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Information Retrieval Models

Fuzzy Set-based
Retrieval Model

MovTéAa Baoiopéva otn Qswpia Acapwy 2UvoAwv
(Fuzzy Set-based Retrieval Models)

Kivntpo
— Emréktaon Tou Boolean model pe pepiko Taipiacpa (kal dpa Pe duvaToTNTEG
O10BA&BUIoNG TWV CTOIXEIWY TWV ATTAVTHOEWV)

» 10 EKTeTaPéVO Aoyikd MovtéAo (Extended Boolean Model) trou €idape, givai
ETTIONG PIa TTPOCTTABEIQ TTPOG TNV idla KaTeuBuvon

‘Exouv mTpoTaO¢i apkeTd pyovréAa TTou Pacifovral o€ fuzzy sets. ESw
Ba doupe duo:

* ‘Eva a1rAd povtédo tTou Baoiletal o€ TF-IDF kail fuzzy theory

» To povtéAo tTou TTpoTadBnke oto [Ogawa, Morita, and Kobayashi,
1991]
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Background: Fuzzy Set Theory [Zadeh 1965]

* 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

 U: universe of discourse

« Afuzzy subset A of U is characterized by a membership function
Ha(u) : U = [0,1]
which associates with each element u of U a number p,(u) in [0,1]
* LetAand B be two fuzzy subsets of U, and A be the complement of A. Then,
— HoaU)=1- pau)
— paus(U) = max(p A(u), p g(u))
Ha~g(U) = min(pa(u), pg(u))
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A Simple Retrieval Model based on Fuzzy Theory
[MapdoTaon eyypapwyv

/-
N
di Wy Wy oo Wy
dy Wiy Wy o Wy
dn Wln W2n th ! ’
\ /

o K={ky,...,k} : o0voAo OAwWV TwV AEgewv eupeTnpiaong

 Kdbe gyypago d; Tapiotavetal Pe 1o dIAvuopua d=(wy ..., W, ;) OTTOU
— W;; To Bapog NG AéEng k;  yia To Keipevo d;
— yia Tapddeypa w;; = tf; idf;
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A Simple Retrieval Model based on Fuzzy Theory
Boolean Queries and Ranking Function

Mia erepwTNON g €ival yia Aoyikr) ék@pacon oT1o K, 1TX:

— q="“k1and (k2 or not k3))” dnAhadn q = “k1 A ( k2 v — k3))”

R(d},q) = pe(dj) , apa eivar o fabudg ouppeToxng Tou dj oT0
oUvoAo TTou TTpoadiopileTal aTrd TN AOYIKN EK@paaon q.
MTtropoupe va uttodoyiocoupe 1o R(dj,q) Bdoel Twv Kavovwy TNG
Bewpiag Twv Fuzzy sets, Bewpwvtag o1 R(d] ti) = py(dj) = w;;
[a TTapadeiyua

— R(dj, t1vt2) =max (R(dj, t1), R(dj, t2)) = max (w1j, w2j).

— R(dj, t1 At2)=min (R(dj, t1), R(dj, t2)) = min (w1]j, w2)).
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A Simple Retrieval Model based on Fuzzy Theory
[Mapatnpnoeig

‘Eotw g = k, A Ky. 2Up@wva pe 1o Boolean model £va £€yypa@o TTou TTEPIEXE!
MOvo évav aTé Toug 6poug K, k, eival pn-ouvagég, Kal pGAIoTa T600 pn-
ouVvaQEG, 600 €va £yypago TTou OeV TTEPIEXEI KavEVa aTTd TOUG 2 OPOUG.

— EpwTtnon: Ti cupBaivel edw;

— Amavinon: To idlo

‘Eotw g =k, V Ky. 2U0p@wva pe 1o Boolean model éva £yypa@o TTou TTEPIEXEI KOl
Toug dUo opoug (k,, k) eival To iB10 CUVAPEG, e Eva EyypaPo TTOU TTEPIEXE
évav atro Toug 2 6poug.

— Epwtnon: Ti oupBaivel edw;

— Amdvtnon: ...

— Apa 10 TTapdv povtédo diaBabpilel Ta oToixEia TNG atTdvinong Tou g = Kk, V ky (KATI

TTou O¢v gival duvatod pe To Boolean MovTéAo).

