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* Kivntpo
— EméxTaon tou Boolean model pe pepikoé Taipiacua
* MovrtéAa:

—Fuzzy Set Model
— Extended Boolean Model
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Fuzzy Set Model

Wippni

* Baoikn 16éa:
— 'Eyypa@a Kal ETTEPWTHOEIS TTAPIoTAVOVTal 0€ GUVOAX OpwV EUPETNPIOU

— KdBe 6pog oxeriCetal pe éva fuzzy set

— KdBe éyypago éxel éva degree of membership o€ autd 1o fuzzy set

* Ymdpyxouv apkeTa povTéAa TTou BepeAiwovovTal €101, €dwW Ba doupe
TO povTEAO TToU TTpOTABNKe a1é Ogawa, Morita, and Kobayashi
(1991)
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Fuzzy Set Model: H yevikr 1©éa

) A
VivERS

* H yevikn 16€a pe éva TTapAdelypa:
— 'EoTw £mMEPWTNON g=auTtokivnTo

— 'EoTtw éyypago d1 1Tou Oev mepiéxel TN AEEN auTokivnTo AAAG TTEPIEXEI TN AEEN
<<(')an(]»,

— Av umm@pyouv TTOAAd £yypa@a TTou TTEPIEXOUV Kal TIC dUo AEEEIG, TOTE,
UTTAPXEI IOXUPA GUOXETION TwV OUO auTWV AEEEwY, Kal

=> Gpa 1o d1 ptropei va BewpnBei cuvapég e TNV ETTEPWTNON Q.

» Ocgpeliwon g 16€ag pe Fuzzy Theory
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Background: Fuzzy Set Theory (Zadeh 1965)

Wippni

+ 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

e U: universe of discourse

» Afuzzy subset A of U is characterized by a membership function
pa(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,
= poa(u)=1- pa)
= Haus(U) = max(p (u), pg(u))
= Ha~g(U) = min(ua(u), pg(u))
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[Mivakag 2uoxETiong (correlation matrix)
Kal eyyutnTta Opwv

ok ok ko) ch=__n@D
k, ¢ ¢, ni + nl - n(i,1)
ky €5 ¢ Cr2
. . . . where:
n(i,]): number of docs which contain both ki and kI
ni: number of docs which contain ki
k, cp, ¢y Cin nl: number of docs which contain k1
N /

My n(i,))=0 => ¢(i,l)=0
n(i,)=3, ni=3, nl=9 => ¢(i,)=0,3
n(i,)=3, ni=3, nl=30 => ¢(i,l)=0,1
n(i,l)=3, ni=3, nl=3 => c(i,l)=1

‘ET01 £€x0Uupe opioel Tnv eyyuTnTa (proximity) petagu Twv 6pwv
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Fuzzy Information Retrieval

*  O1 ouvTeAEDTEG OUOXETIONG MAG ETTITPETTOUV VA Opicoupe To BaBud membership
evog eyypdoou dj.

+ 2ZeKABe 6po i avrioToixoUue éva fuzzy set pe xap/kp ouvaptnon
* Av 1o doc dj repi€xel Tov 6po Kk, TTou OXETICETAI IOXUPA PE TOV K, TOTE

— c(i,w) ~ 1
— pi(j) ~ 1, pe GMa Adyia kar o 6pog ki gival KaAdg yia To dj
o TumKka:
u I(J) = Z C(I!W)
k,, € dj
=1-TI1(1 - c(i,w))
k,, € dj . .
U4 ) =NA
UA =Q-(UA) =Q-NAS
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Fuzzy Information Retrieval

‘Eotwqoe DNF g=clv...v ck

2Uh@wva ue TN fuzzy set theory:
1 q()= max(p (), --- 5 1 ol0))

Mapd TauTa, edw TTPOTEIVETAI N XPRON aBpoicuaTog avti Tou Tou max
1 gl)= ...
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; MNapadeiypa

g=ka A (kb v —kc)

vec(Qyny) =(1,1,1) + (1,1,0) + (1,0,0)
= vec(ccl) + vec(cc2) + vec(cc3)

* l“tq(dj) = Heetrcc2+cc3 (dj)

i=1..3
= 1 (1 p(d)
(1 - () . |
(1 - pa(dj) (1- 1y ( Dc
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Fuzzy Retrieval Model: Z0voyn

