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ﬁ Hypertext Induced Topic Search (HITS)

. Emivonbnke and tov Jon Kleinberg to 1998
* Alopopéc Tmv dvo KOHpLov aryopibumv ranking:
* O PageRank civon query-independent
* O HITS eivon query-dependent

* O PageRank mopdyet évo pétpo “onuavitikdommrog mwov yopaktnpilet
KaOe 16TOGEAID

* O HITS napdyet dvo t€totovg aptOuoig
* To authority score & 10 hub score

O HITS avaivel tic oghidec mg authorities kot hubs

* Mo authority sivon pio 6eAida pe TOALOVG EIGEPYOUEVOVS
VITEPGVVOEGLLOVC

* 'Eva hub eivar pio oedida pe moArlove eEepyOUEVOVS VTEPGVVIEGLLOVC

O1 koléec authorities oeiyvoviar amo kola hubs, ko o kKola
hubs ociyvovv oe kaiéc authorities

Tu. HMMY, Tovemotiuo Oeccaiiog
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& Hypertext Induced Topic Search (HITS)

) O HITS evoopatnbnke oto £pyo e IBM “CLEVER”

* Amotéiece T Bdon yio T unyovi avoalntnong Teoma
(ayopaotnke amd tnv Ask Jeeves, topoa Ask.com

* Yuvendg, Kabe ceAdida 1 £xel éva authority score a; Kot
¢vo hub score h;

* Me e;; oupforiCovpe TV HTOPEN VIEPGVVOEGHOV OO TNV
IGTOGEAMON 1 GTNV ]

* YroO&tovue 0T apykd Exovue avabécel og KdOe 1oT0GEA O
éva authority score x; kot éva hub score y;

O HITS vroloyilel emovoaAnTTiKa TIC TOCOTNTEC:

kE _ (E—1) k (k)
T = E Y, Yy, = E T; k=0,1,2,...
jie;i e jrei; 8

Tu. HMMY, Tovemotiuo Oeccaiiog



¢ Hypertext Induced Topic Search (HITS)

&7 - Eoww o mivakog yerrviaong Ly; pe otoyegio ioa pe 1, edv
VTLAPYEL VTEPGVVOEGOG OO TNV 16TOGEAIDN, 1 6TV ], Kot ioa
ue 0, otnv AAAN epinTmon

* Ol TpoNYOVLUEVEC EMAVOANTTIKES ECIGMOCELS UTOPOVV VO,
Ypa@oLV ue T Pondeia mvikmv o¢ EENG:
xO=LTy&D o y®O=Lx®

O apykog aryoprOpog HITS
«  Apywomnoinon tov y9=e (ka1 GAlec emAoyéc apytkomoinong sivot whovEc)
M¢éypt va eméABel chyKAON:

° X(k):LTy(k— 1)
e ++k;

«  Kavovikoroinon tov x® kot y®

Tu. HMMY, Tovemotiuo Oeccaiiog
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Hypertext Induced Topic Search (HITS)

O1 Tponyovueveg E1IGMGELS UTOPOVV VO, ATAOTOINOOVV OTIC
EMOUEVEG:
x®O=T,TLx&1D 1ot y(k):LLTy(k)

Apa, opiCovv v enavoinmTikn power uEboodo yio tov
VITOAOYIGUO TOV KVpiopymv 181001avucpdtov Tov Tivikov LTL
ko LLT

Etvou mapdpoa mepintmon pe tov vroroyiopd tov PageRank,
AAG YPNGILOTOIEITON OLUPOPETIKOC TIVOKAC GUVTEAEGTMOV

O mivaxoc LTL Aéyeton mivakag authority, agpod kabopilel ta
authority scores

O mivakoc LLT Aéyetou mivakag hub, apod xabopilel ta hub
scores

Kot ot dvo wivakog sival ovppetpikoi, Oetikol kot semidefinite

Tu. HMMY, Tovemotiuo Oeccaiiog



Y Aomoinon tov HITS (1/5)

Root Set

Tu. HMMY, Iavemotmo Oscootiog



Y Aomoinon tov HITS (2/5)

Root Set
IN ouT

Tu. HMMY, Iavemotmo Oscootiog



Y Aomoinon tov HITS (3/5)
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Root Set
IN ouT

Tu. HMMY, Iavemotmo Oscootiog



Y Aomoinon tov HITS (4/5)

Tu. HMMY, Iavemotmo Oscootiog 10
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& Y)omoinon tov HITS (5/5)

To Root Set Bpioketon pe ™ fondeia pog punyovng
ava{nmonc ue keyword-search

To Base Set eivou 0 Neighborhood Graph

Evoouat@voviol Kot TEYVIKES GTULAGIOAOYIKNC GLYYEVELNG
oTNnV eMAOYN TV ceMdmV ov 0’ amaptilovv To Base Set

['o vo unv peyokooet og tepaotio péyebog to Base Set,
opilovue Evav péytoto aploud koupmv (ue
g16EPYOUEVOVC/EEEPYOUEVOVC) VTTEPGVVIEGLLOVE YOl TOV KOOE

kouPo tov Root Set tovg omoilovg evompatmvooue oto Base
Set

Aev ypeldleTal vo LTOAOYICOVUE TO KLPLOPYO 101001AVLGLO KOt
yio, Tov wivoko LTL oaAdd kot yia tov LLT, aAAlé povo yo tov
Evol Tivoka, oo woydet: y=Lx

