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MovTtéAa Baoiopéva otn Oewpia ACaQWV ZUuvoAwv
(Fuzzy Set-based Retrieval Models)

Information Retrieval Models
Fuzzy Set-based
Retrieval Model

Kivntpo
— EméxkTaon tou Boolean model pe pepiké taipiaopa (kai dpa pe duvatdtnrag
SI0BGBUIONG TWV OTOIKEIWV TWV OTTAVTHTEWY)

‘Exouv TrpotaBei apkeTd povtéAa TTou Baaifovtal o€ fuzzy sets. ESw

Ba doupe duo:
* 'Eva atAd povtéAdo trou Baailetal ot tf-idf kai fuzzy theory

* To povtélo Trou TTpoTdBnke oto [Ogawa, Morita, and Kobayashi
(1991)]
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Background: Fuzzy Set Theory [Zadeh 1965]

A Simple Retrieval Model based on Fuzzy Theory
MapdoTaon eyypd@wyv

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
pa() 1 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,

= Hoau)=1- pau)

— Hacs(u) = max(p A(u), p g(u))

= Ha~s(U) = min(ua(u), pg(u))

ki ko kg
A Wy Wy o Wy
dy Wi Wy oo Wy
G wye [0.1]
dﬂ Wln WZn b th !

* K={ky,...,k} : o0voro OAwv Twv Aégewv eupeTnpioong

* Kabe £yypago d; TapioTdveral pe 10 SIdvuopa di=(wWy,...,Wy))
oTTou
— w;; 10 Bapog TG AEgng k;  yia To Keipevo d;
— Yl TapAdelypa w;; = tfij idf;
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A Simple Retrieval Model based on Fuzzy Theory
Boolean Queries and Ranking Function

Mia geTrepwTnon q eivar pia Aoyikr ékgpacn oto K, 1rx:

— g="k1and (k2 ornot k3))’ dnAadr q = “k1 A (k2 v = k3))”

R(dj,q) = uy(dj) , dpa gival o BaBuodg ouppeToxng Tou dj oTo
aUvolo TTou TTpoadiopideTal atd Tn AoyiKr EéK@paacn g.
MtropoUpe va utroAoyiooupe 10 R(dj,q) Baoel Twv kKavovwy TG
Bewpiag Twv Fuzzy sets, Bewpovtag o1 R(d].ti) = pg(dj) = w;;
MNa apadeypa

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

— R(dj, t1 At2)=min (R(dj, t1), R(d], t2)) = min (w1}, w2j).
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A Simple Retrieval Model based on Fuzzy Theory

Maparnpnoeig

* 'EoTtw q =k, A ky. Z0pgwva e 1o Boolean model éva éyypa@po 1ou TTepIEXE!
HOvo évav amo Toug 6pous Ky, Kk, eival un-cuvagég, Kai JaAioTa T600 pn-
OuVaQEG, 600 Eva £Yypago TTou OeV TTEPIEXEI Kavéva aTrd TOug 2 OPOUG.

— Epwtnon: Ti cupBaivel £dw;
— Amavrnon: To idlo

+ 'Eotw q =k, V ky. Z0pgwva pe 1o Boolean model éva éyypa@o Tou TTepIEXE! Kal
Toug &Uo 6poug (k,, k) eival To iB10 CUVAPES, PE Eva £YYPAPO TTOU TTEPIEXE!
&vav atmo Toug 2 6pOoUG.

— Epwtnon: Ti cupBaivel £dw;

— Amavrnon: ...

— Apa 10 TTapPSV povTéAo diaBabpilel Ta aToixeia TNG amavtnong Tou q =k, V ky (kd
Tou Bev eival duvaTtd pe To Boolean MovTtéAo).

*  To mapdv eival pia edIkh TepiTTwon Tou Extended Boolean Model
(OUYKEKPIPEVA QVTIOTOIXEI OTNV TTEPITITWON TTOU P = o).