* K={ky,....Kk} : 0UvoAo AWV Twv AEGEwV EUPETNPIaONG
* Kabe éyypaeo d; TapioTaveral pe 1o dIavuopa di=(Wy ..., W, )
OTTOU:
- W= 1 av nAEgN k;  epgavietar o1o Keipevo d; (aAILG W =0)
* Mia eTepwTNON q €ival yia Aoyikn ékppacn oTo K, 1TX:
— g ="k1and (k2 or not k3))” dnAadnA q = “k1 A (k2 v = k3))”
— Oone = “(k1 A k2 A k3) v(k1 A kK2 A k3) v(k1 A = k2 A = k3)”
- Oonre = “(1,1,1) V(1,1,0) v(1,0,0)"
* R(d],q) = py(dj) = X pee(dj) yia kaBe GUGEUKTIKI OUVIOTWOA CC TOU Opye

— Wy(dj) =1 - TI(1 - c(ki,kw))
Ky € dj

— c(Ki,Kj) kaBopiCetal améd TNV cuveppavion Twv 6pwv ki kai kj oTn cuMoyn
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Fuzzy Information Retrieval Models: Conclusion

» ‘Exouv oulntnBei kupiwg o010 XWpo TnG fuzzy theory
* Agv £XOUME ETTAPKNA ATTOTEAECUOTA TTEIPAUATIKAG agloAdynong yia
Va Ta avTITTOPABAAAOUUE PE TA TTPONYOUUEVA MOVTEAQ

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

67

Information Retrieval Models
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- Extended Boolean Model

» Kivntpo
— To Boolean model gival atrAd Kol KOO aAAd dev TTApPEXEl KATATAEN

* [Mpooaoéyion

— O1wg kai oTo fuzzy model, ymmropoupe va TTAPOUPE KATATAEN XaAapwvovTag
TN XAPOKTNPIOTIKA ouvaApTNON TWV OUVOAWY

— EméxTaon tou Boolean model pe Bapuvon 6pwv Kal HEPIKO TAipIOOHA

— Zuvdlaopuég xapakTnpIioTIKwy Tou Vector model kai 1d1oTATWY TNG Boolean
algebra

[Salton, Fox, and Wu, 1983]
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Eotw q = Kk, A ky.

2UhQwva ue To Boolean model éva £yypa@o TTou TTepIEXEI MOVo Eva
amd 1a ky, k, €ival pn-ouvagég, Kai HANIoTa TOOO PN-CUVAQEG,
000 £va £yypa@o TTou Oev TTEPIEXEI KaVEVA aTTO TOUG 2 6POUG.
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‘EoTw duo opor k, , K,

MTTopoUlE VO ATTEIKOVIOOUNE ETTEPWTACEIS Kal £yypaga aTo 2D xwpo.

‘Eva gyypago d;

ToTro0ETEITAI BATEl TWV, BAPWYV W, KOl W, ;

‘Eotw 611 Ta Bdpn auTd gival kavovikoTroinuéva oto [0,1], TT.X. :

WX,j = th,j Ide

Wy,j = tny |df

y

For brevity let x =w,;and y=w,;
Apa o1 ouvTeTaypéveg Tou dj gival ol (X,y)

CS-463, Information
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H yevikn 10ea

‘EoTtw qop=k, v K,

ATToQUYH.

(CS-463, Information

To onueio (0,0) cival n B€on Tpog

Apa utTopoUlE va Bewprnoouue TNV

Apa utTopoUuE va BewpriogoulE TO

Yannis Tzitzikas, U. of Crete, Spring

a

8 (1.,1) (0.1) (1.1)
dj+1 ® ®
ky ky _]+1
d
\ d;
(0,0) 1(1,0) (0,0) (1,0
kX kX

To onueio (1,1) ival n o emBuuntr B€0n.