11
Tu. HMMY, Tovemotiuo Oeccaiiog
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Yvykhon tov HITS (1/6)

O enavolnmtikoc adyoplOpog yio tov vroroyiopd tov HITS eivan
cvvBwe n power uébodoc tove otove wivokee LTL kot LLT

['a évav daymviomomotpo mivako B pe otokpitéc 1010Tiuée
M ohgs el Omov [ | > [y = [Ag] = ... > [ A | n power

1EB000C LTOAOYICEL EMAVUANTTIKA TO EENC:
(k)

<} — Bx(k—1) xF) e =%
m(x(*))

omov m(x®) givon “otabdepd” kovovikomoinong Tapayouevn amod
70 xK)
Yvvnowg, ival 1 (TPOCTUACUEVT) GLUVICTOGO LE TO UEYIOTO
uéyeboc. Xnv mepintwon avtn, To m(x¥) cuykiivel otnv
kupiapyn wWotun A, kot o X&) 610 avtiotoryo kavovikomomuévo
101001AVLUG Lo

12
Tu. HMMY, Tovemotiuo Oeccaiiog
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Yvykhon tov HITS (2/6)

Edqv amotteitor povo o 1010014vuca, Ko Oyl Kol 1) avTicTolyn
10Ty, ToTe 1 “‘otofepd” KOVOVIKOTOINGNC UTOPEL VoL Elvor M
m(x®) =| [x®] |

Edv A, <0, t6te n m(x®) =| | x® | | dev punopei va cvykiivel
otV Ay, 0AAG 1 X cuyKdivel 670 1810814VUGHO. TTOV AVTIGTOUYET
TNV Ay

Eneidn o1 wivaxec LTL kon LLT givan cupperpikoi, Oetikol,
semidefinite kot pun-opvntikoi, ot S10KPITEC TOVE 1O10TIUEC

A, ho,. ., A} €lvon Tpaypatikol aplBpol Kot pun-oapvntikot, Kot
IOYVELOTL HE Ay > Ay > Ag > ... > A >0

'Etot, o HITS pe kavovikomoinon mdvta ocuykiivet

O pvBuOC cVYKALONG otveTan ad TOV pLOUO LE TOV 0TTOL0 1GYVEL
ot [A,(LTL)/A (LTL)]* — 0

Tu. HMMY, Tovemotiuo Oeccaiiog
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% Yvykhon tov HITS (3/6)

* AVGTLY®C, OEV UTOPOVUE VO OMCOVE IKOVOTONTIKT] TPOGEYYIoN
Y10, TOV OGVUTTOTIKO puOud ovykionc tov HITS

* IToALG mepduota deiyvouv OTL 1 O10LPOPA TOV TPAOTMV 1OI0TIUOV
(A-Ao) €lvon apKeTE PEYAAT], KOL CUVETAMS ATOLTOVVTOL LOVO
uepikéc emavoinyels (10-15) yio vo cuykAivet

* IHopd v tayeio GOYKAIGT OU®C, LITAPYEL TPOPANLA LE TN

HovadtkoTnTo, TV dtavucudtov authority kot hub mov

TPOKVTTOVV MC AVo™ Le TNy power pébodo, m.y., yio tov L

0O 0O 0O 0O 2 0 0 0O
1 0 0 O v |0 1 1 0
L=11 0 0 o LPL=10 1 1 0
0 1 1 0 0 0 0 O

14
Tu. HMMY, Tovemotiuo Oeccaiiog
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% YvykAiton tov HITS (4/6)

E? ‘Exel ovo otakpitég wootipnég, tig 2 xar 0, or omoieg €xovv
ToAAOTTAOT T 2

* Edv Eextvioovpe pe to xO© =% eT katolqyovpe oo didvocua
authority x® = (1/3 1/3 1/3 0)?

* Edv Eexivnioovpe pe to x© = (1/4 1/8 1/8 1/2 kataiiyovue
oto didvvopo authority x* = (1/2 1/4 1/4 0)T

* Autio Tov TpoPfAnpatoc povadikdtntac eivon 1 reducibility
* Oa Aéue 6Tt évag wivakac B sivon reducible edv vadpyetl mivakog
uetdbeonc Q téroroc wote (o1 X kot Zi €lvoil TETPOYOVIKOL):

X Y
awna- (3 })

15
Tu. HMMY, Tovemotiuo Oeccaiiog
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ﬁ Zuykhon tov HITS (5/6)
L=

H reducibility evég wivaxa onpaivel 6Tt vdpyovv
Katootaoelg “katofobpec’, evd 1 irreducibility onpaivetl 6t
oo OTOONTTOTE KATAGTAGT] UTOP® VO LETOPM® GE OTOLUONTOTE
AL KOTAGTOON

* To Bsmpnuo Perron-Frobenious gyyvdtot 61t évac
1rreducible, un-apvntikdg mivakog £yet Evo Lovadiko,
KOVOVIKOTTOIMUEVO OETIKO KLVPToPYO 101001AVLGLLA, TO AEYOLEVO
oiavoouo, Perron

« Yvvendg, n reducibility tov LTL eivatr vrehbvvn yio m
GUYKAMON GE TEPLOGOTEPO, TOV EVOS OLLVOGUOATO-AVGELG

