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A1GpBpwon

MovTtéAa AvakTnong Baciouéva oe:

+ Otwpia Acapwv 2uvoAwv (Fuzzy Set-based Retrieval Models)

* Neupwvikd Aiktua (Neural Network Retrieval Model)

« AavBdavouoa >npaocioloyikr) Eupetnpiaon (LSI - Latent Semantic Indexing)
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Information Retrieval Models

Fuzzy Set-based
Retrieval Model

MovTéAa Baoiopéva otn Ocwpia AGAQWY 2UVOAWY
(Fuzzy Set-based Retrieval Models)

Kivntpo
— Eméktaon tou Boolean model pe pepikd Taipiacpa (kar apa hye duvarotnTag
O10BABUIONG TWV OTOIXEIWY TWV ATTAVTHOEWV)

‘Exouv 1TpoTaBei apkeTd povTEAa TTou Bacifovtal o€ fuzzy sets. ESw
Ba douue duo:

* ‘Eva atrA6 povtého tTou Baaoiletal o€ tf-idf kal fuzzy theory

* To povtéAo TTou TTpoTdBNnKE 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
« A fuzzy 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]
* Let A and B be two fuzzy subsets of U, and —A be the complement of A. Then,
— Hoa(u)=1- pau)
— Haop(U) = max(u A(u), pg(u))
— Ha~p(U) = min(ua(u), pg(u))
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A Simple Retrieval Model based on Fuzzy Theory
[TapdoTaon eyypa@wv

ok ke k)

di Wy Wy oo Wy

d, W Wy o Wy

dn Wln WZn th o ’
NG _/

o K={Ky4,...,k{} : UvOAO OAwV TWV AECEWV EUPETNPIACNG

* KdBe gyypago d; apioTaveral pe 10 dIavuopa d=(Wy ..., Wy ;)
OTTOuU
— w;; To Bapog Tng Aégng k; yia To Keipevo d,
— yia mapddeyua w;; = tf; idf
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A Simple Retrieval Model based on Fuzzy Theory
Boolean Queries and Ranking Function

* Mia gerepwTtnNON q €ival pia Aoyikn €Ek@paacn oto K, 1TX:
— g="k1and (k2 or not k3))” dnAadn q = “k1 A ( k2 v — k3))’

* R(dj,q) = py(dj) , apa givai o Babuog ouppetoxng Tou dj oTO
OUVOAO TTOoU TTPOCdIopileTal ATTO TN AOYIKN £Kppaacn g.

« Mrropouue va uttohoyiocoupue 1o R(dj,q) Bdoel Twv Kavovwy Tng
Oewpiag Twv Fuzzy sets, Bewpwvtag 611 R(d] ti) = py(dj) = w;;

* [a Tapadeyua
— R(dj, t1 vt2)=max (R(dj, t1), R(dj, t2)) = max (w1j, w2j).
— R(dj, t1 At2) =min (R(dj, t1), R(dj, t2)) = min (w1j, w2j).
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A Simple Retrieval Model based on Fuzzy Theory
[TapaTtnpnoeig

+ ‘Eotw q =k, A ky. ZUpowva pe 1o Boolean model £va €yypa@o TTou TTEPIEXEI
MOVo évav aTd Toug 6poug k,, k, eival pn-ouvaeég, kai pahioTa TG0 Un-
OUVOQEG, OO0 £Va £Yypago TTou deV TTEPIEXEI KavEVA ATTO TOUG 2 OPOUG.