(CS-463, Information Retrieval Systems

Yannis Tzitzikas, U. of Crete, Spring 2006 8

[Ogawa, Morita, and Kobayashi,1991]

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

Edw Ba doupe 1o povTéAo TTou TTpoTabnke ato [Ogawa,Morita, Kobayashi, 1991)
* Baoikn 16¢a:
— 'Eyypaga Kai ETTEPWTACEIG TTAPICTAVOVTAl 0€ OUVOAX OpWwV EUPETNPIOU (EDW
Oev €xoupe Bdpn)
— Kdbe 6pog ouoxeTifetal e éva fuzzy set
— Kabe éyypago éxel éva degree of membership o€ auto To fuzzy set

* Mapdadeiypa:
— 'EO0Tw £TTEQPWTNON g=aurokivnTo
— 'Eotw €yypago d1 TTou dev mepiéxel Tn AEEN auTokivTo aAAG TEpIEXEl TN AEEn
«OXNUO».
— Av uttdpxouv TToAAd £yypa@a TTOU TTEPIEXOUV Kal TIG duo AEEEIG, TOTE,
UTTAPXEI I0XUPH OUOXETION TWV dUO QUTWV AégEwv, Kal
— =>dpa 10 d1 pTTopei va BewpnBei CUVOPEG PE TNV ETTEPWITNON g.
* H mapamdavw 16¢éa Bepehiwveral ye Fuzzy Theory
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Fuzzy Set Retrieval Model
Mopon EupeTnpiou: 61w kai oto Boolean model.

K ko K
di Wiy Wy oo Wy
d, Wi Wy oo Wy
S _ w; € 10,1}
dn Wln WZn Wm

.

K={ky,...,k}: oUvoAo OAwv Twv AéEewv eupeTnpiaong
KdBe £yypago d; TapioTdvetal Pe 10 dIavuopa di=(Wy  ,...,Wy;) OTToU:

- W= 1 avn Aégn ki eppaviCetar oo Keipevo d; (AANILIG W =0)

(CS-463, Information Retrieval Systems

Bdoel autoU Tou Trivaka Ba SnuIoupyrooupE évav THVOKa gUOXETIONG Opwv
(Y10 va KaTaxXwprooUpE OXETEIG OTTWG «AUTOKIVNTO» & «OXNUa»)
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Fuzzy Set Retrieval Model
Mivakag Zuoyxériong (correlation matrix) kai eyyutnta 6pwv

ky ky k, ci)=__n@h
K, Cy Cy .. Cqy ni + nl-n(i,l)
ko €2 Cp - Cp
. . . . where:
n(i,l): number of docs which contain both ki and k1
. ' . . ni: number of docs which contain ki
kt Cin Con - Cin nl: number of docs which contain kl
My n(i,l)=0 => ¢(i,l)=0
n(i,l)=3, ni=3, nlI=9 =>¢(i,l)=0.3
n(i,)=3, ni=3, nI=30 => ¢(i,1)=0.1
n(i,)=3, ni=3, nI=3 => c(i,l)=1

‘ET01 €X0UpE Opioel TTOOOTIKA TNV eyyuTnTa (proximity) HETagy Twv 6pwv
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

+ Xe kGBe 6po ki avTioToixoUue éva fuzzy set pe xap/kry ouvaptnon
*  O1 oUVTEAEDTEG OUTKETIONG POG ETTITPETTOUV VO OPICOUNE TO BaBPO GUPPETOXAG
€vOG eyypdgou dj ota fuzzy oUvoia Twv 6pwv.
« Ta Tapadelypa €0Tw 611 T0 €yypago dj dev TTEPIEXEI TOV 6PO Ki
* AvrTo éyypago dj Tepiéxel évav 6po k,, TTou oXeTiGeTal I0XUPG pE Tov k;TOTE
— Ba éxoupe c(i,w) ~ 1
— Kal Gpa Ba pTropodcape va Bswpriooupe 6T () ~ 1. Me GAa Adyia, av kai o 6pog
ki dev ep@aviCeTal oTo dj, EvTOUTOIG TIEPIYPAPEI TO TTEPIEXOUEVO TOU dj

n |(J) = Y C(i,W) ABpoiopa Tou Babuou cuaxETiong Tou ki
k, e dj HE TOUG 6poug TTou epaviovTtal oTo dj
=1-11(1-c(i,w)) BaocigeTal oTo: (8 A")C = mA"C
ky € dj UA=Q-(UA) =Q-NA°
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Fuzzy Set Retrieval Model
Fuzzy Information Retrieval

‘Eotwqoe DNF g=cl1v...v ck
ZUpoewva pe Tn fuzzy set theory:

1 q(0)= max(u o), -\ o)
Mapd TauTa, €dw TTPoTEiVETAI N XPrion aBpoiouaTOg avTi TOU TOU PEYIOTOU.