* To 1310 TPOPANUO CAVTILETOTIGE KO O TIVOKOC S GTO
PageRank, aALd pe pio petortpomn Tov Tivoko o€
1rreducible emibOnke

* To 1610 umopel va yiver kan pe tov HITS

Tu. HMMY, Tovemotiuo Oeccaiiog
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Yvykhon tov HITS (6/6)

Avrti yio Tov apyiko wivaka authority, ypnowomrolodue tov
nivoka ELTL + (1-&)/n eeT

Oupoto yio Tov wivaka hub
Avtoc o tportomomuévog HITS, Aéyetar Exponential HITS

Télog, aveChptnta amd T0 €AV 1 Kupiapyn 1O10TIUN TOL TiVaKa
emavainyng B eivan oA 1§ ToAdlamAn, 1 cVYKMoN o€ Eva un-
LUNOEVIKO OLAVUGLO ECOPTATOL OTTO EAV TO OPYLKO OLAVLUGLLOL
x(0 dev Bpicketon otnv gpPéreta tov (B-A 1)

Eav to x© mapdyeton tuyaia, tote pe (oxedov) BePardtnra
ogv Ba vepiotatol To TPOPANUA

1
Tu. HMMY, Tovemotiuo Oeccaiiog 7
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L Topaderypa epappoyic tov HITS (1/4)

* 'Eoctw 011, 6 andvinon evOc EpOTNUATOC GE UL TAPOOOGLOKT)
keyword-based pnyovn avalntmonc, exietpEpovtot ot
1GTOGEMOEC TOV AVTIGTOLYOVV 6TOVC KOuPBovg 1 kot 6

() ¢

Tu. HMMY, Tovemotiuo Oeccaiiog
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f [apdoeryua epapuroync tov HITS (2/4)

(100000\ /201011\
00 00O 0D 01 00 0 O
00 2 1 10 1 01 0 0 1
Tt _ T
L L=15 011 0 o0 LL" =100 0 0 0 0
001 0 3 0 1 000 2 0O
\o o 0 00 0 \1 0100 1

* Ta kovovikomomuéva Kopia 1010dtovdcuata pe to, authority
kot hub scores sivau:

x'=(0 0 0.3660 0.1340 0.5 0)
y'=(0.3660 0 0.2113 0 0.2113 0.2113)

19
Tu. HMMY, Tovemotiuo Oeccaiiog
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©  Tapdderypa epapuoyfc tov HITS (3/4)
= * Mmnopet va coufodv 0vo TOTOV 1GOTAAEC
* 21ic iuég 0
* Mnopet va amo@evybovv e v primitivity tpomomoinon
* 2T1c OeTiég TIuéC
* aLTEC elvarl omdvieg 6€ LEYAAOVE BETIKA-0PIGUEVOVS TTIVAKES
* umopovv va extlvbovv ue FCES

* Authority ranking=(® 3 5 1 2 10)

 Hubranking=(1 3 6 10 2 5)

* T'to AOyovg clhykpiong, vtoAoyiCovue Cova T OLOVUGLLOTOL
authority kot hub, aAAd ypnoipomoiwvtag tov irreducible
nivoxo ELTL + (1-&)/n ee! wg nivaka authority ot tov
irreducible wivaka ELLT + (1-&)/n ee! wo¢ nivaxa hub

2
Tu. HMMY, Tovemotiuo Oeccaiiog 0
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% [opaderypa epapuoyng tov HITS (4/4)

* T £=0.95, &yovue

xT=(0.0032 0.0023 0.3634 0.1351 0.4936 0.0023)
y'=(0.3628 0.0032 0.2106 0.0023 0.2106 0.2106)

* 270 TapPAdEYL 0LTO, 1 LETOTPOTH TOVG o€ 1rreducible

mivokec dev dAloée To ranking, ovte T0 authority ovte 10
hub ranking

* Ouwg, anepuye t1¢ 16omaiieg oto 0

Tu. HMMY, Tovemotiuo Oeccaiiog
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[TAeovektuorto/Metovektnuato tov HITS

[Tapovcidlel 0vo AlGTEC GTO ¥PNOTN
« Authoritative oglideg, yio g1 fabog ovalnmon ce KOTo10 aVTIKEILEVO
* Hub ocelideg, oni., portal celidec, yio avalntnomn o€ €0pog
* Avvel éva uikpo TpoPAnua, ce HEYEHOC TIVAK®OV
* Eivon query-dependent
* Xg run-time, oni., yio KaBe epOTNU TOV YPNOTY, YTico Tov Base
Set, kol epecn eVOC 1010010VOGLATOC
* Mmnopei va yivel query-independent, onA., va EKTEAECTEL TAV®
oe 6Lo to ypapnuo tov Web

* Eivon modd emppenng oe spamming
* Me npocOnKn cuvdEGU®V OmO/TPOG TNV IGTOGEAION LG
* dvoikd, ivar evkoAdTEPO VoL awEncove To hub score ¢ 16T0GEAIdOC
nog, aAld €€ autiog TG aAANAEEAPTNONG TOVE umopet va avéndel kot to
authority score wg amotéleoua g avénong tov hub score

Tu. HMMY, Tovemotiuo Oeccaiiog
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% [TAeovektnuata/Melovektyuoto tov HITS