— EpwTtnon: Ti cupBaivel edw;
— Améavtnon: To idio

 ‘Eotw q =k, V ky. ZUpowva pe 1o Boolean model £va €yypago TTou TTEPIEXE! Kal
Toug 800 6poug (k,, k) eival To iB10 CUVAPEG, e Eva EYYPAPO TTOU TTEPIEXEI
évav ato Toug 2 6PouG.
— EpwTtnon: Ti cupBaiver edw;
— Amdvrnon: ...
— Apa 10 TTapov povTEAo dlaBabuidel Ta aToIxEia TG atravrnong Tou q =Kk, V Ky (kAT
TTo0U O¢v gival duvatod pe 1o Boolean MovTéAo).
* To mrapov eival pia €10IkA TepiTTTwon Tou Extended Boolean Model
(OUYKEKPIYEVA 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 douue To povTéAo TTou TTpoTdBbnke oto [Ogawa,Morita, Kobayashi,1991)

* Baoikn 10€a:
— 'Eyypa@a Kal ETTEPWTHOEIC TTAPICTAVOVTAlI 0€ OUVOAA OpwV eUpETNPIoU (£dW
dev éxoupe Bdapn)
— Kdbe épog ocuoyxeTiCetal pe €éva fuzzy set
— Kdabe €yypago éxel éva degree of membership o€ autd 1o fuzzy set

* [Napdadeiypa:
— 'Eotw emmepwtnOn g=aurokivnro
— 'EoTw €yypa@o d1 1Tou dev mrepiéxel TN AEEN auToKivNTO OAAG TTEPIEXEI TN AEEN
«OXNUO».

— Av UuTTapxouV TTOAAG £yypa@a TTOU TTEPIEXOUV KAl TIGC OUO AECEIG, TOTE,
UTTAPXEI I0XUPN OUOXETION TWV QU0 aUTWV AEEEWV, Kal

— =>dpa 10 d1 PTTOPEi Va BEWwpnBEi CUVAPEG [IE TNV ETTEPWTNON .

* H mapatravw 10€a BepeAiwvetal ue Fuzzy Theory
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Fuzzy Set Retrieval Model
Mop®n Eupetnpiou: 0TTw¢ Kal oto Boolean model.

~ "
kK, ky ...k
dy Wy Wy, oo Wy
dy Wy, Wy oo Wy
Wi € {O,l}
dn Wln W2n th
NG _J/

+ K={ky,...,k}: oUvoAo OAwv Twv AEgewV eupeTnpioong
* KadBe gyypago d; mapiotaveral pe 1o didvuopa d=(wy ..., W, ;) OTTOU:

- W= 1 avn Aéén ki eppavietal aTo Keipevo d; (QANWG w;; =0)

Bdoel autou Tou TTivaka 6a dnuIoupyAoOoUUE VAV TTIVOKO CUOXETIONS OpWV
(y1a va KOTaXwprooUHE OXECEIC OTTWGS KAUTOKIVNTO» =~ «OXNMO»)
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Fuzzy Set Retrieval Model
[Mivakag 2uoxETiong (correlation matrix) kai eyyutnta opwv

Tk ko k) |eh=__nGn
K, Cyq Cy ... Cy ni +nl - n(i,l)
Ky Cpp Cp .. Cp
. . . . where:

n(i,l): number of docs which contain both ki and kl

ni: 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,1)=0.3
n(i,1)=3, ni=3, nI=30 => ¢(i,1)=0.1
n(i,1)=3, ni=3, nl=3 => c(i,l)=1

‘ET01 £x0UlE Opioel TTOOOTIKA TNV £yyuTNTA (proximity) HETAEU TWV OpwWV
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

* X€ KGOt O0po ki avrioToixouue éva fuzzy set pe xap/k ouvaptnon
*  O1 OUVTEAEOTEG OUOXETIONG PAG ETTITPETTOUV VA OPICOUNE TO BABUO CUUPETOXNAS
evog eyypdgou dj ota fuzzy ouvoAa Twv dpwv.
* [a Tapadeiypa €0Tw OTI TO £yypa®o dj dev TTEPIEXEI TOV OPO Ki
* Av 10 €yypago dj TrepIEXel Evav 0po k,, TTou OXETICETAI IOXUPA PE TOV K; TOTE
— Ba €xoupe c(i,w) ~ 1
— Kail apa Ba pmopoucape va Bswpriooupe OTI (j) ~ 1. Me GAAa Adyia, av kai 0 6pog
Ki &ev epgavileTal oTo dj, EVTOUTOIG TTEPIYPAPEI TO TTEPIEXOUEVO TOU dj

o ,(J) = X C(i,W) ABpoioua Tou Babpou cuox£TiIong Tou Ki
k e di ME TOUG OPOUG TTOU gUpaviCovTal aTo dj
w J