R(d],q) = 1q(dj) = Z pe(dj) yia ke 0UZEUKTIKA GUVIOTWOX CC TOU Gpye
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Fuzzy Set Retrieval Model
Mapdadeiyua

g=ka A (kb v —kc)
vec(dqy) = (1,1,1) +(1,1,0) + (1,0,0)
= vec(cc1) + vec(cc2) + vec(cc3)

D(ka) (kb)
> cc2

cc3
ccl

D(kc)

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

Fuzzy Set Retrieval Model
Mapdaderyua (1)

g=ka A (kb v —kc)
vec(dqn) = (1,1,1) +(1,1,0) + (1,0,0)
= vec(cc1) + vec(cc2) + vec(cc3)

“q(dj) = Mect+co2+cc3 (dj) =1-1 (1 - “cci(dj))
i=1..3
=1-(1-1,11)* (1-[1,1,0]) * (1 -[1,0,0])

N

Ha(d) b (d]) pe(di))  pa(d) 1y (d)) (1-ne(d) wa(d) (1- 1 (d))) (1-pc(dh)))
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Fuzzy Set Retrieval Model
2uvoyn

o K={ky,...,k} : o0voro 6Awv Twv AéCewy eupeTnpiaong
* Kdbe £yypago d; TapioTaveral pe 10 SIGVUOHA d=(Wy ..., Wy ;)
o1TouU:
- W= 1 av nA&gN k;  epgavietar oTo Keipevo d; (aANIDG w;; =0)
* Mia emepwtnon q €ival pia Aoyikr ékppaacn oTo K, 1ry:
— q="k1and (k2 or not k3))’ dnAadn q = “k1 A ( k2 v = k3))”
— one = “(k1 A k2 A k3) v(k1 A k2 A= k3) v(k1 A k2 A —k3)"
— Gone = “(1,1,1) v(1,1,0) v(1,0,0)"
* R(d),q) = pq(dj) = X peo(dj) via kaBe guZeukTik GUVIOTWOA CC TOU Gpye
— g(dj) =1 - T1(1 - c(ki,kw))
k, € dj
— c(ki,kj) kaBopietal amé TNV cuvep@avion Twv épwv ki kai kj ot GUANOYR
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Fuzzy Set Retrieval Model
"evika oxOAia

« ‘Exouv oulntn6ei kupiwg aTto xwpo Tng fuzzy theory
o Agev €XOUYE ETTAPKN OTTOTEAECUATA TIEIPAPATIKAG agIoAGYnong yia va Ta
AVTITTAPOBAANOUE PE T TTPONYOUNEVA HOVTEAQ
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MovTtéAo Avdaktnong Neupwvikou AikTUou

Information Retrieval Models
Neural Network Model
(MovTéAo Neupwvikou AiKTUouU)

2

* X170 “kAaOOIKE” HOVTEAD avAKTNOoNG TTANPOQOPIAG:
— Ta éyypa@a Kal ol ETTEPWTNTEIG EUPETNPIGlovTal aTTd Gpoug
— n avakTtnon Bacidetal oTo “Taiplacua” 6pwv

* Hidéa:
— Eival yvwoT6 61 Ta Neupwvikd AikTua gival kaAoi pattern matchers
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Human Brain is a Neural Network

Neural Networks

* 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 aresult of spread activation, the brain might command the body

to take physical reactions
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» 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

Neural Network for IR

[From the work by Wilkinson & Hingston, SIGIR91]
Query Document

Terms Documents

(k]

:
|

Miag karelBuvong AITAAG kaTeuBuvang
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» AiKTUO TPIWV ETTITTEO WV