= [Tapovcidlet To parvouevo topic drift

* Katd 1o ytiowo tov Base Set, sival wbovo ot pio woAd
authoritative celioon, AL EKTOC AVTIKEILEVOL TNG
avalnitnong, va eueaviotel oto Base Set emeidn £yet
cOVOEGO amo/mpog kamolo oeAida Tov Root Set

* Avt 1 GeAMOO UmopeEl va £xEL TOGO PAPOS, MGTE QLTI Kot OAEC
o1 “yYeItovikEC ™G va ep@avifovtol oTny Kopuen e MoTog
TOV OTOTEAEGUATOV, LE CUVETEIN 1] MOTO TOV ATOTEAEGUATOV
va Kuplopynoel amd ceAlOEC EKTOC TOV CNTOVUEVOL
QVTIKELLEVOL

* To mpoPAnua umopei va avtipetomiotel v “Cuyicovue” to
hub ka1 authority scores tov ceAidwv pe fdon ™
GYETIKOTNTA TNC KAOE GEALONG MG TPOC TO AVTIKEIUEVO TNG
avalntmong, onA., avti yio tov dvadikd mivoko L, vo éyovpue

KTl avéroyo pe tov mivaka tov intelligent surfer

2
Tu. HMMY, Tovemotiuo Oeccaiiog 3



Yxéon tov HITS pe m Bifouetpia (1/2)

Co-citation: Avo ceAidec déyovton
VLEPGVUVOEGLO OO TNV 1010, GEALON

O mivokag authority LTL oyetiCetan
le v £€vvolo, Tov co-citation
Ranking pe Bdon 1o inlink moapéyet
a&lompenn wpocéyyion tov HITS
authority

Co-reference: Avo celideg £yovv
VITEPGVVOEGLLO TTPOC TNV 10100 GEAIOQ

O mivaxoc hub LLT oyetiCeton pe v
gvvola Tov co-reference

Ranking pe Bdon 1o outlink mapéyet
a&lompenn npocéyyion tov HITS hub

Tu. HMMY, Tovemotiuo Oeccaiiog
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| . Xyéon tov HITS pe  Bifhopetpio (2/2)

. 1 01 0
e [ 2 01 1 0 LT, — 0 3 1 1 _D. +C.,
1 0 1 0 11 2 0
L= 01 0 1 0 1 0 1
4 0O 1 0 O 2 1 1 1
g r |1 2 0 0]
LL" = 10 2 11~ Dout+ Cref
1 0 1 1

- D, : dwydviog Tivakag pe to indegree tov kopPov kot C,;, o mivakog co-
citation
* To otoyeio (3,3) deiyvel 6T1 0 kOUPog 3 £xet indegree 2
* To otoyeio (4,3) deiyvel 0TL o1 kOuPot 4 ko 3 dev £yovv kKoo inlink

* D, Swydviog mivakog pe to outdegree tov kopPov kot C, ¢ 0 wivakog co-

reference
To otoryeio (1,2) deiyver 6t1 o1t kOuPor 1 ko 2 Exovv 1 KOO GVVIEGHO (TPOC TOV
Koupo 3)
To otowyeio (4,2) deiyver 6tL o1 KOUPOL 4 Kot 2 dev £x0VV KOO GVVOEGLO TPOG
Kamwolo kopuPo

Tu. HMMY, Tovemotiuo Oeccaiiog
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Query-independent HIT'S (1/4)

o YvykAivel ota povadikd Oetikd stvdouoto hub kot authority,
aveEdptnta and t reducibility tov mivako

O L eivan o wwivaxac yerrviaone 6Aov tov Web ypagpnuortoc

Tu. HMMY, Iavemotmo Oscootiog 26
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Query-independent HIT'S (2/4)

Mé£0oo0g IHoALomAacraopol IIpocOioerg
HITS 0 2nnz(L)
Modified HITS 0 4nnz(L) + 2n
Random surfer PageRank n nnz(L) + n
Intelligent surfer PageRank nnz(H) nnz(H) + n

OEQPHMA. Eoctom 011 M = glvat 0 TpOTOTOINUEVOS TIVOKOG
authority. 'Eoto 0tt Ay > A, > ... > A, &€ivor o1 1010TIHES TOV
LTL ko y, >y, > .... > v, gival ot dotipég tov M. Torte
IGYVEL 1] GYEOT:

YL =0 =V, 2> 0Ay, > ... = = Y, =0
Ynapyovv scalars B; > 0, 2B =1, dote v, =EA; +(1-&)B;

Tu. HMMY, Tovemotiuo Oeccaiiog
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ﬁ Query-independent HITS (3/4)

E? Ta 6pra v,/v, mapdyovion e€etdlovtag akpaio GLUTEPLPOPA

o XMV KaAVTEPN TTEPimTOON, M TpoTomoinon tov LTL avédvel novo
10 A, o€ péytotn Ty A,+1-§ (onA., B,=1, B;=0, i#2)

e 21N XEPOTEPN TEPITTMOON, TO A AVEAVEL GE PLEYIOTN TIUN A +1-E
(onA., B=1, B=0, i#1)

o XV paén, moALA B; av&avouv Tavtodypova, aAAd 1 oxéon 2PB;
=1 eyyvdtal 0TL TO AMOTEAEGLUOL OEV £YEL OPULOTIKEC ETUMTTOCELS,
OTMC GTIC OLO OKPOIES TEPITTMOGELS

