Modeling Issues in IR

Introduction

+ IR systems usually adopt index terms to process
queries

+ Index terms may be:
+ a keyword or group of selected words, or
+ any word (more general)

+ Stemming might be used, e.g.,

+ Connect could “replace”: connecting, connection and
connections, both in the index as well as in the query

+ An access structure/index (e.g., an inverted file)
is built for the chosen index terms
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Introduction

Matching at index term level is quite imprecise

Not surprisingly users are, more often than not, not
satisfied with the obtained answers
Since most users have no training in query formation,
problem becomes even worse, specially in a WWW

environment

Indeed, precise query formation is often not feasible
and browsing is used to refine the original query
Issue of deciding relevance is critical for IR systems

(ranking)




Introduction

* Ranking is the ordering of the documents
retrieved reflecting (hopefully) their relevance to
the query

* Arank is based on fundamental premisses
regarding the notion of relevance, e.g., common
sets of index terms, sharing of weighted terms
and likelihood of relevance

» Each set of premisses leads to a distinct IR
model

Classic IR Models

« Each document represented by a set of representative
keywords or index terms

* An index term is (usually) a document word useful for
‘remembering” the document main themes

* Usually, index terms are nouns because nouns have
meaning by themselves

* However, search engines assume that almost all
words are index terms (full text representation). A
large set of words, the stopwords (e.g., a, an, the, etc),
are not indexed




Classic IR Models

Not all terms are equally useful for representing the

contensts of a document. Less frequent terms allow
identifying a narrower set of documents

The importance of an index terms is represented by
weights associated to it

Let

* k; be an index term

* d; be a document

* w; is a weight associated with (k;,d; )
The weight w; quantifies the importance of the index
term k; for describing document d; contents

Classic IR Models

k; is anindexterm,i=1,2, ..., t

d; is adocument,j=1,2,...D

K = (ky, ky, ..., k;) is the set of all index terms

w; >= 0 is the weight associated with (k;d; )

w; = 0 indicates that term k; does not help describing
d.

dj ; = (wy; wy, ..., wy) is a vector associated with
(describing the) document d;

gi(d,) = w; is a function which returns the weight
associated with pair (k;,d)




The Boolean Model

« Simple model based on set theory

» Queries specified as boolean expressions
* precise semantics
* elegant formalism
«q=k, AND (k, OR —k,)

» Terms are either present or absent.

* Thus, w; = O or 1

The Boolean Model

Consider

g =k, AND (k, OR —k,)

Oans = (1,1,1) OR (1,1,0) OR (1,0,0)
Is the above query’s disjunctive normal form
0.. =(1,1,0) is a conjunctive component




The Boolean Model

Lif 3 qcc | qcc ECidm‘ AND (V ki gi (JJ) - gi(qcc))
0 otherwise

sim(q,dj)z{

Note that according to the above definition a
document djfor which dj = (0, 1, 0) would be
deemed non-similar thus not retrieved, even though
it could be considered partially relevant as it would
contain k,

Drawbacks of the Boolean Model

» Retrieval based on binary decision criteria with
no notion of partial matching

* No ranking of the documents is provided

* Information need has to be translated into a
Boolean expression which most users find
awkward

» The Boolean queries formulated by the users
are most often too simplistic — thus the model
frequently returns either too few or too many
documents in response to a user query




The Vector Model

Use of binary weights is too limiting
Non-binary weights allow consideration of
partial matches

These term weights are used to compute a
degree of similarity between a query and each
document

Ranked set of documents provides for better
matching

The Vector Model

Define:

w; >0 whenever k; e d

W, >= 0 associated with pair (k;,q) (q is the query)

dj= (W1j, Wy, ..., WU)

0= (Wig» Wag, - W)
A unitary vector i is associated to each term k;
These unitary vectors are assumed to be orthonormal (i.e.,
index terms are assumed to occur independently within the
documents)
The t unitary vectors | form an orthonormal basis for a t-
dimensional space
In this space, queries and documents are represented as
weighted vectors




The Vector Model
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Since w; >0 and w;, >0, 0<=sim(q,d) <=1. Most importantly, a
document is retrieved even if it matches the query terms only partially

The Vector Model
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* How to compute the weights w; and w,, ?