+ Taoruara diadidovral (propagate) e .
aTo JikTUO Terms  Terms
* 10 014310 d1Gd00NG:
— Query terms issue the first signals
— These signals propagate accross the
network to reach the document nodes
* 20 014010 d1Gdoaong:

— 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 Ty onfpaTtog =1 (Gpa KAVOUUE KAvOVIKOTToinan)
» O1 6poI TNG ETTEPWTNONG EKTTEPTTOUV TO APXIKO OAUA ioo pe 1
* Mpérrel va kaBopicoupe Ta Bapn Twv akOAOUBWY OKUWV:
— TWV OKPWYV aTTé TOuG OPOUG ETTEPWTNONG GTOUG OPOUG EVYPAPWY
* (query terms => terms)
— TWV OKPWYV aTTé TOUG 6POUG EYYPAPWY GTOUG KOPBOUG EYYPAQWY
 (terms => docs)

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

Metadoon onuaTwy

Query Document
Terms Terms

Documents

Initial
activation
level

Znueiwon: Ta apxIka wiq kai wij 6TTwg oTo diavuopaTiké povTéo (tf-idf)

AuTrj n kavovikoTroinan UTropei va yivel Bagovtag autd Ta Bapn TTAVW OTIG OKHES
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MeTtddoon onudtwv (11)

Query Document
Terms Terms

1G>
1G>

level )
o

1

Documents

Initial

A8 G .
activation Q poion oNUATWY

Apa 1o activation
level oTo dj (peTd

Tov 10 yUpo), givai:

—_— —_— t
w; Wij 2 WiqWij
ig W = / /
Wiq = - ij T i=1
2 w? -

_zwiq 5 ] The ranking of

i=1 : the classic
Vector Space
Model !

Inueiwon: Ta apxikd wiq kai wij 6TTwg oTo dlavuopaTiké govTéAo (tf-idf)
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MeTtadoon anudrtwv (I11)

Query Document
Terms Terms

1GO

Documents

Initial

A8 G .
activation Q poIon oNUATWY

Apa 1o activation

1G>
level oTo dj (peTd

level )
1 ®/@ Tov 10 yUpo), givai:

1

— — t
W, Wij 2. Wi Wj
iq - ) h
qu - - WIJ TR i=1
2
Zwiq ZWU

* H avdktnon ptopei va BeEATIWOEI av emMTPEWOUPE GTOUG KOPBOUG TwV
EYYPAPWYV VO EKTTEPYOUV GHA
— (Aermoupyia avaAoyn Tng avddpacng CUVAPEIAG)
— 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
 ltis not clear the improvements that the model might provide
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Information Retrieval Models

Latent Semantic Indexing (LSI)

AavBavouoa ZnuaaioAoyiky Eupetnpiaon




2KeTTTIKG / 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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MNarti Aéyetan “Latent ...”

* AIOTI yiveTal n uTt6Be0N OTI UTTAPXE! MIa «AavBdavouca» dour aTov
TPOTTO XProNG TwV AGEwy aTa Eyypaga
* To LS| agiotolei OTATIOTIKEG TEXVIKEG YA TNV EKTIUNON 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 AlaoTdogwv Kal AIOKPITIKA IkavoTnTa
(uTTOpEi Va €xoupe Peiwon TNG SIOKPITIKAG IKAVATNTAG, UTTOPEi OPWG Kal OX1)

Mapdderypa TPoBoARG 2 diacTdoEwy O€ pia

discriminating projection

2.0

2.0

05 s 10 15 20
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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.

* Whatis SVD?
— A dimensionality reduction technigue

— 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.cs.ut.ee/~toomas_l/linalg/lin2/node13.htm#SECTION0001320000000000
0000

(TO CHECK THESE)
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Definitions

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

X
* (Xij): be a term-document matrix with t d, dy ... dy
rows and d columns Ky Wy Wop oo Wy
— To each element of this matrix is assigned a k2 Wi, Wy .o W
weight wij associated with the pair [ki,dj] . . . .
— The weight wij can be freqij . . . .
« (or based on a tf-idf weighting scheme
¢ db weighting ) Ko Wy Wo oo Wy
w;; €[0,1]
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Latent Semantic Indexing: O TpoTTOG

t: total number of index terms
d: total number of documents
Singular Value Decomposition

term X = T[‘) : *S) D)

mxm mxd
txd txm m=min(t,d)
documents Select first k (<m) singular values
R T D
termsy X = -
kxk kxd
txd txk
CS-463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006 38