Mé0ooog 20YKMo
HITS Aol
Modified HITS (EXDI(ENF1-E) < voly; < Aofhy S (1-E)/(EN,)
Random surfer PageRank o
Intelligent surfer PageRank o

2
Tu. HMMY, Tovemotiuo Oeccaiiog 8
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Query-independent HIT'S (4/4)

Aveldptnra and TG akplBelc TéS Tov P, To & emAEyeTon
cLVNO®G KOVTA 610 1, OTOTE Vol Y, = Aol

'Eto1 0 acvuntotikog puduoc cvykione tov HITS ko

tov tportomomuévov HITS eivai o 1610¢

[epapata Exovv ogi&et 011 Ay/A; < 0.5, T0 omoio ivan
oAV pkpotepo tov 0=0.85 tov PageRank

Me mepinmov OmAAG10 KOGTOG OV ETOVAANYT, O query-
independent-HITS anottel Arydtepo omd 4 tov
emavolnyemv tov PageRank kot mopdyet 2 stovdoopato

GTO YPNOTN

2
Tu. HMMY, Tovemotiuo Oeccaiiog )



Emitdyvvon tov HITS

O Kleinberg ypnoiponoince tyv power puébodo yio tov

VITOAOYIGUO TV KUPLOPY®V 0EELOV 1010010VUGULATWOV TMOV
mvakov LTL xouw LLT

O wivakeg tov HITS elvor moAd pikpoi oe oy€on pe toug
avtiotoryovg Tov PageRank, kot katd ndoo mboavotnta,
YPTNCLOTOLOVVTOL TEYVIKES TTOL £lvVOl memory-intensive yio
ToV VToAoyioud TV dvo mvakwv tov HITS, n.y., Lanczos

['a tov query-dependent HITS dev vdpyet Epgvva oyetikn
ne nebdoovg emTAYLVONC

['a tov query-independent HITS pmopodv va
YPNGLULOTOINBOVV 01 101EC TEYVIKEC TOV £YOVUE GLLNTNGCEL YN
tov PageRank

Tu. HMMY, Tovemotiuo Oeccaiiog 30
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EvaicOncia tov HITS

- OEQPHMA. Ecto E o mivoxog dtatapayic, dote LTL =
LTL + E. Otav n A, givol ankn, 101€

sin Z(x,x) < | |E||,/(0-Ay)

* ZVVETMC, €AV TO YAGLO 1010010VUGUAT®V Elval ueydAo, TOTE O
mivokog authority dev eivaun evaicOntog oe pikpég aAlayéc
oto Web ypdonua

Tu. HMMY, Tovemotiuo Oeccaiiog

31



H pnéboooc SALSA

Stochastic Approach for Link
Structure Analysis

32
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% Opowdtnreg SALSA pe HITS ko PageRank
2

* EmwvonOnke omd tovg Ronny Lempel kot Shlomo
Moran to 2000

o Yvvovoouoc HITS kar PageRank
* O SALSA ypnowomnotiei authority ko hub score

* O SALSA dnuiovpyei éva neighborhood graph
xpnotponowwvtag authority kot hub 1otocehioes
KO VITEPGVVOEGLLOVG

Tu. HMMY, Tovemotiuo Oeccaiiog 33



Aropopéc SALSA pe HITS kot PageRank

H pébodoc SALSA onpovpyel €va diuepec
vpapnuo (bipartite graph) tov cehidwv
authority kot hub oto neighborhood ypaenuo

To éva cvvoro mepiéyel Tic hub ocelideg
To dAlo cvvolo mepiEyel Tic authority cerideg

Mio GeAOO UTOPEL VoL TEPLEXETON KOl GTOL OVO
GUVOAQ

4
Tu. HMMY, Tovemotiuo Oeccaiiog 3



Neighborhood Graph N

(001010\
1 00 0O O O
_|0 00010

e ~]lo 00O OO O
001 10 0
\000010}

Tu. HMMY, Ioavemomio Oscootiog 35



Awuepéc ypaenuo G tov Neighborhood
Graph N

Vi = "[11 2,3, 6, lﬂ]":- hub 3 authonty
V, = {1,3,5,6}. side side
3
3
6
3]

10

Tu. HMMY, Iavemotmo Oscootiog 36



& Markov alvoideg

E- Amo 1o owepEg ypaonua G oynuoatiCoviot 0o TIVOKEG

e Mio hub Markov chain ue wivaxa H
e Mo authority Markov chain pe wivaxka A

o O mivakec H kot A pmopet va mapayOodv amd tov
mivoko yerrvioong (adjacency matrix) L mov €yovpue
o€l otov vmoroyiond tov HITS kot tov PageRank

O HITS ypnowomnoiei tov unweighted matrix L

O PageRank ypnowomnoiei tq row-weighted éxdoon
tov mivoka L

* SALSA ypnoiponoiel row kot column weighting

Tu. HMMY, Tovemotiuo Oeccaiiog
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% 1o vroroyiCovrat ot H xon A;

* 'Eoto ot L, elvar o L pe xdBe pm-pmoevun
VPO TOL VO Otoupeiton Ue To ABpoIGUd TNG

