseusus =eems to be that,
in general, the vector model is efther superior or almost ag good as the known
alternatives. Furthermore. it 15 siple and fast. For Uese reasons. the veclor
muodel is a popular retrieval model nowadaya.

2.5.4 Probabilistic Model

In this section, we describe the classic probabilistic model ntroduced in 1976
by Roberston and Sparck Jones 677] which later became known as the binary
indrpendenve vetricval (BIRY model. Our disenssion s inlentionally briel aud
focuses mainly on highlighting the key foatures of the model. With this purpose
in mind, we do not detain owrselves iv subtletics regarding the binary indepen-
dence assumption for the model. The section on bibliographic discussion points
to references which cover these details.

The probabilistic model attempes to capture the TR problem within a prob-
abifistie framework., The fundanental idea is as follows, Given a user guery,
there 15 a set of doenments which coutains exacely the relevanl documents and
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no othor, Let us refer 1o this set of docnnents as the ideal answer set. (Given the
description of this ideal answer set, we would lave o problems in retrieving its
documents. Thus, we can think of the querying process as a procesy of specify-
ing the properties of an ideal answer set (which 1s analogous to interpreting the
1R problem as a problem of clustering). The problem iz that we do uot know
exactly what these properties are. All we know is that there are index (erms
whose semanties should be used ro characterize thuse properlies. Sinee these
properties are not known at guery time, an offort has to be made ai injtially
guessing what they conld be. This initial guess allows s w generate & prelin-
inary prohabilistic description of the ideal nnswer sel whicl is used to retrieve
afirst set of documents. An interaction with the user is then initiated with the
pirpose of improving the probabilistic description of (he ideal answer set. Such
interaction could proceed as follows,

The user takes a look as the rerrieved documents and decides which oues
are relovant and which ones are not (in truth, only the first top dociments need
to be exarnined). The systetn then uses this information fo refine the descriprion
of the ldeal answer set. By repeating this process many times, it s expected
that such a degeription will evolve and hecowme closer Lo the real descripeion of
the ideal answer set. Thus, one should always have inowind the need to guess at
the beginning the deseription of the ideal angwer set. Furthermore, a conscions
cffort. 15 wade to model this deseription in probabilistic terms.

The probabilistic mode] is hased on the following lundamental assumplion.

Assurnption {Probabilistic Pringiple)  Given a user query g and a document d;
it tollection, the probabilistic model tries to estimemu:_wl‘mbilit}_-‘ thaf
the user will find the dotument d; interesting (Le relevant). The model as-
suntes that this probabilits Triice depends on the query and the document
representations ouly. Furtlier. the model assumes that there is a subset of all
docrnents which the user prefers as the answoer ser for the query ¢ Sueli an
wdeal answer set is labeled B and should maximize the overall probability of rel-
evance to the wser. Doenmments i the set & are predicted w be relevant Lo the
query. Docurnents uot in this set are predicted Lo be non-relevant.

This assumption is quite troublesome because it does not state explicitly
Liow o compute the probahilities of relevance, In fact, not even the swnple space
which 13 to be used for defining such probabilities s given.

Given a query g. the probubilistic model assigns to each documnent d;, as
a meagure of its similarity w the query. the ratio P{d; relevant-to )/ P(d; non-
relevant-to ¢} which computes the odds of the document d; being relevant to the
query ¢. Taking the odds of relevance as the rauk minimizes the probability of
an erroneous judgement [282, T85).

Definition For the probabilistic model, the tnder term weight voriables are
all binary 1.e., w, ;€ 0,1}, wi, € {0,1}. A4 guery g 1is a subset of tnder terms.
Let I be the set of documents knoun (or initially guessed) to be relevant. Let R
be the complement of R (i.e.. the set of non-relevant documents). Let P{R|r17;-}
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he the probability that the document d; is relevant to the query 4 and P(de—;J
be the probability that d; is non-relevant to . The similarity simid;,q) of the
docment iy fo the query q is defined as fhe ratio

P
P{R[d})

sionies, q) =

Using Baves™ rule,

PIdiRY x PR
simid,.q) = L B PUR)

Pid;|Ri % P(R)

[’[f{,'ft’} stands for the probability of randomly selecting the document d; from
the set B of relovant doenments, Further, P{RY stands for the probability that a
docnment randomly selecied from the enidre collection is relevant. The mieanings
attached to P [:'E}-'Ej and P{RY are analogons and complemsentary.