To 1Tapdv cival yia €181k TTepiTITwon Tou Extended Boolean Model
(OUYKEKPIPEVA QVTIOTOIXEI OTNV TTEPITITWON TTOU P = ).
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[Ogawa, Morita, and Kobayashi,1991]

Fuzzy Set Retrieval Model [Ogawa, Morita, and Kobayashi,1991]

Edw Ba doupe 10 povtéAo TTou TTpoTdBnke oto [Ogawa,Morita, Kobayashi,1991)

« Baoikn 10€a:
— 'Eyypa@a Kal ETTEPWTAOCEIC TTAPICTAVOVTAI JE OUVOAA OpWV €UPETNPIoU (€OW
Oev €xouue Bdpn oto [0,1])
— Kabe 6pog ouoxeTiceTal pe éva fuzzy set
— KdaBe éyypago £xel éva degree of membership o€ autd 10 fuzzy set

* [Napadeiypa:
— 'EOTW €TTEQPWTNON Q=aUTOKIVNTO
— 'EoTtw €yypago d1 1rou oev mepiéxel TN AEEN auTokivTo AANG TTEPIEXEI TN AEEN
«OYNUa».

— Av uttdpxouv TToAAd £yypaga TToU TTEPIEXOUV Kal TIC BUO AEEEIC, TOTE,
UTTAPXEI I0XUPH CUOYXETION TWV OUO QUTWVY AECEWV, Kal

— =>@pa 10 d1 p1TOPEl VO BeWpnOei ouvaEG e TNV ETTEPWTNON q.
* H mmapatrdvw 16éa BepeAioveTal pe Fuzzy Theory
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Fuzzy Set Retrieval Model
Mopor) Eupetnpiou: 0TTwg Kal oto Boolean model.

4 ki, k, ..k h

dp Wy Wy oo Wy

dy Wp Wy o W,

L . w;; € 10,1}
\dn Wln W2n th /

* K={kq,...,k}: oUvoAo OAWV Twv AECewv eupeTnpiaong
* Kabe éyypago d; TapioTtaveral pe 1o diAvuopa d=(Wy ..., W, ;) OTTOU:

- W= 1 avn Aéén ki epgaviCeTal oTo Keipevo d; (AAIWG Wi =0)

Bdoel autou Tou TTivaka Ba dnpIoupyAoOoUNE Evav TTiVOKO OUOXETIONS OpWV
(y1a va KaTtaxwprooupe OXECEIG OTTWG «AUTOKIVNTO» & «OXNUA»)

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete 11

Fuzzy Set Retrieval Model
[Mivakag 2uoxETiong (correlation matrix) kar eyyutnta 6pwv

(ko ky e ko) |c@h=__nGh
ki Cy Cpy ... Cy ni + nl - n(,l)
Ky Cpp Cpp oo Cp Where.

Nn(i,l): number of docs which contain both ki and ki
Nni: number of docs which contain ki

kt Cin Con - Cin ), nl: number of docs which contain ki
My n(i,1)=0 => ¢(i,1)=0
n(i,1)=3, ni=3, nl=9 => ¢(i,l)=0. 3
n(i,1)=3, ni=3, nl=30 => ¢(i,1)=0
n(i,)=3, ni=3, nl=3 => ¢(i,l)= 1

‘ETO1 £XOUNE Opioel TTOOOTIKA TNV £yyuTNTa (proximity) yeTagl Twv 6pwv
(ouykekpIhéVa TNV CUVEUQAVIOT TOUG OTA £yYpaPa TNG OUAAOYNG)
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

* X KABe 6po ki avrioToixifoupe éva fuzzy set pe xap/ki ouvaptnon
*  O1 OuVTEAEOTEG OUOXETIONG MAG ETTITPETTOUV VO OPICOUE TO BABUO CUPPETOXNAG
evog eyypagou dj ota fuzzy oUvoAa Twv Opwv.
* [ Tapadeiypa €0TwW OTI TO €yypa®o dj dev TTEPIEXEI TOV OPO Ki
* Av 710 £yypago dj TrepiExel Evav 0po k, TTou axeTieTal IoXupd Ye Tov k; TOTE
— Ba €xoupe c(i,w) ~ 1
— Kal dpa Ba prropoloape va Bewpiooupe OTI w(j) ~ 1. Me dAAa Adyia, av kai o 6pog
ki &ev epavieTal oTo dj, EVTOUTOIS TTEPIYPAPEI TO TTEPIEXOPEVO TOU dj

u |(J) = ) C(i,W) ABpoioua Tou BaBuou cuoxETIoNG Tou Ki
k, e dj ME TOUG 6poug TToU uavidovTal oTo dj
w
. )C= .C
=1- I1(1-c(i,w)) Baaigetal oTo: (DA)= A
ke d UA= Q- (UA)e= Q- N AS
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