: e g ! ouUuTTANpwuA NS arréaracng Tou dj atro
armrograagr) Tou dj QATTO AUTO TO ONMEIO auToé TO onpEio w¢ Babuo6 opmémwg
WG TO BaBuOG opoIdTNTAG
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° H yevikn 10¢ga (II)

(1,1) (0,1) 1,1)
dii @ %
d'+1
ky ky |
d.
& (]
d;
k, k.
Let qor=K, v k, Let qanp=ks A K,
2, 2 ' — 0 (1=’
sim(qog,d) = al —;y Slm(qAND’d)zl—\/( X) 2( y)

(“2” for normalisation to [0,1])
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["evikeuovTag TNV 10€a (yia >2 6poug)

5
VivERS

* MrropoUue va YeVIKEUOOUUE TO TTPONYOUNEVO HOVTEAO
xpnoigoTtroiwvtag Tnv EukAcideia atréotaon otov t-81A0TATO XWPO

* AUTO UTTOPEI VA YiVEl XpNOIUOTTOIWVTAG P-NOrMS TTOU YEVIKEUOUV
TNV évvola TNgG amoéoTacng, otou 1 < p < .

1
* AIaCeUKTIKES ETEPWTATEIS | vy d)z[xf+x§+---+xij”
OR>
— Qop=k1V k2V..V km m

*  J2UCEUKTIKEG ETTEPWTNOEIG
— Qap =K1 A k2A ...Akm

1
A=x)" +..4(1=-x,)" "
m

sim(q ynp-d) =1—[

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 74

a

10



MepIKES eVOIAPEPOUTES IDIOTNTEG

“Aregas

* MeTaBAaAAovTag 10 p, UTTOPOUNE VO KAVOUNE TO HOVTEAO va
OUMTTEPIPEPETAI OTTWG TO Vector, To Fuzzy, A evdidueoa o€ autd Ta

ouo.

« Av p=1 161 (Vector like)

— 8im(QpR,dj) = SIM(Qanp.dj) = X1+ ... +xm
m

« Av p = T10TE (Fuzzy like)
— sim(gpg,dj) =max (x;)
— sim(Qanp,dj) = min (x;)

Epwrnon: lNou 1miyav o1 6pol TS ETELWTNONG,

75
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[MI0 YEVIKEG ETTEPWTNATEIG

* 'Eotw q = (k1 A k2) V k3

* E@apudloupe Toug oplopoug oeBOuEVOI TN oElpd, OW:
1

(1=x)P +(1-xy)” p|P

: WP 4 xy

(1-=(

sim(q ,d) = 5

« ‘Eotw q = (k1 V2 k2) A~ k3
— K1 and k2 should be used as in a vector system but the presence of k3 is
required

a
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° Mepikég MNaparnpnoeig

* Eival apkeTd 1oxupd POVTEAO PE eVOIAQEPOUTEG IBIOTNTEG
* H emuepioTikn 1816TNTA dEV IOXUEL:

- q1=(k1vk2) A k3

- g2=(k1 Ak3) v (k2 Ak3)

— sim(g1,dj) = sim(g2,dj)

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 77
L,
2 2 —
x+y=1  J(x"+y)=1 max(x, y) =1
78
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- AlapBpwaon AIGAegNng

PART (A)
— Avdkrnon kai PiIATpdpioua
— Eiocaywyn ora MovréAa AvrAnong
Karnyopisg MovréAwv
Exact vs Best Maitch
Ta kKAaooikd povréAa avdkrnong
» To Boolean MovréAo
» Zrariotrikda MovréAa - Bapuvon
Opwv
» To Aiavuauariko MovréAo
» To [li6avokpariké MovréAo

PART (B):EvaAAakTikd povréAa

— (1) ZuvoAoBswpnTiKd povréAa
* Fuzzy Retrieval Model
» Extended Boolean Model

— (ll) AAyeBpika MovréAa
» Latent Semantic Indexing
* Neural Netwok Model

PART (C):
— () MBéavokparika MovréAa
« Bayesian Network Model
» Inference Network Model
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Latent Semantic Indexing
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Kivntpo

Vrvgas'

» 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)

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring
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LSI: H yevikr) TTpooéyyion

» LS| 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.

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

a

82

14



I‘_"

H 10éa

9
Viver

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

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

» Retrieval in this 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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[Mapadeiypa TTPOLROANG 2 dIACTACEWY O€ [ia

discriminating projection
2.0
2.0
B
O\ o
15 WO
o
o .
1.0
w
A
05 s 1.0 1.5 20
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SVD (Singular Value Decomposition)

&,
LTI

« SVD is applied to derive the latent semantic structure model.
* Whatis SVD?
— A dimensionality reduction technique