* A good weighting must take into account two effects:
+ quantification of intra-document contents (similarity): {f factor, the term
frequency within a document
+ quantification of inter-documents separation (dissimilarity): idf factor,
the inverse document frequency

w; = tf(i,j) * idf(i)




Zipf’s Law

« Term frequency distributions tend to follow Zipf's law

frequency xrank ~ k =~ 0.1
(Value of k observed for English)

* Another way to state this is with an approximately correct rule of
thumb:

» Say the most common term occurs C times

» The second most common occurs C/2 times

* The third most common occurs C/3 times

Zipf’s Law
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The Vector Model

N is the total number of docs in the collection

* n; is the number of docs which contain ki

freq(ij) raw frequency of k; within d;

* A normalized tf factor is given by
f(ij) = freq(ij) / max(freq(l)))

* where the maximum is computed over all terms which occur

within the document dj

idf(i) = log (N/n,)

The idf factor is computed as

 the log is used to make the values of tf and idf

comparable. It can also be interpreted as the amount of

information associated with the term k.

Inverse Document Frequency

+ IDF provides high values for rare words and low values for

common words
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The Vector Model

* The so-called tf-idf weighting scheme use weights which are
given by
w; = f(ij) * log(N/n)
+ For the query term weights, a suggestion is
w;, = (0.5 + [0.5 * freq(i,q) / max(freq(l,q)]) * log(N/n)

* The vector model with tf-idf weights is a good (almost
standard) ranking strategy with general collections. It is also
simple and fast to compute.

The Vector Model

+ Advantages:
- term-weighting improves quality of the answer set

- partial matching allows retrieval of docs that approximate the query
conditions

- cosine ranking formula sorts documents according to degree of
similarity to the query
* Disadvantages:
- assumes independence of index terms; not clear that this is bad
though
- Lacks the control of a Boolean model (e.g., requiring a term to
appear in a document).

- Given a two-term query “A B”, may prefer a document containing A frequently
but not B, over a document that contains both A and B, but both less

frequently.
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The Vector Model:

Example |
\\ %3
k1 k2 k3 q e dj/|ql|dj|

dl 1 0 1 0,82
d2 1 0 0 0,58
d3 0 1 1 0,82
d4 1 0 0 0,58
d5 1 1 1 1
dé6 1 1 0 0,82
d7 0 1 0 0,58

q 1 1 1

The Vector Model:
Example I
kl k2 k3 g e dj/|q||dj]|

dl 1 0 1 0,76
dz2 1 0 0 0,27
d3 0 1 1 0,94
d4 1 0 0 0,27
d5 1 1 1 0,93
doé 1 1 0 0,57
d7 0 1 0 0,53
q 1 2 3
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The Vector Model:

Example il

k1 k2 k3 q * dj/|ql|dj|
dl 2 0 1 0,6
d2 1 0 0 0,27
d3 0 1 3 0,93
d4 2 0 0 0,27
d5 1 2 4 0,99
d6 1 2 0 0,6
d7 0 5 0 0,53
q 1 2 3

Set Theoretic Models

* The Boolean model imposes a binary criterion
for deciding relevance

» The question of how to extend the Boolean
model to accomodate partial matching and a
ranking has attracted considerable attention in
the past

* We discuss now two set theoretic models for
this:
- Fuzzy Set Model
- Extended Boolean Model
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Fuzzy Set Theory

+ Framework for representing classes whose
boundaries are not well defined

+ Key idea is to introduce the notion of a degree of
membership associated with the elements of a set

+ This degree of membership varies from 0 to 1 and
allows modeling the notion of marginal membership

+ Thus, membership is now a gradual notion,
contrary to the crispy notion enforced by classic
Boolean logic
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Fuzzy ocuvola
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Aoapfic Bzwpia ouvohow
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EVaANOKTIKA:

Ha Ua(X)=HA(X) + Hg(X) - Ha(X) He(X)=
1-(1- pa(x) ) (1- pa(x) )

Ha ~ 8(X)=HA(X) Hg(X)
Ma pa(X) , pg(X) peragu 0 kai 1, pu g(X) Kau

Ma ~ g(X) €TTIONG OTO dlIACTNUA

Fuzzy Information Retrieval

+ Fuzzy sets are modeled based on a thesaurus

+ This thesaurus is built as follows:
+ Let c(i,l) be a normalized correlation factor for (k; ,k)):

c(i,l) = n(i,l)
n,+n,-n(,l)
« n;: number of docs which contain k;
+ n;: number of docs which contain k
« n(i,l): number of docs which contain both k; and k,