‘Eotw qoe DNF g=cc1v...v cck, OTToU cci gival hia 0UEUKTIKA OuvVIOTWOd
ZUpowva pe ) fuzzy set theory:

H q(j)= maX(M CC1(j)’ e B cck(j))
Mapd TauTa, €dW TTPOTEIVETAI N XPron a8p0oiocuaTog avTi TOU TOU PEYIOTOU.

R(d},q) = pg(dj) = 2 pec(dj) yia kdBe GUGEUKTIKN OUVIOTWOA CC TOU Gpye
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Fuzzy Set Retrieval Model
[Mapdadeiypa

g=ka A (kb v —kc)

vec(qyy) = (1,1,1) +(1,1,0) + (1,0,0)
= vec(cc1) + vec(cc2) + vec(cc3)

D(ka) (kb)
] -

cc3 )
BN ccl

D(kc) // documents containing the term kc
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Fuzzy Set Retrieval Model
[Mapadeiyua (I1)

g=ka A (kb v —kc)

vec(qyy) = (1,1,1) + (1,1,0) + (1,0,0)
= vec(ccl1) + vec(cc2) + vec(cc3)

Hq(dj) = Hect+cc2+cc3 (dJ) =1-1I (1 - ucci(dj))
i=1..3
=1-(1-1,1,1)* (1-[1,1,0]) * (1 -[1,0,0])

LN

Ha(d)) 1y () Be(di))  1a(d)) mp (d)) (1-1e(d)))  pa(di) (1- 1y (d) (1-pc(d])))
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Fuzzy Set Retrieval Model
2.uvoyn

K={k;,...,k;} : 0UvOAO OAWV TwWV AECEWV EUPETNPIaCNG

KaBe £yypago d; TrapioTavetal Pe 10 dIavuopua d=(wy ..., Wy;)
OTTOU:

- W= 1 av N Aégn ki epgpavigetal aTo keipevo d; (AANIWG W) =0)

Mia eTTeEpWTNON q €ival Yia Aoyikn €kppacon aTto K, TTx:

— q="“k1and (k2 or not k3))’” dnAadn q = “k1 A ( k2 v = k3))’

— dpne = “(k1 A k2 A k3) v(k1 A k2 A k3) v(k1 A = k2 A — k3)’
— done = “(1,1,1) v(1,1,0) v(1,0,0)”

R(d},q) = uq(dj) = 2 pee(dj) yia kdBe GUZeUKTIKA OUVIOTHOW CC TOU Gpye

— (dj) =1 - T (1 - c(ki,kw))
k, € di

— c(ki,kj) kaBopiletal atrd TNV ouveu@avian Twv 6pwv ki kai kj aTn guAhoyn
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Fuzzy Set Retrieval Model
["evika oxOAIQ

‘Exouv oulntnBsi Kupiwg oT1o Xwpeo Tn¢ fuzzy theory
Agv €xoupe TTAPKNA ATTOTEAEOUATA TTEIPAPATIKAG AgIOAOYNONG yia va Ta
avTITTapAaBAAAOUNE UE Ta TTPONYOUUEVA HOVTEAA
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Information Retrieval Models

Neural Network Model
(MovTéAo Neupwvikou AIKTUOU)

MovTéAo AvakTnong Neupwvikou AIKTUoOU

e 2Ta “KAQOOIKA” JOVTEAQ aVAKTNONG TTANPOYOPIAG:
— TA £yypaa Kal Ol ETTEPWTNOEIS EUPETNPIAovTal aTTd OPOUG
— n avdktnon Bacifetal oTo “TaipIOOPA” OpwWV

« Hidéa:

— Eival yvwoTt6 611 Ta Neupwvikd AikTua gival kaAoi pattern matchers

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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Human Brain is a Neural Network

* The human brain is composed of billions of neurons
— (1 million millions of nodes where each node has one thousands edges)

« Each neuron can be viewed as a small processing unit

« A neuron is stimulated by input signals and emits output signals in
reaction

» A chain reaction of propagating signals is called a spread
activation process

» As a result of spread activation, the brain might command the body
to take physical reactions
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Neural Networks