Since £2{R) and 7{R] are ihe same for all the doomments in the collection,

Wi write,

LPid;|R)
Pt(a )

sefelsogi o~

Aszsuming independence of Index terms,

ILI[_!};U!?J bl jj{kth“ ® {H.fh:f_tf:f_‘.l:[] IJ(ZJ{?)_:I
{1—1\'?:".";-' J-.1 I)(k{ |R)J ® {‘HJ}.\ I\';E‘- it f){}”|R]J

smid,, g ~

Pk | 1 stands for the probability that the index term by is present in s document
randomly selected from the set R P(k'R) stands for the probability that the
e terue &y is not present in a doewmment randomly selected from the set R.
The probabilities associated with the set B have meanings which are analogous
to the ones Just deseribed.

Taking logarithms, recalling that Pk R) — P[_'EI-|H:] = {, and ignoring
(actors which are congtant for all docwnents in the contexi of the wuue query,
we cuy finally write

t ) . o=
) ) i~ Pik; R P — Pk R
simld; o q) o~ ?_:1 Wy g X Wy X (log l% + log 1‘:‘—_‘|‘1 )>

whichi is & key expression for ranking computation in the probabilistic model.
Since we do not know the set £ al the beginning, it is necessary to devise

a wmethod for initially computing the probabilities P{k;|R} and P’{k;|R). There

are many allernasives for such computation. We discuss a couple of them below.



" CLASSIC INFORMATION RETRIEVAL g3

i the very beginning (.0, inmediately after the query specification), there
are no retrieved docwments. Thus. one has to make simplifving assunmptions such
as: (a) assame that Pk |R) 18 constant for all index terms &; (Lypieally, equal to
0.5 amd (b assine that the distribution of udex terms among the non-relevant
documents can be approxitated by the distribution of index terms among all

the doeuments tn the collection, These two assumptions vield

Pk, RY = 05
PlkiRy = —

where, as alveady defined, n; & the noaber of docunents which contain the

fndex term &y and N s theFotal number of documents o the collection. Given
. N .

thiz uitial guess, we can then rerrieve docnments which contaln guery terms and

provide an initial probabilistie ranking for thean After Uat, this initial ranking

= improved as follows,

Let V7 be a snbwet of the doconwents inirially retrieved and ranked by the
probabilistic model. Snele a subset can be defined, for lostance, as the wop ¢
ranked doenments where »is s previously defined chreshold. Jrther, Jet Vi e
the subset of V cotuposed of the docnents in 3 which cottaiu the index term
F,o For simplicity, we also use Voand Vi o refer ro e wunber of elements in
these sers (1 should alwavs be clear when the used variable refers to the sel or to
the mumber of elements v i), For lmproving the probabilistic ranking, we need
to improve our guesses for Pk, R} and (k' F}. This can be accomplished with
the following assurnptiors: (a) we can approximate Pk |R) by the distribuilion
of the index term & among the decuments retricved so far, and (b) we can
approximate £{k; B by cousidering that all the now-retrieved documents are
not refevant. With these agsniprions, we can write,

v K
PikyRY = =
. T
— n; — 1,
Pl = 22
S N

This process can then be repeated recursively, By doiug so, we arce able to
tuprove on our guesses for the probabilities Pk R) and Pik;|R) withont any
assistanee from a hman subjeet {contrary to Lhe original idea). However, we
an wlso use assistance from the nser for definition of the subset ¥V oas originally
conceived.

The last fornmlas for Pl Ry and P{k,|R} pose problems for small values
of Vound ¥y which arise in practice {such as V' =1 and V; = 0. To cirenmvent,
these prebletus, an adjustiuent Lactor is often added in which vields

Plki|R) =

.

PikiRy =
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Au adjustment factor which is constant and equal to (15 is not alwavs satisfactory.
An alternative is (o take the fraction i, /N as the adjustment factor which yields

\ Vit

Pk, Ry = —- 3

) ' V+1
Piki|R) ni Vit g
LG = —-—
il 1) N

This completes our discussion of the probabilistic model.