+ We now have the notion of proximity among index
terms.
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Fuzzy Information Retrieval

» The correlation factor c(i,I) can be used to define
fuzzy set membership for a document dj as follows:

w)=1- 11 (1-c(in)

k| € d
w;(j) : membership of doc d, in fuzzy subset
associated with k;

» The above expression computes an algebraic sum
over all terms in the doc d,

* A doc d, belongs to the fuzzy set for k;, if its own
terms are associated with k;

Fuzzy Information Retrieval

) =1- 111 -ci)
ki €d
wi(j) : membership of doc d; in fuzzy subset associated
with k;
» If doc d, contains a term k; which is closely related
to ki, we have
- o) ~ 1
- () ~ 1
- index k; is a good fuzzy index for doc

410



Fuzzy IR: An Example

s q=k, n (k, v —k,)
. qdnf=(1,1,1)v (1,1,0) v (1,0,0)
= CC, Vv CC, V CCy
¢ /uq(di) = :ucc1 v eCyV cc3(di)= Ke
1= (1=t (0) (1~t100 () (11150, () =
1= (1 - 1a(A)) 11(A)) (D) * (1 - 125(0f) 125() (1- ()

(1 - wa(d)) (1= 115(0))) (1- p15(Cl))

Fuzzy Information Retrieval

+ Fuzzy IR models have been discussed mainly in
the literature associated with fuzzy theory

+ Experiments with standard test collections are not
available

+ Difficult to compare at this time
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Extended Boolean Model

« Boolean model is simple and elegant.
 But, no provision for a ranking
* As with the fuzzy model, a ranking can be

obtained by relaxing the condition on set
membership

 Extend the Boolean model with the notions of
partial matching and term weighting

« Combine characteristics of the Vector model
with properties of Boolean algebra

- interpret conjunctions and disjunctions in terms of
Euclidean distances

Extended Boolean Model

* The extended Boolean model is based on a
critique of a basic assumption in Boolean
algebra. Let:

=k, A K,
= f; * __idf(x) associated with [k, ,d]
max(idf(i))

q
Y

X]

To lighten up the notation: w,; =xand w,; =y

N



Extended Boolean Model

(1,1)

k

X

AND

sim(q,,q,d;) =1 - sqrt( (1-x 2+ (1-y B

2
Extended Boolean Model
k, (1,1)
OR
y = Wyj
(0,0) Ky

sim(q,, ,d) = sqrt( x% +y?)

2
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Conclusions

*

Model is quite powerful
Properties are interesting and might be useful
Computation is somewhat complex

However, distributivity operation does not hold
for ranking computation:

« s = (ks vky) A kg

+ dy = (kg A k) v (ky Aks)

+ sim(qgy,d;) # sim(qy,d;)

*

*

*

MOANOTIKO MONTEAO

D={d, ,d, ,d;,...,d, } TO OUVOAO TWV KEIPEVWYV TNG TUANOYNG.
K={Kk, ,K; ,...,K; } TO 0UVOAO TwV A£GEWV KAEIBIWV
W;q Kai wy: duadika Bapn (01 1)
KdaBe epwtnon g opidel Eva oUVOAO R OXETIKWYV KEIUEVWV
AlaAéyoupe Tuxaia Eva keipevo arrd 1n cuAloyn D:
+ P(d): n mBavoTtnTa va £xoupe eTAEGE TO Keipevo d
+ P(R): n mBavéTtnTa TO KEipEVO TTou €MAECAPE va aviKel 0TO oUVOAo R
TWV OXETIKWV KEIMEVWV

. P(R | d)): Beéousvou Ol emMAEGapE TO KEipEVO d;, Trola N 1TIGGVOTr]TG va
eival kal OXETIKO N} MO aTTAd Trola N nleavornm 10 dj Vva gival oXETIKO
ME TO EPWTNHA

+ P(d;|R): Bséousvou oTl em)\sﬁaus £Va KEIUEVO OXETIKO, TTOIO N
meavomm TO KeipeEVO auTd va eival To dj