» A neural network is an oversimplified representation of the neuron
interconnections in the human brain:
— nodes are processing units
— edges are synaptic connections

— the strength of a propagating signal is modelled by a weight assigned to
each edge

— the state of a node is defined by its activation level
— depending on its activation level, a node might issue an output signal
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Neural Network for IR

[From the work by Wilkinson & Hingston, SIGIR’91]

Query Document

Documents
Terms Terms

Miag kaTeuBuvong AITTAAG KaTeuBuvong
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Neural Network for IR

* AIKTUO TPIWV ETTITTEOWV

* Ta onuata diadidovTal (propagate) oy )
o uer ocumen Documen
OTO 6|KTUO Terms t Terms &

* 10 o1ddio diadoong:
— Query terms issue the first signals
— These signals propagate accross the
network to reach the document nodes
« 20 oT1adio diadoong:

— Document nodes might themselves
generate new signals which affect the
document term nodes

— Document term nodes might respond
with new signals of their own, and so on
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Metadoon onuaTwy

Méyiotn Tiuf onuartog =1 (dpa KAvouue KavoVIKOTToinon)
O1 6poI TNG ETTEPWTNONG EKTTEUTTOUV TO APXIKO Orua ico ueE 1
Mpétrel va kaBopiocoupe Ta Bapn Twv aKOAOUBWYV OKUWV:
— TWV AKPWV aTTO TOUG OPOUC ETTEPWTNONG OTOUG OPOUC EYYPAQWY
* (query terms => terms)

— TWV AKPWV a1t TOUG OPOUC EYYPAQWY OTOUG KOUBOUC EYYPAQWY
* (terms => docs)
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9 Metddoon onuaTwy

Query Document
Terms Terms

Documents

Initial
activation
level

2nueiwon: Ta apxIk& wiq kai wij 61TTwg oTo diavuopaTikd povtéAo (tf-idf)

AUTH n KavoVIKOTToiNon UTTopEi va yivel Balovtag autd Ta BAapn TTAVW OTIC OKPES
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MeTddoon onuatwvy (l)

Query Document
Terms Terms

Documents

Initial " ’
activation ! poion U_npa.va.

Apa 10 activation
level

level oTo dj (peTd
ToV 10 YUpOo), givai:

l

t
Wiq Wi = i=1 a

t
It 2
zWizq _ZWij The ranking of
i=1 =1 the classic

Vector Space
Model !

Wiq =

2nueiwon: Ta apyIka wiq kai wij 6TTwg oTo dilavuopaTiko povtéAo (tf-idf)
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27

MeTaddoon onuatwy ()

Query Document
Terms Terms

Documents

Initial ASoo, -
activation ! poion O_r]uu. wV.

Apa 10 activation
level

level oTo dj (peTd
ToV 10 YUpOo), givai:

|

t
Wig Wi =— i=1 a

t ) t 2
> wig 2. W
i=1 =1

Wiq =

* H avdaktnon ptropei va BEATIWOEI av eTTPEWYOUPE OTOUG KOUPBOUG TWV EYYPAPWV
Va EKTTEJYPOUV OAa
— (Aermoupyia avdaAoyn TG avadpaong ouvdagEiag)
— A minimum threshold should be enforced to avoid spurious signal generation




MovTtého Neupwvikou AikTuou: ETTiAoyocg

* Model provides an interesting formulation of the IR problem
* Model has not been tested extensively
 Itis not clear the improvements that the model might provide
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Information Retrieval Models

Latent Semantic Indexing (LSI)

NavBavouca ZnuacioAoyikl EupeTnpiaon




2KETTTIKO / KivnTpo

Classic IR might lead to poor retrieval due to:

— relevant documents that do not contain at least one index term are not
retrieved

— A document that shares concepts with another document known to be
relevant might be of interest

» The user information need is more related to concepts and ideas than to index
terms

» We want to capture the concepts instead of the words.

» Concepts are reflected in the words. However:
— One term may have multiple meanings (polysemy)
— Different terms may have the same meaning (synonymy)
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LSI: The approach

» LSl approach tries to overcome the deficiencies of term-matching
retrieval by treating the unreliability of observed term-document
association data as a statistical problem.

* The goal is to find effective models to represent the relationship
between terms and documents.