The main adnantege of the probabilistic model, in theory, 15 that docu-
ments are rauked in decreasing order of thelr probability of being relevane. The
disadvantages include: (17 the need to guess the inidal separation of documents
iuto relevant and non-relevant sets; (2) the fact that the method does not take
into account the frequency with which an index term oceurs inside a document
{ie all welghis are binarvi and {3} the adoption of the independence assump-
tion for index terms. However, as discussed for the vector model, it is not clear
that independence of index terms is a bad assumption in practical sitnations.

2.5.5 Brief Comparison of Classic Models

In general, the Boolean model 13 considered wo be the weakest classic method, Its
main problem is the inabilivy to recognize partial matches which frequently leads
Lo poor performance. There is some controversy as to whether the probabilistic
wodel oniperfories the vecior model. Croft performed some experiments and
sugegested that the probabilistic model provides a better rewrieval performance.
However, experiments done afterwards by Salton and Buckley refute that claim.
Through several different wneasures, Salton and Buckley showed that the vector
fliodel is erpected to outperform the probabilistic model with general collections.
This also seems to be the dominant thonght among researchoers, practitioners,
arel shie Web conumunity, where the popularity of the vector model runs high.

2.6 Alternative Set Theoretic Models

In this section, we discuss Lbwo alternative set theoretic models, namely the fuzzy
set model and the extended Boolean model.

2.6.1 Fuzzy Set Model

Representing documents and queries through sets of keywords vields descriptions
which are only partially related to the real semantic contents of the respoctive

documents and queries. As a result, the matehing of a document Lo the guery
terins is approximate (or vague). This can be modeled by considering that each
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query term defines a fuzzy set and that each doomment has a degree of membership
{nsnally smaller than 1] in this set. This interpretation of the retrieval process
fin terws of concepts from fuzzy theory) is the basie fonndation of the warious
fuzzy get models for information retricval which have heen proposed over the
vears, Instead of reviewing several of these models here, we focus ow a particular
one whose deseription fibs well with the wodels already covered in this chapter.
Thns, our discussion is based o the fuzzy set wodel for information retrieval
proposed by Ogawa, Morita, and Kobayashi [616]. Before proceeding, we briefly
introduce some Mmndanental coucepts,

Fuzzy Set Theory

Fuzzy saf theory [$16] deals with the representation of classes whose hbonndaries
are not well deflued. The key idea is to associale a mawbership funetion with
the elements of the clags. This function takes values in the interval [0 with 0
correspoldding to no membership in the class and 1 corresponding to fudl mem-
hership. Membership values between (0 and 1 indicate marginal clements of the
clags. Thug, memnbership in a luzzy set is a notion indrinsieally grodual instead
of abrupt (as in conventional Boolean lagic].

Definition A fuzzy subset A of a universe of discourse U ds charueterized by
a mentbership function jg 0 10— [001] which associates with cach clement v oof
{0 a nember pa () i the interval [0.1].

The three most conunonly nged operations on fuzzy sels are: the complement of
a fzzy sel, the wnion of two or wmore fuzey sets. and the ivtersection of two or
more fwazy sets, They are defined as follows,

Definition Let 17 be the wniverse of discourse, A and B be tivo fuzay subsets
of U7, and A be the complemunt of A relative fo {7 Also, et be an clenent of

00 Then.

pxiu) = 1= prqtu)
HALIB ful - ???G,’I'{;&_.; {ul geplad}
pamplu) = manlpalel gp{n))

Fuzzy sets arve useful for representing vagueness and imprecision and have boen
applied to various domaing, In what follows, wo disenss their application to
mformation retrieval.

Fuzzy Information Retrieval

As diseussed in Chaplers 5 and 7. one additional approach to modeling the
inforiuation retrieval process I to adopt a thesanmis {which defiues term re-
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lationships]. The basic idea is to expand the set of index tenns in the query
with related terms (oblalned from the thesaurus) such that additional relevant
dociments (Le. besides the ones which would be normally retrieved) can be re-
trierced by the wser gquery. A thesaurus can also be used to model the information
retrieval problem in terus of fuzzy sets as follows.