=1-T1(1-c(iw)) | Baoiggraroro:  (UA) =NA
k, € dj UA=0-(UA) =0-NA’
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

‘Eotwqoe DNF g=cl1v...v ck
2Uhoewva ue N fuzzy set theory:

[ q(j)= maX(M c1(j)’ e B ck(j))
Mapd TauTta, edw TTPOTEIVETAI N XPrON aBpoicuaToS avTi TOU TOU JEYIOTOU.

R(dj,q) = pq(dj) = X pee(dj) yia kGBe oUZeUKTIKA GUVIOTHOA CC TOU Gy
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Fuzzy Set Retrieval Model
[Mapadeiyua

g=ka A (kb v —kc)

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

D(ka)

cc2

cc3
ccl

D(kc)
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Fuzzy Set Retrieval Model
[Mapadeiypa ()

g=ka A (kb v —kc)

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

Mq(dj) = Heet+cc2+cc3 (dj)=1-11(1- Hcci(dj))
i=1..3
(1-11,1,1D* (1-[1,1,0)) * (1 -[1,0,0])

N

Ha(d)) 1y (d)) 1e(d)))  1a(d]) by (d)) (1-pe(d))  pa(dj) (1- 1y (d)) (1-p(d))))
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Fuzzy Set Retrieval Model
2.uvoyn

K={kj,..., K} : aUvoAo OAWV TwV AEGEWV EUPETNPIACNG
P’(c'xea £Yypa@o d; TrapioTaveral ue 1o diavuopa di=(wy ..., Wy )
OTTOU:
~—w.=1 av N Aégn k;  epavicetal oT1o Keipevo d. (aAAIWG w; . =0)
i i i ij

Mia eTTeEpwTNON g €ival pia Aoyikn €k@paacn oTo K, TTX:

— g="k1and (k2 or not k3))” 6nAadr q = “k1 A ( k2 v — k3))’

— Oone = (K1 A k2 A k3) v(kT A k2 A = k3) v(k1 A — k2 A — k3)”
— dpne = “(1,1,1) v(1,1,0) v(1,0,0)”

R(d),q) = uy(dj) = % pee(dj) yia kaBe 0UZEUKTIKA GUVIOTHOA CC TOU Gy

— Ly(di) =1 - TT(1 - (ki kw))
k, € dj

— c(ki,kj) kaBopicetai amd TNV ouveueavion Twv dpwv ki kai kj aTn auAhoyr)
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Fuzzy Set Retrieval Model
["eviKA axOAIa

‘Exouv oulntnBei Kupiwg oT1o Xwpo Tn¢ fuzzy theory
Agv €XOUNE ETTAPKI ATTOTEAECUATA TTEIPANATIKAG AEIOAOYNONG yIia va Ta
QVTITTAPABAANOUUE HE TA TTPONYOUPEVA HOVTEAQ
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Information Retrieval Models

Neural Network Model
(MovTtéAo Neupwvikou AIKTUOU)

MovTtéAo Avaktnong Neupwvikou AiKTUuou

* 2710 “KAAOOIKA” HOVTEAQ avAKTNONG TTANPOPOPIAG:
— Ta £yypa@a Kal Ol ETTEPWTNOEIS EUPETNPIALOVTAI ATTO OPOUG
— n avdaktnon BacileTal oTo “Taiplaocua” dGpwv

« Hidsa:

— Eival yvwoTtd 611 Ta Neupwvikd Aiktua gival kaAoi pattern matchers

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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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

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Neural Network for IR

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

Query Document

Documen
Terms Terms ocuments

kc < > dj+1

Miag kaTeuBuvong AITTAAC KaTEUBuUvVONG
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Neural Network for IR

» AIKTUO TPIWV ETTITTEOWV

* Ta oAuata diadidovTal (propagate) oy )
, uer: ocumen Documen
OTO 6|KTUO Terms t Terms