» Hence a set of terms, which is by itself incomplete and unreliable,
will be replaced by some set of entities which are more reliable
indicants.
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[aTi AéyeTtal “Latent ...”

o AIOTI yiveTal n uTTOBEON OTI UTTAPXEI PIa «AavBdavouoay dour oTov
TPOTTO XPNONG TWV AECEWV OTA £yypa@a
* To LSl agloTrolei OTATIOTIKEG TEXVIKEG YIQ TNV EKTINNON TNG
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LSI: The idea

* The key idea is to map documents and queries into a lower
dimensional space

— (i.e., composed of higher level concepts which are fewer in number than the
index terms)

» Retrieval in the reduced concept space might be superior to
retrieval in the space of index terms

« But how to learn the concepts from data?
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Meiwon Alaotdoewv kal AlokpITIKr IkavoTnTa
(MTTOPEI VO £x0oUpE pEiWON TNG BIAKPITIKAG IKAVOTNTAG, WTTOPEI OPwWG Kal OX1)

Mapaderypa TPoRoAAS 2 dlooTACEWY O€ Jia

discriminating projection
2.0
2.0
B
0\ O\
T N NN
AN . [}
Q. : >
o ..
LO| s
[ ]
\%% > A
> A 2.0
05 s 1.0 15 2.0
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SVD (Singular Value Decomposition)

* LSl is based on SVD (Singular Value Decomposition)
» So SVD is applied to derive the latent semantic structure model.

* What is SVD?
— A dimensionality reduction technique

— For more about matrices and SVD see:
— The Matrix Cookbook
http://www.imm.dtu.dk/pubdb/views/edoc_download.php/3274/pdf/imm3274.pdf

— http://kwon3d.com/theory/jkinem/svd.html
— http://mathworld.wolfram.com/SingularValueDecomposition.html

— http://www.miislita.com/information-retrieval-tutorial/svd-Isi-tutorial-1-
understanding.html
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SVD (HIDE)

« SVD: Aidotraon o€ 1I01alOU0EG TIMEG

* 'Evag PeyAAoG TTivaKaG OpwV-eyypA@WY avaAueTal o€ Eva oUVOAO
atro K (100..200) opBokavovikoug TTapAyovTEG ATTO TOUG OTTOIOUG O
APXIKOG TTIVOKAG UTTOPEI va TTPOCEYYIOTEI JE YPAUMIKO OUVOUACHO.

* [1Aéov €yypa@a Kal ETTEPWTNOEIC TTAPICTAVOVTAI BACEI QUTWYV TWV K
dlI00TACEWV

* A@ou ol d1I00TAoEIC HEIWwBNKav, o1 AECEIC Oev UTTOPET TTAEOV va gival
aveEAPTNTEG
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Definitions

e t: total number of index terms
e d: total number of documents

X

* (Xij): be a term-document matrix with t 4 d, d, ... dy h

rows and d columns Ki Wy Wy oo Wy

— To each element of this matrix is assigned a k2 Wi Wy ... Wy

weight wij associated with the pair [ki,dj] . . .
— The weight wij can be freqjj . < :
. based tf-idf weighti h

(or based on a tf-idf weighting scheme) kt Wy Wo ... Wy )
w;; €[0,1]
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Latent Semantic Indexing: O T1pOTTOC

t: total number of index terms
d: total number of documents

documents

Singular Value Decomposition

X

D

terms - ']5 * .
mxm mxd
txd txm m=min(t,d)
documents rst k (<m) singular values
o D
terms X — T
kxd
txd txk
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t: total number of index terms
d: total number of documents
documents Singular Value Decomposition
terms X — ']5 * .
/-\ .
documents Select first k (<m) singular values
The
same /\ D
terms X — T
kxd
P
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SVD

« SVD of the term-by-document matrix X:
X — TOSO Do'

* If the singular values of S, are ordered by size, we only keep the
first k largest values and get a reduced model:

X =TSD'

- X doesn’t exactly match X and it gets closer as more and more singular
values are kept

— This is what we want. We don’t want perfect fit since we think some of 0’s in X
should be 1 and vice versa.