* 'Eoto ot L, eivar o L pe kéBe pn-pundevikn
GTNAT TOL VO OLOUPELTOL LUE TO ABPOIGUA TNG
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% Ot wivaxkec H ko A

. =4
e O mivaxac H, SALSA hub matrix, aroteieiton

oo TIC Un-undevikég ypopupés kot otiieg tov L LT

e O mivaxac A, SALSA authority matrix,
ATOTEAEITON QO TIC UN-UNOEVIKES YPOLLUES KO
otieg tov mivaka L, 7L,
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p1OuUNTIKOC VToAoyouos: Power nugfoodog
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H power ueboooc
* Xy = AXy

* Xy = XA

e YVYKAIVEL GTO KLPLOPYO 101001AVUGLQL
(dominant eigenvector), onA., ¢’ avTO TOV
avTIOTOlYEL oTNV Kupiopyn wiotun (A = 1).
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% H power nugbooog
L =

o O mivakec H xon A wpémet va givan irreducible, wote va
cvykAvel 1 power nueBooog o€ Eva unique eigenvector,
EEKIVOVTOC OO KATOL0L OLpYLKT) TIUN

* Edv to neighborhood ypapnuo G eivor cuvoedeuévo
(connected), tote 0 H ko 0 A givon irreducible

* Edav 10 G dev givan cuvoedeu€vo, TOTE 1 EKTELEGT TG POWer
uefooov otov H kar A dev Oa éxel g amotédecua
GUYKMON GE £Va, LOVOOIKO KLPLapyo 1010010AVUG LA

4
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f 210 wapaoeypo o G 0gv ival GLVOEOEUEVO

e Eilvol Tpoeaveg 0Tl TO I
YPAPM O OEV ETVOL
GUVOEOEUEVO, QPO M
ceAida 2 610 cvvoro hub
GUVOEETAL LOVO LLE TN
ceAoa 1 oto cVuVOLO
authority, kot avtictpopa

k-2

hub
side

e Ot H xot A eivar reducible
KOl ETOUEVOC TEPLEYOLV 6
multiple 1irreducible
connected components
10)
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ﬁ - Connected Components
L =

e O mivaxoc H mepiéyel dvo connected
components, C=1{2} xau D=1{1, 3, 6, 10}

e O mivakoc A wepiEyel ovo connected
components, E={1} xoau F =1{3, 5, 6}
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Cutting xou Pasting. Mépog 1
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ﬁ? Cutting ka1 Pasting. Mépog 11

e Ev@vouue TIg 000 GLVIGTMOGES Y10, KAOE TivaKa

e IlIpénel va morhamlaciacovue KAOE GTOLYELO TOVL OLAVOGUATOC LE
T0 KaTdAANA0 welght
1 2 3 6 10
— f% 1 1.1 % L
- 3 i

r ==
H 1 3 fi 10)

2]
= [.2667 .2 .1333 2667 .1333).

1 3 o £
= (31§30 3% 8 h
A 1 o i
— (.25 .25 125 .375)
SALSA hub ranking: 1/6 2 3/10
HITS hub ranking: 1 3/6/10 2 5
SALSA authority ranking: 6 1/3 5
HITS hub ranking: 6 3 5 1 2/10

49
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[TAgovexktuoto/MEOVEKTALOTO TOV

o Agv guopovilel o aivouegvo topic drift, ommg o

HITS

o TTapéyer authority ko hub scores

o Xeipileton To spamming KaAOTEPO ATO OTL O
HITS, aAld oyt 1660 koAd 660 0 PageRank

 Eivon query-dependent

50
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Introduction

* Page importance, which represents the ‘value’ of
an individual page on the web, 1s a key factor for
web search, because for contemporary search
engines, the crawling, indexing, and ranking are
usually guided by this measure

* Currently, page importance is calculated by using
the link graph of the web and such a process 1s
called link analysis

* Well known link analysis algorithms include HITS
and PageRank

Tu. HMMY, Tovemotiuo Oeccaiiog
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Google’s PageRank

- PageRank employs a discrete-time Markov process
on the web link graph to compute page
1mportance, which in fact simulates a random
walk along the hyperlinks on the web of a web
surfer

* PageRank limitations

* The link graph, which PageRank relies on, is not a very
reliable data source, because hyperlinks on the web can
be easily added or deleted by web content creators

- PageRank only models a random walk on the link graph,
but does not take into consideration the lengths of time
which the web surfer spends on the web pages during the
random walk

Tu. HMMY, Tovemotiuo Oeccaiiog
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User Browsing Graph

User Behavior Data User Browsing Graph

------ URLs,
URLs, |Users
------ URL:z,

URLg, |-+ *= User;
URL,, |UEL4, Time,, Input

URL4, Time,, Click
URLg, Timeg, Click

URLz, Timeg, Input

« (Can find a better data source than the link graph?

- Utilize the user browsing graph, generated from user
behavior data

- User behavior data can be recorded by Internet browsers at
web clients and collected at a web server

Tu. HMMY, Tovemotiuo Oeccaiiog o4
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Continuous-time Markov chain

What kind of algorithm we should use to leverage the new
data source?