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

documents Singular Value Decomposition

terms] X = ’E *

m=min(t,d)

singular values

Il
—

VAN
terms| X

txd txk
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SVD

» SVD of the term-by-document matrix X:
X =TpSyDy'

+ 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 compuiter svstem response time
c¢3: The EPS user interface management sysiem

cd: Svstem and niman system engineering testing of EPS

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

ml: The generation of random, binary, unordered frees

m2: The intersection graph of paths in rrees

m3: Graph minors IV: Widths of #rees and well-quasi-ordering
md: Graph minors: A survey
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term-document Matrix

Terms Documents
cl c2 c3 c4 c5 ml m2 m3 m4

0 0 0 0 0

human 1 0 0 1

interface 1 0 1 0 0 0 0 0 0
computer 1 1 ] 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 ] 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
eraph ] ] ] 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
0.20 -0.07 O0.14 -0.55 0.28 0.50 -0.0 -0.01
0.24 0.04 -0.16 -0.59 -0.11 -0.25 -0.30 0.06
0.40 0.06 -0.34 0.10 0.33 0. 38 0.00 0.00
0.64 -0.17 ©0.36 0.33 -0.16 -0.21 -0.17 0.03
0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02
0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02
0.30 -0_14 0.33 0.19 0.11 0.27 0.03 -0.02
0.21 0.27 -0.18 -0.03 -0.54 0.08 -0.47 -0.04
0.01 0.49 0.23 0.0 0.359 -0.39 -0.29 0.25
0. 04 0.62 0.22 0.00 -0.07 O0.11 0.16 -0.68
0.03 0.45 0.14 0.01 0.30 0.28 0.34 0.68

IIﬁ'bCC‘O
b foteiuts
|

Soooo
— D D D RS D e

0 e B8~ tn

(¥
w
-

0.36
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Dy SVD with minor terms dropped
T 5
0.20 -0.06 0.11 -0.95 0.05 -0.08 O0.18 -0.01
0.61 0.17 -0.50 -0.03 -0.21 -0.26 -0.43 0.05 o 0.20 0,61 0.46 O0.%54 0.28 0.00 0.02 0.02 0. 08
0.46 -0.13 ©0.21 0.04 0.38 0.72 -0.24 0.01 o L0006 0017 <013 023 011 0,19 0,41 062 053
0.54 -0.23 0.57 0.27 -0.21 -0.37 0.26 -0.02 H
0.28 0.11 -0.51 ©0.15 0.33 0.03 0.67 -0.06 0
0.00 0.19 0.10 0.02 0.39 -0.30 -0.34 0.45 [
0.01 ©0.44 0.19 0.02 0.35 -0.21 -0.15 -0.76 o i
0.02 0.62 0.25 0.0l 0.15 0.00 0.25 0.45 o TS define
0.08 0.53 0.08 -0.03 -0.60 0.36 0.04 -0.07 H i
33 ; : o coordinates for
documents in latent
space
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Mapatnpnoeig & Tpotog Zuykpions Opwv kal Eyypaewy
+ H mapauetpog k (<m) TpéTTel va givai: document
— large enough to allow fitting the characteristics of the data * TpoTrog oUYKPIoNG 2 OpWV:
— small enough to filter out the non-relevant representational details — the dot product (or cosine) between two row
vectors reflects the extent to which two terms termg
have a similar pattern of occurrence across the
set of document.
txd
cuments
» TpdTog olykpiong U0 eyypaPwv:
— dot product (or cosine) between two column term
vectors
txd
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Tpotog Zuykpiong Opwv kai Eyypdewy X