— For more about matrices 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_I/linalg/lin2/node13.htmI#SECTION00013200000000000000
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Definitions

o

z
LT

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

X
* (Xij): be aterm-document matrix with t @ d, d, ... d, h
rows and d columns k, wy wy, Wy,
— To each element of this matrix is assigned a ky wp;, Wy, W
weight wij associated with the pair [ki,dj] . . .
— The weight wij can be based on a tf-idf .
weighting scheme k
t Wi Wor e Wa
o /
Wi €[0,1]
CS-A‘163, Information Yannis Tzitzikas, U. of Crete, Spring 86
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Latent Semantic Indexing: O TpOTTOG

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

documents

Singular Value Decomposition

X =

Dy

terms ’]5 *
mXx m mxd
txd txm m=min(t,d)
documents Select first k (<m) singular values
terms k = T
kxk kxd
txd txk
CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 87
t: total number of index terms
d: total number of documents
documents Singular Value Decomposition
terms| X = ']5 *
— SADIER
.
—xd) txm m=min(t,d)
documents Select first k (<m) singular values
terms ﬁ = T _—
kxk kxd
P —
_( txd ) txk
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SVD

2,
Wippni

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

« 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 tfor L.ab ABC computer applications
c2: A survey of user opinion of computer system response time

c3: The EPS user interface management system

cd: Svstem and human 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 1n trees

m3: Graph minors 1V: Widths of frees and well-quasi-ordering
md: Graph minors: A survey

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 90
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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 | 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 | 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 |
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
CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 91
= 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
Yannis Tzitzikas, U. of Crete, Spring 92
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2.35
1.64
1.50
1.31
0.85
0.56
0.36
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0.20 -0.06 0.11 -0.95 0.05 -0.08 0.18 -0.01 -0.06
0.01 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 -0.062
0.01 0.44 0.19 0.02 0.35 -0.21 -0.15 -0.7¢6 0.02
0.02 0.062 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
Yannis Tzitzikas, U. of Crete, Spring 94
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SVD with minor terms dropped

T S D
-0.22 -0.11- [ E.ZO 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

0.30 0.14 M

0.21 0.27 TS defme

0.04 0.62 3

coordinates for
documents in latent
space
CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 95
] "
L) M <
) < 1 1IAPATNPNOCEIC
“"'irzn"d
* H mTapdueTpog k (<m) TTpETTEl va ivai:
— large enough to allow fitting the characteristics of the data
— small enough to filter out the non-relevant representational details
Yannis Tzitzikas, U. of Crete, Spring 96
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¥8): Tpodtroc Zuykpionc Opwv kai Eyypdewy
documents
* TpOTTOG OUYKPIONG 2 OpWV:
— the dot product between two row vectors of X k
reflects the extent to which two terms have a terms
similar pattern of occurrence across the set of
document.
txd
cuments
* TpoTTOG OUYKPIONG U0 £yYPAPWV: ﬁ
— dot product between two column vectors of X terms
txd
CS—463, Information Yannis Tzitzikas, U. of Crete, Spring 97
: Terms Graphed in Two Dimensions
g _ graph
. trees
survey
redproase
o | user computer
interface
g elstem EPS human
-2‘.0 -1‘.5 -1‘.0 -0‘.5 0‘.0

LSA2.8VD.2dimTrmVectors[,1]
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Documents and Terms

0 _| graphs
m4
. trees
o | minoggo
survey
wn
oS 7 @ mi
re§poese
o | user computer
o
intéfface
c3 EPS human
10 system
o
' c4
T T T T T
-2.0 -1.5 -1.0 -0.5 0.0
LSA2.8VD.2dimTrmVectors[,1]
Change in Text Correlation
Correlations between text in raw data
cl 2 2 4 5 mi me m3 m4
1 1.000
2 0192 1.000
c3 0.000 0.000 1.000

oA 0.000 0.000 0472 1.000
c5 033 0577 0000 -0309 1.000
mi -0.174 -0.302 -0213 -0.161 -0.174 1.000
m2 0258 0447 0316 0239 028 0674 1.000
m3 033 0577 0408 0309 038 0522 0.775 1.000
m 033 012 0408 0309 033 0174 0258 0556 1.000
Correlations in two-dimensional space
cl 2 2 A c5 mi m2 m3 m
1 1.000
0910 1.000

1.000 0912 1.000
0.998 0.8%4 0998 1.000
0.842 0.990 0844 0.809 1.000
088 0568 -08%6 087 0445 1.000
083 0562 081 083 0438 1.000 1.000
. X 0881 0435 1.000 1.000 1.000
0811 0497 0809 0845 038 0.9% 0997 0997 1.000
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Y8): Latent Semantic Indexing: Ranking
* H eTepwTNON @ TOU XPAOTN HOVTEAOTTOIEITAI WG £va PeUDO-
£yypa@o oTov apxIko Trivaka X
X
/
d, dy .. d, q )
kp wi wop e Wy Wi
Ky Wiy Wy o Wap W
ki wiy Wy o Wy Wa
N _J
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+ 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
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» What is the common and difference between PCA (Principle
Component Analysis) and SVD?