The use of a discrete-time Markov process would not be sufficient
Define a continuous-time Markov process as the model on the
user browsing graph

Assume the process to be time-homogenous

The stationary probability distribution of the process can be used
to define the importance of web pages

Employ BrowseRank, to efficiently compute the stationary
probability distribution of the continuous-time Markov process

Make use of an additive noise model to represent the observations
with regard to the Markov process and to conduct an unbiased and
consistent estimation of the parameters in the process

Adopt an embedded Markov chain based technology to speed up the
calculation of the stationary distribution.

Tu. HMMY, Tovemotiuo Oeccaiiog
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User Behavior Data

URL TIME TYPE
http://aaa.bbb.com/ 2007-04-12, 21:33:05 INPUT
http://aaa.bbb.com/1.htm 2007-04-12, 21:34:11 CLICK
http://cce.ddd.org/index.htm  2007-04-12, 21:34:52 CLICK
http://eee.fif.edu/ 2007-04-12, 21:39:03 INPUT

* The user behavior data can be recorded and represented
1n triples consisting of <URL, TIME, TYPE>

- From the data extract transitions of users from page to
page and the time spent by users on the pages as
follows:

* Session segmentation (break by: time rule & type rule)
- URL pair construction

* Reset probability estimation

« Staying time extraction

Tu. HMMY, Tovemotiuo Oeccaiiog
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¢ Staying time extraction

= * For each URL pair, we use the difference between the
time of the second page and that of the first page as
the observed staying time on the first page

« For the last page in a session, we use the following
heuristics to decide 1ts observed staying time

- If the session is segmented by the time rule, we

random ly ('?) sample a time from the distribution of

observed staying time of pages in all the records and take it as
the observed staying time

 If the session 1s segmented by the type rule, we use the
difference between the time of the last page in the session and
that of the first page of the next session INPUT page) as the
staying time

Tu. HMMY, Tovemotiuo Oeccaiiog
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Building a user browsing graph

- Each vertex in the graph represents a URL in the
user behavior data, associated with
* reset probability, and
- staying time as metadata

« Each directed edge represents the transition
between two vertices, associated with the number
of transitions as its weight

* In other words, the user browsing graph is a
welghted graph with vertices containing metadata
and edges containing weights

Tu. HMMY, Tovemotiuo Oeccaiiog
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& Assumptions
2

* Independence of users and sessions

* The browsing processes of different users in different sessions
are independent. In other words, we treat web browsing as a
stochastic process, with the data observed in each session by a
user as an [.I.D. sample of this process

* Markov property

- The page that a user will visit next only depends on the
current page, and is independent of the pages she visited
previously

* This assumption 1s also a basic assumption in PageRank
* Time-homogeneity

* The browsing behaviors of users (e.g. transitions and staying
time) do not depend on time points. Although this assumption
1s not necessarily true in practice, it 1s mainly for technical
convenience

- This assumption 1s also a basic assumption in PageRank

Tu. HMMY, Tovemotiuo Oeccaiiog
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ﬁ Continuous-time Markov Model

v Suppose there 1s a web surfer walking through all the webpages

We use X, to denote the page which the surfer is visiting at time s, s>0

Then, with the aforementioned three assumptions, the process X = {X_,
s > 0} forms a continuous-time time-homogenous Markov process

Let p;;(t) denotes the transition probability from page 1 to page j for
time interval t in this process (also referred to as time increment in
statistics)

One can prove that there is a stationary probability distribution =,
which 1s unique and independent of t, associated with P(t) = [p;(t)]xxn»
such that for any t > 0

n = nP(t)
The 1** entry of the distribution n stands for the ratio of the time the

surfer spends on the i1th page over the time she spends on all the pages
when time interval t goes to infinity

In this regard, this distribution n can be a measure of page importance

Tu. HMMY, Tovemotiuo Oeccaiiog
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In order to compute this stationary probability
distribution, we need to estimate the probability in
every entry of the matrix P(t)

In practice, this matrix is usually difficult to obtain,
because it 1s hard to get the information for all possible
time intervals

To tackle this problem, a novel algorithm 1s proposed
which 1s based on the transition rate matrix

The transition rate matrix is defined as the derivative
of P(t) when t goes to O, if it exists

Q=FP(0)

We call the matrix Q = (q;;)xxn the @-matrix

61
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¥ The Q-matrix

L =4 When the state space 1s finite, then there 1s a one-to-one

correspondence between the Q-matrix and P(t), and —-INF<
q; < tINF and SUM; q;; =0

* Due to this correspondence, one also uses Q-Process to
represent the original continuous-time Markov process,
that 1s, the browsing process X = {X_, s > 0} defined before
1s a Q-Process because of the finite state space

- Advantages of using the Q-matrix

* The parameters in the Q-matrix can be effectively estimated from
the data

- Based on the Q-matrix, there is an efficient way of computing the
stationary probability distribution of P(t)
* The so-called EMC 1s a discrete-time Markov process
featured by a transition probability matrix with zero
values 1n all its diagonal positions and -q;;/q; 1n the off-

diagonal positions
Tpw. HMMY, IToavermiompio Oeccariog 62
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The Theorem

Tueorem 1. Suppose X is a Q-process, and Y is the Embedded
Markov Chain derived from its Q-matrix. Let m = (my....,y) and
= (7., 7t ) denote the stationary probability distributions of
the process X and Y, then we have

Ty

qii

;= (2)

=

N &
Zj=] E

- Note that the process Y 1s a discrete-time Markov chain,
so 1ts stationary probability distribution n~ can be
calculated by many simple and efficient methods such
as the power method