* 1o o1adio diddoong:
— Query terms issue the first signals
— These signals propagate accross the
network to reach the document nodes
« 20 0T1AdI10 d1GddoOoNC:

— 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 Tiun onparog =1 (Gpa KAVOUUE KAVOVIKOTTOINON)
* Q1 6poI TNG ETTEPWTNONG EKTTEUTTOUV TO APXIKO ONua ico PE 1
» [lpétrel va KaBopiooupe Ta BApn TwV akOAOUBWV OKUWV:
— TWV OKPWYV atrd TOUG OPOUC ETTEPWTNONG OTOUG OPOUC EVYPAPWYV
* (query terms => terms)
— TWV OKPWV atrd TOug OPOUC EYYPAPWY OTOUG KOUBOUC eyYPpAQwyV
* (terms => docs)
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Metadoon onuaTwy

Query Document

Documents
Terms Terms

Initial
activation
level

Wiq =

Znueiwon: Ta apxIka wiq kai wij 6TTwg oto diavuouaTikG povtélo (tf-idf)

AuTH n KavovikoTtroinon PTropei va yivel Bafovrag autd Ta Bdpn TTévw OTIC AKUEG
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MeTddoon onuatwy (Il)

Query Document
Terms Terms

Documents

Initial " ’
activation ! poion G.rwa.va.

Apa 10 activation
level

level oTo dj (peTd
ToVv 10 yUpo), civai:

N

2. Wi Wij
i1

The ranking of
the classic
Vector Space
Model !

2nueiwon: Ta apxIka wiq kai wij 0TTwg 010 d1avuouaTIKO pHovTéAo (tf-idf)
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Metadoon onuatwy (l)

Query Document
Terms Terms

Documents

Initial

ABpoion onudTwy.

activation Y »(_d.
- 1 (kK (k) %Q Apa To activation
- @ level oTo dj (ueTd

1 s = Tov 10 yUpo), givai:
z ——
G = |
—_— —_— L
W, Wi 2. Wig Wi

Wig = —— Wij = i—1
t 2
2 £
2. Wig IZZIW'J

* H avaktnon ptropei va BeATIWOEI av TTITPEWOUUE OTOUG KOUPBOUG TwV
EYYPAPWYV VA EKTTEUYOUV O
— (Aeitoupyia avaloyn TnG avadpacong ouvAaPelag)
— A minimum threshold should be enforced to avoid spurious signal generation




MovTtéAo Neupwvikou AikTuou: ETTiAoyog

* 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)

NAavBavouoa 2nuaacioloyikr) Eupetnpiaon




2KETTTIKO / KivnNTpo

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 Aéyetal “Latent ...”

« AIOTI yiveTal N uttéBeon OTI UTTAPXEI pIa «AavBavouoa» doury oToV
TPOTTO XPNOoNG Twv AECEeWV OTa £yypaga
* To LSI aglotrolei oTATIOTIKES TEXVIKEG VIO TNV EKTIKNON TNS
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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 Alaotacewv Kai AlakpITikr IkavoTnTa
(MTTOPEI Va €XOUpE pEiWON TNG BIAKPITIKAG IKAVOTNTAG, MTTOPEI OUWG Kal OXI)

Mapadeiypa TPoROANRG 2 dlIaoTACEWY O€E Jia

discriminating projection
2.0
2.0
B
Q X o
Ls| e ¢
N AN .
o \
0.
oo Ok
Lo| s
\I
W
> A
0.5 o5 1.0 1.5 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/pdfimm3274.pdf

— http://kwon3d.com/theory/jkinem/svd.html

— http://mathworld.wolfram.com/SingularValueDecomposition.html

— http://www.cs.ut.ee/~toomas_I/linalg/lin2/node13.htmI#SECTION0001320000000000
0000
(TO CHECK THESE)
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Definitions

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

X
. . ] o o~ ™
(Xij): be a term-document matrix with t d, d, ... dy
rows and d columns Ki Wy Wy, oo Wy
— To each element of this matrix is assigned a Ky Wpp Wy oo Wy,
weight wij associated with the pair [ki,dj]
— The weight wij can be freqij . . :
* (or based on a tf-idf weighting scheme
( Ing : Ki Wyg Wor oo Wy
= /
w;; €[0,1]
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Latent Semantic Indexing: O TpoT1TOC