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

— PCA is on covariance matrix and SVD works on original matrix.

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring
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AidpBpwon AIGAEENC

PART (A) PART (B):EvaAAakTika povréAa
— Avdkrnon kai PiAtpdpioua
— Eioaywyn ora MovréAa AvrAnong — (1) ZuvoAoBswpnTikd povréAa
— Karnyopisg MovréAwv  Fuzzy Retrieval Model
— Exact vs Best Match » Extended Boolean Model
— Ta kAaooikd povréAa avakrnong _ (”) AAyeBled MovréAa

* To Boolean MovréAo

« Zraniotikd MovréAa - Bapuvon
Opwv

* To Aiavuouariké MovréAo

* To Méavokpariko MovréAo

« Latent Semantic Indexing
» Neural Netwok Model

PART (C):
— (i) M6avokparika MovréAa
» Bayesian Network Model
» Inference Network Model

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

Neural Network Model
(MovTéAo NeupwvikoUu AIKTUOU)

Neural Network Model

* KAaooikd povtéha All:
— 'Eyypaga Kal ETTEpWTAOEIS EUPETNPIAlovTal aTTd OPOUG
— H avaktnon Bagiletal oTo “Taipiacua” 6pwv

» Kivntpo:

— Eival yvwoT6 611 Ta Neupwvikd AikTua gival kahoi pattern matchers

(CS-463, Information

Yannis Tzitzikas, U. of Crete, Spring
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Human Brain is a Neural Network

Vrvgas'

* 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
VivERS

» 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 KaTEUBuUvONg
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* Neural Network for IR

* AiKTUO TPIWV ETTITTEOWV

* Ta ofuata diadidovtai (propagate) o _—
O.TO 6I’KTUO Terms t Terms

* 10 otddio diadoong:
— Query terms issue the first signals
— These signals propagate accross the
network to reach the document nodes
* 20 oTAdI0 d1GdoONG:

— 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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: MeTtddoon onuaTwyv

s

MéyioTtn Tiun ofpaTtog =1 (dpa KAvVouuE KaVOVIKOTTOINoN)

O1 6poI TNG TTEPWTNONG EKTTEUTTOUV TO APXIKO OAMA ico JE 1
KaBopIiopog Twv Bapwy OTIG AKUEG:

— query terms => terms

— terms => docs

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring
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Metadoon onuatwy (lI)

Query Document Documents
Terms Terms

v

Initial
activation

Q ABpoion onuAaTwWy.
level

Apa 1o activation

. level oTo dj (peTa
TGO 2

Tov 10 yUpO), givai:

|
—p —p !
. = Vi W, = Wij EIWMJWU
g — t Y t
Zwizq ZW’J The ranking of
i=1 =l the classic

Vector Space

Model !
Inueiwon: Ta apxikda wiqg kai wij 6TTwg oTo dIavuauaTIKG PoVTEAO (tf-idf)
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YE): MeTadoon onuatwv (1)
Qo o

Initial Aooion o
activation ! poion .np _va.

Apa 1o activation
level

level oTo dj (peTa

2
Z Wizq Z Wij

i=1 i=l

Tov 10 yUpo), givai:

* H avdkrtnon ptropei va BeATIWOEI av MTPEWYOUPE OTOUG KOUBOUG TwV
EYYPAPWYV VA EKTTENYOUV Crua
— (Aeimoupyia avaAoyn Tng avadpaong CUVAPEING)
— A minimum threshold should be enforced to avoid spurious signal generation

e

¢ Movtélo Neupwvikou AikTuou: ETriAoyog

s
&, W
LT

» Model provides an interesting formulation of the IR problem
» Model has not been tested extensively
* It is not clear the improvements that the model might provide
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