— It reflects the major associative patterns in the data, and ignores the smaller,
less important influence and noise.
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LS| Paper example

Index terms in italics

Titles:

cl: Human machine interface for Lab ABC computer applications
c2: A survey of user opinion of computer system response time

c3: The EPS user interface management system

c4: Svstem and human system engineering testing of £PS

c5: Relation of user-perceived response time to error measurement

ml: The generation of random, binary, unordered frees

m2: The mtersection graph of paths in frees

m3: Graph minors IV: Widths of frees and well-quasi-ordering
m4: Graph minors: A survey
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term-document Matrix

Terms Documents

cl c2 c3 c4 c5 ml m2 m3 m4
human 1 0 0 1 0 0 0 0 0
interface | 0 1 0 0 0 0 0 0
computer 1 1 0 0 0 0 0 0 0
user 0 1 1 0 1 0 0 0 0
system 0 1 1 2 0 0 0 0 0
response 0 1 0 0 | 0 0 0 0
time 0 1 0 0 1 0 0 0 0
EPS 0 0 1 1 0 0 0 0 0
survey 0 1 0 0 0 0 0 0 1
trees 0 0 0 0 0 1 1 1 0
graph 0 0 0 0 0 0 1 | |
minors 0 0 0 0 0 0 0 1 1

Weight = number of occurrences
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TO
0.22 -0.11 0.29 -0.41 -0.11 -0.34 0.52 -0.06 -0.41
0.20 -0.07 0.14 -0.55 0.28 0.50 -0.07 -0.01 -0.11
0.24 0.04 -0.16 -0.59 -0.11 -0.25 -0.30 0.06 0.49
0.40 0.06 -0.34 0.10 0.33 0.38 0.00 0.00 0.01
0.64 -0.17 0.36 0.33 -0.16 -0.21 -0.17 0.03 0.27
0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02 -0.05
0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02 -0.05
0.30 -0.14 0.33 0.19 0.11 0.27 0.03 -0.02 -0.17
0.21 0.27 -0.18 -0.03 -0.54 0.08 -0.47 -0.04 -0.58
0.01 0.49 0.23 0.03 0.59 -0.39 -0.29 0.25 -0.23
0.04 0.62 0.22 0.00 -0.07 0.11 0.16 -0.68 0.23
0.03 0.45 0.14 -0.01 -0.30 0.28 0.34 0.68 0.18
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(9]
th

.64
.31
.85
36
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0.20 .06 0.11 -0.95 0.05 .08 .18 -0 .06
0.061 .17 0.50 -0.03 -0.21 .20 .43 0. .24
0.46 .13 0.21 0.04 0.38 .72 24 0. .02
0.54 .23 0.57 0.27 -0.21 .37 .26 -0. .08
0.28 0.11 0.51 0.15 0.33 .03 .67 -0. .26
0.00 0.19 0.10 0.02 0.39 .30 .34 0. .62
0.01 0.44 0.19 0.02 0.35 .21 .15 -0, .02
0.02 0.62 0.25 0.01 0.15 .00 .25 0. .52
0.08 0.53 0.08 -0.03 -0.60 .36 04 -0. .45
CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete 46




SVD with minor terms dropped

T S D’

0.22 -0.11 [ E.EO 0.61 0.46 0.54 0.28 0.00 0.02 0.02 0.08 ]

0.20 -0.07 -0.06 0,17 -0.13 0.23 0.11 0.19 0.44 0.62 0.53

0.24 0.04

0.40 0.06

0.64 -0.17

0.27 0.11

0.27 0.11 .

o TS define

0.01 0.49

0.04 0.62 .

coordinates for
documents in latent
space
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[Mapatnpnoeig

* H mapduetpog k (<m) TTpéTTel va givail:
— large enough to allow fitting the characteristics of the data
— small enough to filter out the non-relevant representational details

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete 48




Tpotrog 2uykpiong Opwv kal Eyypagpwyv

documents

« TpOToC oUYKPIONS 2 OPWV:
— the dot product (or cosine) between two row

vectors reflects the extent to which two terms terms

have a similar pattern of occurrence across the

set of document.

txd

cuments

* Tpotrog ouykpiong dUo eyypAPwV:
— dot product (or cosine) between two column
vectors

terms
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Tpotrog 2uykpiong Opwv kal Eyypapwyv

N

X

documents

« TpOToC oUYKPIoNS 2 OPWV:

— the dot product (or cosine) between two row

AN
X

vectors reflects the extent to which two terms terms
have a similar pattern of occurrence across the
set of document.
txd
cume
* Tpotrog ouykpiong dUo eyypAPpwvV: 5\(
— dot product (or cosine) between two column terms
vectors
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Terms Graphed in Two Dimensions