A thesauris can be constructed hy defiuing a ferm-term correlation ma-
tric & [ealled keyword conneclion matriz in [616)) whose rows and colnms are
assoclated w the Index terms o the document collection. Tn this matrix o) a
normalized correlation factor ¢ between two terms k; and k; can be defined by

Mg

L= e e

N, -
W M — L

where n, 13 the number of docwnents which contaln the term &, n; is the imnnber
of docmnents which contain the terin &y, and #;; i8 the unmber of dormunents
which contain both tenng. Stich a correlation metric is quite common and hag
been used extensively witle clustering algorithms as detailed in Chapter 5.

We can use the werm correlation matrix & to define a fuzzy set associated to
cach indes term ki Lu this fuzzy set. a docnnent d, has a degree of membership
Jriy cotuputed s

pa=t= I 01 -en

Ry & od;

whieli computes an algebraie sum (here implemented ag the complement of «
negated algelivaic product) over all ternws in the docnment ;0 A document d;
belongs to the fuzzy sel assoclated 1o the term &y i ils own ters are related w
ki Whenever there is at least one Indesx teym %y of oy whicl is strougly related to
the index &y (e, ¢~ 1) vhen g ~ 1 oand the index &y is a good fuzzy index
for the doenmens o, Tn the case when all index terws of o; are only loosely
related to &y the index by s nol a good fuzey index for dy (el p, ; ~ 03 The
aduption of an algebraic sum over all texms 1o the docuwent d; {instead of the
elagsic e function) allows a suweoth transition for the values of the j; ; factor,

The user states his information need by providing o Boolean-like query
expresgioll. As also happens with the classic Boolean model (see the beginoing
of this chapter), this query is converted 1o its disjunctive normal form.  For
Instance, the query [g =k, & (ky v k)] can be written in disjunctive normal
form as (@ = (1010 v (11,00 v {1,0,0)l. where each of the components
s o binary weighted vector assoclated to the tuple (k,. s, k). These binary
weighted vectors are the conjinctive components of @ Let ey be a reference
o the i-th conjnnetive component. Then,

Janj = €O % €y W 0 (g

where p is the number of conjunctive components of gu.y. The procedure to
compute the documents relevant to a query is analogous {0 the procedure adopted
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Figure 2.5 Fuzzy document sers fur the guery [g = ko A (kv kel Fach cep o
£ {1.2.:3}, 15 a conjunctive compenent. I,

i the query fuzey set,

by Lthe elassie Boolean model. The difference s that here we deal wirh sy
{instead of arispy or Boolean sets. We proceed with an example.

Cemsider again the query [¢ = k, ~ [hky v kel Let D, be the fuzzy
get of docwents associated Lo the index k. This ser s composed, for instance.
by the documents o; which lurve a degree of mewbership g, greater than a
predefined threshold K. Further, let D, be the complement of the set D, The
fuzey ser D, is associaied to k. the negation of the index term &, Analogously,
we can define fuzzy sets Dy and D) associated (o the index terms 2y, and £
respectively. Figure 2.5 illistrates this example. Since the sets ave all Dizzy, s
docwmnent o; might belong to the set D, for instance, even if the text of the
documment d; does not mention the index &,

The query fuzzy set Ly is aounion of the fuzzy sets assoclated with the three
conjunctive cotwponents of ¢ip, o (which are referrad (o as eoy. ceooand rey). The
membership s, ; of a docmment d; in the fuzzy answer set 12, 18 computed as
ollows,

Hy s = Moo 4 eeg—eey
3
L - H“ - J"-‘ft‘-i‘.'-.f..}
i=1

= L= (1 plagpe e %

(1 — g e 01— pe ) < 01 = g (1 — g 5 1 = pegl]

uted here using an algebraic sum, instead of the more common mar fune-
wther, the degree of TMENIBEISIIp 111 & ConJunciive Tuzzy sct 1 compuied
sing an_elgebraic product, instead of the more colition ran function. This
ton of algebraic sums and products vields degrees o TEMD Wihich

=
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vary more smoothly thay these computed nsing the min and moeax functions and
Jyeseerrriore dppropriate to an iwformation retrieval system.