+ P(k; | R): dcdopévou OTI eMAEGAUE Eva KEINEVO OXETIKO, TTOIA N
meavéTnTa N AéEN KA€1di ki va gival eTagl Twv AE€ewv KAEIBILY TOU
EMAEYHEVOU KEIPEVOU

nNnN



+ 270 TTBAVOTIKO JOVTEAO:
+ sim(q,d;) = P(d; oxeriko ue q) / P(d; un oxetiko pe q) onA.
+ sim(q,d) = P(R|d;)/P(=R |d;) émmou —R eivai 10
OUNTTANpWPG TOU R
+ Otwpnua Bayes:
P(R|d;) =P(R n d; )/P(d) kai
P(d;|R) =P(R n d; )/P(R) apa
P(R|d;) = (P(d;|R ) P(R))/ P(d) . Emouévwg
sim(q,d) = P(d;|R) P(R)/ P(d;| =R )P(=R) ~
P(d;|R )/ P(d;| —=R) apou P(R) kai P(—R) e§aprwvrar ppévo
arro TO q Kai 0! aTro TO KEiEVO d;
+ O reAearrc ~ : ival avaAoyo Tou

+ YTTOBETOUNE OEV UTTAPXOUV CUCXETIOEIG/ECAPTAOEIG
METAEU TwV AEEEwV KAEIBIWY ONA. aveEapTNTEC AECEIC -
KAEIOIA. i gy
sim(q,dj) ~ Pi | R)

1 PKIR) 4 Pk [R)
- 11 P(k, hR).JQL P(=k; [-R)

i=1w; =1

7 PKIR) 7 PEKIR) Pk [=R)
izll,_V\le P(ki ‘_‘R)izl;lzo P(_‘ki [—=R) 1:1[ P(_‘ki IR)
N L Pk |R)P(=k; |—R)
|:11,;L1 P(ki ‘_‘R)P(_‘ki IR)
- ! P(k; | R)P(—k; | =R)
it POG [SRP(K; [R)
- 11 PkiIRA-PK [=R)
i=1,wig =1,w;; =1 P(ki |_‘R)(1_ P(ki ‘ R))

(Yrobgoope P(k, | R) =P(k; | -R), if w,, =0)

+ Naupavovrtag Tov AoydapiBuo TG TTponyounevng
TTAPAOTOONG EXOUME:

t
sim(q,dj) ~ Zwij Wig (log
=

PR R) (o 1=P(K [ =R)
=P [R) "~ Pk |-R)
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Apxiki Kardaragn

+ MBavétnteg P(k; | R) kai Pk, | =R) ;
+ YTTOBETOUNE QpXIKA:
« Pk |R)=0.5
+ P(ki| =R) =n
N

OTTOU N; O APIBUOG TWV KEIMEVWY TTOU TTEPIEXOUV TN
AEEN KAEIDI K;
+ Mg Bdaon autr) Tnv UTTGBEOT, AVAKTNON KAl KATATAEN
TWV OXETIKWYV KEIHEVWV
+ Emépeva BAuarta: BeAtiwon TnG eKTipnoNg Twv
TTapaTTdvw TMOAVOTATWY Apa Kal TNG OXETIKOTNTAG
TWV QVOKTWHEVWY KEINEVWV

BeATiwon TnG apXIKAG KATATAENG

+ Av
+ V : T0 OUVOAO TWV KEIYEVWYV TTOU KPIONKAV WG OXETIKA
+ V, : TO UTTOOUVOAO QUTWYV TWV KEIMEVWY TTOU TTEPIEXOUV TN
AEEN KAEIDI kK;
+ ETravekTipnon Twv mMOavoTATWYV:
«PIR) =V,

« P(ki| =R) = n -V,

+ 2uvexn eTavaAnyn MEXPI TN oTaBgpOTTOINCN TWV
ATTOTEAEOUATWYV
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NMAcovekTApata MelovekTiaTa

+ [1AeovekTApara:

+ Ta keiyeva katatdooovTal Katd @Bivouoa oelpd wg TTPOG
TNV TOAVOTNTA OXETIKOTNTAG

+ MelovekThuara:
+ AtmapaitnTn N apxikn ektipnon Twv P(k; | R)
+ Agv AapBavovtal uttown ol 6por tf and idf.
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