Terms Graphed in Two Dimensions

documents
* TpoTog oUYKPIoNG 2 6pwV:
— the dot product (or cosine) between two row 9{
vectors reflects the extent to which two terms termg
have a similar pattern of occurrence across the w | graph
set of document.
txd . minore”
survey
cuments g -
redjmase
. . , ; . N ° user computer
» TpoTmog oUykpiong 800 eyypagwv: D¢ =,
— dot product (or cosine) between two column term s a0
vectors g system
t X d T T T T T
-2.0 -1.5 -1.0 -0.5 0.0
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Documents and Terms Change in Text Correlation
Correlations between text in raw data
cl 2 2 o4 [e3] m m2 3 m
cl 1.000
2 0192 1.000
c3 0.000 0.000 1.000
ot 0.000 0000 0472 1.000
- P S 0333 057 0000 039 1000
-7 m 0174 032 0213 0161 -0.174 1.000
™ vees m2 0258 047 0316 029 0258 0674 1000
minofg m3 033 0577 0408 0309 033 0.52 0.775 1.000
2 m 0333 0192 0408 030 0333 0174 0.258 0.556 1.000
survey Carrelations in two-dimensional space
BN i m cl @ 2 ot S mi m m3 m
siase cl 1.000
o user computer [+ 0910 1.000
3 c3 1.000 0912 1.000
intéface oA 09%8 0834 0998 1.000
3 eps human [« 0.842 0.9%0 084 0.809 1.000
2 system m 088 058 086 087 0445 1.000
) c4 m 083 0562 -0851 -0883 0438 1.000 1.000
m3 082 0589 080 -0881 -0435 1.000 1.000 1.000
T T T T T m 0811 0497 0809 0845 -0.368 0.9% 0.997 0.997 1.000
-2.0 -1.5 -1.0 -0.5 0.0
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Latent Semantic Indexing: Ranking LSI: ZuptrepdopaTta
* H emepwtnon q Tou XProTn HOVTEAOTTOIEITAI WG £va PEUDBO- » Latent semantic indexing provides an interesting conceptualization
€yypa@o oTov apxIko Trivaka X of the IR problem
X It allows reducing the complexity of the underline representational
framework which might be explored, for instance, with the purpose
d, d, ... d; q of interfacing with the user
Ki Wyp Wy oo Wy Wy + Problems
Ky Wi Wy oo Wy, Wy — If new documents are added then we have to recompute X*
Ko Wy Wy oo Wy Wy
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LSI: Mapatnpnoeig

* 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.

Emokdémnon Twv MovtéAwv Avaktnong
TTOU €XOUUE £EETATEI PEXPI TWPA
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Ta&ivopia MovtéAwyv TToU e€eTdoape Ta&ivopia MovTéAwv TTOU £€eTACANE
Set Theoretic Set Theoretic
Fuzzy r Fuzzy I
Extended Boolean I Extended Boolean I
Classic Models Classic Models
boolean Algebraic boolean Algebraic I
vector -~ . |_ve_cl3r_ — I . I
probabilistic Generalized Vector probabilistic Generalized Vector
Lat. Semantic Index N I Lat. Semantic Index I
Neural Networks Neural Networks
Probabilistic Probabilistic |
Inference Network I Inference Network I
Belief Network U Belief Network N
[Partial Matching |
—_—— e — =
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. . . Bdaoel TNG eEKQPAOTIKAG TOUG IKAVOTNTAG
Ta&ivopia MovtéAwyv TToU e€eTdoapE .
(incomplete)
Set Theoretic
Fuzzy | Extended Boolean Belief Network
Extended Boolean I H
Classic Models Ja
i | boolean : Algebraic I
rvmr r P m——— | Fuzzy Inference Network Neural Network
probabilistic eneralize | ector
N . Lat, Semantic Index i
TN H
Probabilistic |
| T iference Network K
geeeeees [ H Belief Network
:Boolean Queries = .-
Boolean Vector Probabilistic
[Partial Matching |
—_—— e — — =
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Apyoétepa

* MovtéAa Avaktnong MNMAnpogopiwv atré loTooeAideg
— 'Epgpaon oToug GUVOETUOUG

AMAoi T0TTOI + Movtéha Avdktnong MoAupéowy
MovTtéAwv AvdakTnong + MovTéha AvakTnong Baciopéva oTig MibavéeTnTeg
Tou Ba doupe apyoTepa * MovTtéAa Avaktnong Aounpévwy Eyypdeuwv (1r.x. XML)

* MovtéAa Baoiopéva otn Aoyikn

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