"7 This example ilhistrates how this fuzzy model ranks documents relative
tu the nser query. The model uses a termi-terrn correlation matrix to compuie
correlations between a docmnent o, and its [nazy indey terms. Further. the
model adopts algebraic sums and products (instead of s and mein o compute
the overall degree of membership of a document d; in the fuzzy set defined by the
wser query. Qeawa, Morita, and Kobayashi [616! alse discugs how to incorporate
nser relevance feedback into the model but such discussion 1s bevond the scope
of this chapter.

Fiizzy set models for informacion retrieval bave been disenssed majuly inche
literarnre dedicated to fuzsy theory and are not popilar arnong the information
retrteval conrmnnity, Further, the vast majorits of the experiments with fuzzy
sob models has considered only small eollections which make comparisons ditheult
to ke it this time,

2.6.2 Extended Boolean Model

Bouleaw retrieval is simple and elegant, However, since there is uo proviston for
fernn weighting, no ranking of the answer set is generated. As a result, e size
of the onipnt wight e oo lavge or too small (see Chapter 10 for details on this
igsue]. Beeanse of these problems, modern information retrieval systems are no
longer Lased on the Boolean model. [ fact, most of the new systems adopt at
thedr core some form of vector retrieval, The reasons are that the vector space
model s simple, fast, and vields better vetrieval performance. One alternative
approach thonugh is to extend the Boolean model with the fincetionality of partial
trtching and term welghting.  Tlds strategy allows one to cowbine Boolean
query fonnulations with chiaracteristics of the vector model. Tn what follows, wo
disenss ome of the varions wodels swhich are based on the idea of extending the
Boolean model with foatires of the veetor model.

The extended Doolean model, introduced in 1983 by Salton. Fox. and Wu
T3 Is based on a eritique of a basic assumption in Boolean logic as follows,
Consider a conjunctive Boolean query given by ¢ = &y Ak, Aceording to the
Hoolean model, o document which containg either the term &y or the renn ky
18 ag irrelevant as another doonment which contains neither of them. However,
this binary decision eriteria frequently is not in accordance with common sense.
A analogons reasoning applies whew one considers purely disjunctive queries,

When only (wo terus are cousidered, we can plol queries and documents
i a two-dimensional map as shown in Figure 260 A doounent o is positioned
in thix space thromgh the adopiion of weights w, ; and wy,, associated with
rhe paivy thy dy] and Ky d,) respectively, We assume that these weights are
normalized and thus lie between 0 and 1. For instance, these weights can be
cowputed as normalized tF3df factors as follows.

idf,

U—":."." = f+ Y ——
g = e rrecr; idf,
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Figure 2.6 Extended Boolean logle considering the space composed of two torms b,
and by, only.

where, as defined by equation 2.3, £, , s the normalized frequency of teru &, in
document of; and ddf; is the inverse docmnent frequency for a generic term A;,
For simplicity, in the remainder of this section, we refer to the welght ;) as
r.to the weight w5 as p, and Lo the document veetor rf"'}- = {ip .ty g} us the
puint ; = (r,y). Observing Figure 2.6 we notice two particularitios. First, for
a digunerive query g, = kg by, the poiut (0,0} s the spot Lo be avoided. This
suggests taking the distance from (0,0) as a Teasure of similarity with regard
to the query ¢,,. Second. for a conjunctive query gy = kr & ky, the point (1 1)
is the most desirable spot. This suggests taking the complement of the distance
frofii the point {1,1) as a measure of similarity with regard to the query gg..
Furthermore, such distances can be normalized which yields,

strik(Gor . i)

I
-
|
Ni

| ST
simifansdy = 1- \,f {-- _%&’)

If the weiglus are all Boolean (e, w, ; € {0.1}), a document is always posi-
tioned in one of the four corners {Le., (0,0). {0.0), (107, or (1,1}} and the values
for sin(q,r,d) are restricted to 0, l;.-’x-@_._ and 1. Analogously, the values for

stin{fang, 41 are restricted to 0,1 — 1//2, and 1.