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

Singular Value Decomposition

terms X — ’]—(‘) ’ *S) ]:))

mx m mxd
txd txm m=min(t,d)

documents

documents Select first k (<m) singular values

o S
terms X — T i D

kxk kxd

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

documents Singular Value Decomposition

terms| X — B ’ *SO I))

o) mxd
o

documents Select first k (<m) singular values
The
same /\ D
terms X — T
kxd
T~
_( txd ) txk
CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006

39

» SVD of the term-by-document matrix X:
X — T()SO DO '

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

X1=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.

CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006

40




LS| Paper example

Index terms in italics

Titles:

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

c¢3: The EPS user interface management system

c4: System and human system engineering testing of £PS

c¢5: Relation of user-perceived response time to error measurement

m1l: The generation of random, binary, unordered #rees

m2: The intersection graph of paths in frees

m3: Graph minors IV: Widths of trees 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 1 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 1 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 1 1
minors 0 0 0 0 0 0 0 1 1

Weight = number of occurrences
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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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2.35
1.64
1.50
1.31
0.85
56
0.36
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0.20 -0.06 0.11 0.95 0.05 -0.08 0.18 -0.01 -0.06

0.61 0.17 -0.50 0.03 -0.21 -0.26 -0.43 0.05 0.24

0.46 -0.13 0.21 0.04 0.38 0.72 -0.24 0.01 0.02

0.54 -0.23 0.57 0.27 -0.21 -0.37 0.26 -0.02 -0.08

0.28 0.11 -0.51 0.15 0.33 0.03 0.67 -0.06 -0.26

0.00 0.19 0.10 0.02 0.39 -0.30 -0.34 0.45 -0.62

0.01 0.44 0.19 0.02 0.35 -0.21 -0.15 -0.76 0.02

0.02 0.62 0.25 0.01 0.15 0.00 0.25 0.45 0.52

0.08 0.53 0.08 0.03 -0.60 0.36 0.04 -0.07 -0.45
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SVD with minor terms dropped
T 5 D’

0.22 -0.11 [ E)..'ZG 0.61 0.46 0.54 0.28 0.00 0.02 0D.02 0.0 ]

0.20 -0.07 L0.06 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

050 0137 TS define

0.01 0.49

0.04 0.62 .

coordinates for
documents in latent
space
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[TapaTtnpnoeig

* H1mapdueTpog k (<m) Trp€Trel va givai:
— large enough to allow fitting the characteristics of the data
— small enough to filter out the non-relevant representational details
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Tpotrog 2uykpiong Opwv kal Eyypdaowyv

documents
* TpoT1T0C CUYKPIONG 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
» TpoT110C CUYKPIONG dUO £YYPAPWV:
— dot product (or cosine) between two column terms
vectors
txd
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Tpotrog 2uykpiong Opwv kal Eyypdaowyv

Va\

X

documents

« TpoTTOC OUYKPIONGS 2 OpWV:

— the dot product (or cosine) between two row
vectors reflects the extent to which two terms terms

X

have a similar pattern of occurrence across the

set of document.

txd

cume

» TpoT110C CUYKPIONG dUO £yYPAPWV:

— dot product (or cosine) between two column terms

>

vectors
txd
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Terms Graphed in Two Dimensions
0 | graph
_ trees
minors
Q]
survey
o _|
o
redpoese
o | user computer
o
interface
EPS human
© system
Q@
T T T T T
-2.0 -1.5 -1.0 -0.5 0.0
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Documents and Terms