- Next we will explain how to estimate the parameters in
the Q-matrix, or equivalently parameter q;; and the
transition probabilities -q;/q;; (-q;/q; > 0, since q; < 0)

Tu. HMMY, Tovemotiuo Oeccaiiog
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KEstimation of q;

For a Q-Process, the staying time T, on the i1*" vertex is
governed by an exponential distribution parameterized
by q;;:

P(T1>t) = exp(q; t)
This implies that we can estimate q;; from large numbers

of observations on the staying time in the user behavior
data

This task 1s non-trivial because the observations in the
user behavior data usually contain noise due to Internet
connection speed, page size, page structure, and other
factors, 1.e., the observed values do not completely satisfy
the exponential distribution

We suppose that Z is the combination of real staying time
T, and noise U, 1.e.,
Z=U+T.

4
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Estimation of Transition Probability in EMC

Transition probabilities in the EMC describe the ‘pure’
transitions of the surfer on the user browsing graph

Estimation of them can be based on the observed
transitions between pages in the user behavior data

It can also be related to the green traffic in the data

We use the following method to integrate these two kinds
of information for the estimation

Tu. HMMY, Tovemotiuo Oeccaiiog 65



Estimation of Transition Probability in EMC

We start with the user browsing graph G =< V,W, T, >. We
then add a pseudo-vertex (the (N + 1)" vertex ) to G, and add two
types of edges: the edges from the last page in each session to the
pseudo-vertex, associated with the click number of the last page as
its weight; and the edges from the pseudo-vertex to the first page
in each session, associated with the reset probability. We denote
the new graph as G =< V,W,T,6 >, where [V]| = N+ 1, & =<
01, ....0x,0 > Then we explain the EMC model as the random
walk on this new graph G. Based on the law of large number [19],
the transition probabilities in the EMC are estimated as below,

Lip—1 Wik ( bl )

g e wi—+(l-a)o;, i€V, jeV
i=N+1,jeV

i T
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Estimation of Transition Probability in EMC

* The intuitive explanation of the above transition is as
follows:

When the surfer walks on the user browsing graph, she may go
ahead along the edges with the probability a, or choose to
restart from a new page with the probability (1- o)

The selection of the new page 1s determined by the reset
probability

One advantage of using (8) for estimation 1s that the estimation
will not be biased by the limited number of observed
transitions.

The other advantage is that the corresponding EMC is
primitive, and thus has a unique stationary distribution

Therefore, we can use the power method to calculate this
stationary distribution in an efficient manner.

67
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The BrowseRank algorithm

Input: the user behavior data.

Output: the page importance score «

Algorithm:

I. Construct the user browsing graph (see Section 3.1).

2. Estimate g;; for all pages(see Section 3.3.2).

3. Estimate the transition probability matrix of the EMC
and then get its stationary probability distribution by
means of power method (see Section 3.3.3).

4. Compute the stationary probability distribution of the
Q-process by using of equation (2).

Tp. HMMY, Iovemotmo Oeccoriog
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Top-20 Websites by 3 algorithms

No. PageRank TrustRank BrowseRank
1 adobe.com adobe.com myspace.com
2 passport.com yahoo.com msn.com
3 msn.com google.com yahoo.com
4 microsoft.com msn.com youtube.com
5 yahoo.com microsoft.com live.com
6 google.com passport.net Jacebook.com
7 mapquest.com ufindus.com google.com
8 | miibeian.gov.cn  sourceforge.net ebay.com
9 w3.org myspace.com hi5S.com
10 godaddy.com wikipedia.org bebo.com
11 | statcounter.com phpbb.com orkut.com
12 apple.com yahoo.co.jp aol.com
13 live.com ebay.com friendster.com
14 xbox.com nifty.com craigslist.org
15 passport.com mapquest.com google.co.th
16 | sourceforge.net  catepress.com microsoft.com
17 amazon.com apple.com comcast.net
18 paypal.com infoseek.co.jp wikipedia.org
19 aol.com miibeian.gov.cn pogo.com
20 blogger.com youtube.com photobucket.com
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Results 1
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Figure 3: Search performance in terms of MAT for BrowseR-
ank and PageRank
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Figure 4: Search performance in terms of I'@3 for BrowseR-
ank and PageRank
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Figure 7: Search performance in terms of NDCG@35 for
BrowseRank and PageRank
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Figure 8: Search performance in terms of MAT for BrowseR-
ank and two simple algorithms
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Results 2
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Figure 5: Search performance in terms of P@35 for BrowseR-
ank and PageRank
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Figure 6: Search performance in terms of NDCG@3 for
BrowseRank and PageRank
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Figure 9: Search performance in terms of @35 for BrowseR-
ank and two simple algorithms
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Figure 10: Search performance in terms of NDCG@35 for
BrowseRank and two simple algorithms
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Spam: Agv givon povo yio ol
inboxes
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ﬁ Link Spam Farms
* Spamming: [Toporiavnon tov unyovov avalitnong yo

va amoktnOel vynAdtepn didtaln (ranking) yio kamoleg
oeMOeC (N 10TOTOTOVC) O’ AT TOL TPAYUATIKA aEilovv.

Teyvikeg

/\

Spamming Hiding

/ NN

Term Content hiding| | Cloaking| | Redirection
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