Given that the vumber of index terms in a documeni collection is . the
Boolean model discussed above can be naturally extended to consider Euclidean
distances in a t-dimensional space. However, a more comprehensive generaliza-
tion is to adopi the theory of vector norms as follows.

The p-norm model generalizes the notion of distance to inclnde not only
Euclidean distances but alse p-distances, where 1 < p < o¢ is a newly introduced
parameter whose value must be specified at guery time. A generalized disjunctive
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query s now represented by

L R . w M YA
oy = II“'I ' }13 PASY Jl'ru
Analogonsly, a generalized conjunetive query Is now represeuted by

g = by AP Ry AT AP R

The respuretive querv-docment shindlarities are now given by

1
Lok
";' "fm.) !

Ph— e bl P+ L =yl ) ?I

where cach i stands Sor the welght wy g sssociated to the pair &y o)
The p norm as defiued above eujovs @ couple of interesting propertics as
follows, First, when p =1 10 can be verified that

o o R T R
SRR T ‘rI_,".-' =S "'F_,i = — ——

S, when p = s i ean De verified that

st efap. L) el

SE guaa. ;1 = minday

Thus, for g L eonjunctive aned digjunctive queties are evaluared by a s
of verm-docwment weights ax done by vector-hased sinilarity fornmlas (which
corymite w imer product i, Burther, lor p = o, gneries are evalnated according
to the formalism of Py logie {which we view as a gencralization of Boolean
logicr, By varyving the pasmueter p berween 1 and julinity, we can vary the p-
natt ranking bebavior fromn that of a vector-like rauking to thar of a Boolean-like
rauking. This s gnite powerfnl and 5 a good acgnment i favor of the exteuded
Boolean niodel.

The processing of weore general querics s done by grouping the operators
in a predefined order. For instance. consider the query ¢ - (k) A7 ka1 by The
similacity semiy, d;1 between a docmnpent o) and this query is theu colputed as

- . 11 l p [
I E PR -
(1 (rerpea) )

simfg. ) = | —
: P

This procedure can be applied recursively no matter the munher of AND/OTR
UPETHLOTE,
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One additional interesting aspect of this extended Boolean maodel is the
possibility of nsing combinations of different values of the parameler p in A same
query reguest. For instance, the query

[ ky W kg b P ke

conld be used to indicate that by and &y shonbd be nsed as ina vector systewn
but thab the presence of &y i required (e, the conjunetion is Interpreted as a
Boolean operation). Despite the fact that it is not clear whether this additional
funetionality has any practical impaet, the model doos allow for it and does so in
a natural way {without the need for cluimsy extensions to handle speeinl cases),

We should also observe that the extended Boolean model relaxes Boolean
algebra interpreting Boolean operalions in terins of algebrate distances, T this
sensc, 1t 15 really a hybrid model which includes properties of both the get the-
oretic models and the algebrale models. For simplicity. we opted for classifving
the model as & set theoretic onc.

The extended Boolean model was introdueed in 1953 hut has uot been nsed

extensively, However, the model does provide a neat framework and might reveal
itself vselul in the future,

2.7 Alternative Algebraic Models

I this seetion, we discnss three alternative algebraie models wwnely, the wener-
alized vector space model. the latent semantic indexing model, and the neural
network moddel.

2.7.1 Generalized Vector Space Model

Az already disenssed. the three classic models assume independenee of ndex
terms.  For the vector model, this assuption is normally interpreted as fol-
lows,

Definition  Let k; be a vector associated with the inder ferm k, Indrpendence
of inder terms in the vector model tmplics that the set of veclors LT
k, Vois linearly independent and forms o busis for the sebspace of interest. The
dimension of this space is the number b oof index terms in the collection,

Irequently, independence among index ternus is interpreted in a more restrictive
sense to mean pairwise orthogonality antong the index tern veetors Le., to mean
that for each pair of index term vectors l_.; and F;J we have k’;- ok 5= U T 1985,
however, Wong, Ziarko. and Wong (832] proposed an interpretation in which
the index term veclors are assimned linearly independent but are not pairwise
orthogenal, Such interpretation leads to the generalized vector space model which
we now disciss,