0 | grapha
m4
 trees
o minoggo
survey
[Te]
o 7| 2 m1
re§poese
o | user computer
o
inteq'aace
3 human
© system ¢ EPS
o
' c4
T T T T T
-2.0 -1.5 -1.0 -0.5 0.0
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Change in Text Correlation
Correlations between text in raw data
cl 2 a2 A c5 m1 m2 m3 m4
cl 1.000
c2 -0.192 1.000
c3 0.000 0.000 1.000
A 0.000 0.000 0472 1.000
cS -0.333 0577 0.000 -0.309 1.000
m1 -0.174 -0.302 -0.213 -0.161 -0.174 1.000
m2 -0.258 -0.447 -0.316 -0.239 -0.258 0.674 1.000
m3 -0.333 -0.577 -0.408 -0.309 -0.333 0522 0.775 1.000
m -0.333 -0.192 -0.408 -0.309 -0.333 -0.174 0.258 0.556 1.000
Correlations in two-dimensional space
cl c2 2 A c5 m1 m2 m3 md
cl 1.000
c2 0.910 1.000
c3 1.000 0912 1.000
A4 0.998 0.84 0.998 1.000
cS 0.842 0.990 0.844 0.809 1.000
m1 -0.858 -0.568 -0.856 -0.887 -0.445 1.000
m2 -0.853 -0.562 -0.851 -0.883 -0438 1.000 1.000
m3 -0.852 -0559 -0.850 -0.881 0435 1.000 1.000 1.000
m -0.811 -0.497 -0.809 0.845 -0.368 0.99% 0.997 0.997 1.000
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Latent Semantic Indexing: Ranking

* H emepWTNON q TOU XPNOTN MOVTEAOTTOIEITAI WG £va YEUDO-
Eyypa@o oTov apXIko TTivaka X

X
- ™
d, d, ... dy g
Ky Wpg Wy oo Wy Wy
Ky Wpp Wy oo Wgp Wep
Ki Wy Wy oo Wy Wy
N /
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LSI: 2Zuptrepdopuara

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

+ [t 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: MNMaparnpnoeig

« 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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Emokomnon twv MovtéAwv AvakTnong
TTOU €£XOUME €CETAOEI HEXPI TWPA




Tacivopia MovTéAwvV TTOU €CETACANE

Classic Models

boolean v
vector Lamm
probabilistic

Set Theoretic

Fuzzy
Extended Boolean

Algebraic

Generalized Vector
Lat. Semantic Index
Neural Networks

Probabilistic

Inference Network
Belief Network
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Tacivopia MovTéAwV TTOU €CETACANE
Set Theoretic
r Fuzzy I
I Extended Boolean I
Classic Models
boolean d /L Algebraic I
|_ve?t3r_ _r I : I
probabilistic Generalized Yector
[ — — I Lat. Semantic Index I
Neural Networks
Probabilistic |
I Inference Network I
Belief Network
I |
[Partial Matching |
e e e — — —
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Tacivopia MovTéAwvV TTOU €CETACANE

Set Theoretic
: Fuzzy I
Extended Boolean l
Classic Models o I
: | boolean 7 /L Algebraic I
LY -r\,mf —— —r I - I
probabilistic Generalized Yector
— .|. Lat, Semantic Index }...
Neural Networks
Probabilistic |
) “Inference Network |
R . Belief Network
. B I H . "'I;";"'x'";':'";".'.l"
:Boolean Queries:
[Partial Matching |
e e e e — —
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Bdaoel TNG EKPPACTIKAG TOUG IKAVOTNTAG
(incomplete)

Extended Boolean Belief Network

/ |

Inference Network Neural Network

Boolean Vector Probabilistic
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AAAol TUTTOI
MovTtéAwv AvAKTnong
TToU B doUpE apyoTepa

ApyoTepa

* MovTtéAa Avaktnong MNAnpogopiwy atd loTooeAideg
— 'Epg@aon otoug ouvdEopoug
* MovTtéAa Avaktnong NoAupéocwyv
* MovTtéAa Avaktnong Baoiopéva oTic MlavoTnTeg
* MovTtéAa Avaktnong Aopnuévwy Eyypaowy (11.X. XML)

* Movté\a Baoiopéva otn Aoyiki

— Carlo Meghini and Umberto Straccia, A Relevance Terminological Logic for
Information Retrieval,Proceedings of SIGIR'96, Zurich, Switzerland, 1996
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