0 | graph
trees
minors
e _|
survey
0 |
o
redpoese
o | user computer
o
interface
EPS human
© system
o
T T T T T
2.0 -1.5 -1.0 -0.5 0.0
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-2.0 -1.5 -1.0 -0.5 0.0
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CS-463, Information Retrieval Systems ellrrqn{w %ﬁgﬁgs,] U. of Crete 52




Change in Text Correlation

Correlations between text in raw data

cl 2 2 4 S m1
ct 1.000
2 -0.192 1.000
c3 0.000 0.000 1.000
4 0.000 0.000 0472 1.000
S -0.333 0577 0000 0309 1.000
m1 0174 0302 0213 -0.161 -0.174 1.000
m2 0258 0447 0316 0239 0258 0674
m3 033 0577 0408 0309 0333 0522
m4 033 0192 0408 030© 033 0174

Correlations in two-dimensional space

cl 2 2 A S m1
ct 1.000
2 0910 1.000
c3 1.000 0912 1.000
4 0.998 0.88%4 0.998 1.000
5 0.842 0.990 0.844 0.809 1.000
mi 088 0568 -08% -087 0445 1.000
m2 0853 0562 -0.851 0833 0438 1.000
m3 082 05589 080 -0881 -0435 1.000
m4 -0.811 0497 0810 0845 -0368 0.99%
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1.000
0.775
0.258

1.000
1.000
0.997
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1.000
0.556

1.000
0.997

1.000
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Latent Semantic Indexing: Ranking

* Hemepwtnon q Tou Xpriotn JovTeAOTTOIEITAI WG £va YeUDO-

EYYpPO@O OTOV ApPXIKO TTivaka X

X
/-
dl d2 'Rl dd q
Ky Wy Wy o Wyg Wy
Ky Wip Wap oo Wy Wep
kt Wlt W2t Wdt th

o
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LSI: Zuptrepdopara

« Latent semantic indexing provides an interesting conceptualization
of the IR problem

+ It allows reducing the complexity of the underline representational
framework which might be explored, for instance, with the purpose
of interfacing with the user

* Problems
— If new documents are added then we have to recompute X*
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LSI: NMaparnpnoeig

« What is the common and difference between PCA (Principle
Component Analysis) and SVD?

— Both are related to standard eigenvalue-eigenvector, to remove noise and
get the most important info.

— PCA is on covariance matrix and SVD works on original matrix.
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Emokotnon Twv MovtéAwv Avaktnong
TTOU €£XOUME ECETATEI MEXPI TWPO

Tacivopia MovTéAwYV TTOU £CETAOAUE

Set Theoretic
Fuzzy
Extended Boolean
Classic Models
boolean " / Algebraic
vector — -
probabilistic Generalized Yector
Lat. Semantic Index
Neural Networks
Probabilistic
Inference Network
Belief Network
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Tacivopia MovTéAwV TTOU £CETAOAUE

Set Theoretic
= |1
d Fuzzy
| Extended Boolean
Classic Models I
boolean 7 Algebraic
[ vector — _r"""'_/__r -
I_probabilisti & Generalized Yector
_—— Y | Lat. Semantic Index

I Neural Networks

Probabilistic

I Inference Network
L Belief Network |
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Tacivopia MovTéAwYV TTOU £CETAOAUE

Set Theoretic

Fuzzy :
Extended Boolean |

Classic Models

: | boolean 7 Algebraic
Se ,—.\;mr.—-_r//_r .
probabilistic Generalized Yector
— /Y l...Irﬁt;.S?HIRIEEIE.IRQ?’.‘ ....... J
Neural Networks -|
Probabilistic |
g"J["'I}Ife'r'éﬁ'c?c' Network | I
................................ E L BeliefNetwork l E
Boolean Querles T
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Baoel TNG EKQPAOTIKAG TOUG IKAVOTNTAG
(incomplete)

Extended Boolean Belief Network
Fuzzy Inference Network Neural Network

Boolean Vector Probabilistic
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AAAoi TUtToI MOVTEAWY AVAKTNONG TTOU EVOEXOUEVWG VA
TTPOAGBoupe va doupe apyoTepa

* MovTtéAa Avaktnong MNAnpogopiwyv atrd lotooeAideg
— 'EMJ@aon 0Toug OUVOECHOUG
* MovTtéAa Avaktnong NMoAupéowv
* MovTtéAa Avaktnong Baciopéva oTig MeavoeTnTeg
* MovTtéha Avaktnong Aopnupévwy Eyypdoewy (11.X. XML)
* MovTtéha Baolouyéva otn Aoyiki
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