Introduction to

Information Retrieval

MAE70: Avaktnon NMAnpodoplioc
Albaokouvoa: Evayyeldia Mitoupa

AlaAeén 9: AvaAuon Zuvoeouwy.



Introduction to Information Retrieval Kedp 21

Tt Ba dovpe onuepa

Nwc dtadpepel n avaktnon nAnpodopilac amo 1o
web amo tnv avaktnon nAnpodopilac amo moLo
«Topad00LOKEC OUANOYEC KELUEVOU;
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Tt Ba dovpe onuepa

=  Web: Alyn otopia kat o web ypadoc
" Ynuooia tng aykupac (anchor text)
=  AvaAuon cuvOECUWV
= PageRank
= HITS (KopBikec oeAidec ko oeAldeC
KUpouc)
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Web: Tl elvait

Web (World Wide Web, WWW, W3) uio. cguA\oyn amo
web oeAidec (LotooeAideg) mou eival eyypada KELLEVOU
Kot AAAeC mnyeC ouvdedepeva pe hyperlinks kot URLs
Mua epappoyrn mou TPEXEL TTAVW aro to Internet

" 63 SloekaToppUpLA LOTOOEALDEC
" 1 tploekatoppUplo dtadopetikec web dlevBUVoELC
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Web: n doun tou

Web servers Browsers
O http://'www.qgoogle.comisearch?qg=obama
www.google.com
~ L

www.cdk5.net O—-" Internet -O

htip.//www.cdkS.nel/
www.w3c.org O"/ \O
File system of - 'st‘a / ar ds‘ ..
- 3 - - - ' - .
wIEe-org /d . v’ Client-server model
L faqhtml ;. Y HTTP protocol

v  HTML
v" URL/URI



Web (WWW): istopia

210 tev)oc¢ Tou louviou 1970 tou meplodikoV Popular Science

Arthur C. Clarke

satellites would one day "bring the accumulated knowledge of the
world to your fingertips" using a console that would combine the
functionality of the Xerox, telephone, television and a small
computer, allowing data transfer and video conferencing around
the globe.
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Web (WWW) lotopla

1980, I'im Berners-Lee (ENQUIRE)

November 1990, pe tov Robert Cailliau, mpotaon ywa €va "Hypertext project
e to ovopa "WorldWideWeb" ("W3"): "web" of "hypertext documents" to be
viewed by "browsers" using a client—server architecture.

Xplotolyevva 1990, To MPWTO AELTOUPYLKO cUOTN AL

" 0 MpwtoC web browser (rmou Atav kat web editor);
" 0 IPWTOG Web server ka

" OL TPWTEC LoTooEALSEC, oL TepLeéypadav to idlo to project.

Avlyouoto 1991, post oto alt.hypertext newsgroup — veéo service oto
‘Ivtepvet
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Web (WWW) . Iotopia

O mnpwtoc web server (ko
npwto¢ web browser): A NeXT
Computer -

H mpwtn dwrtoypadia oto web
to 1992 (CERN house band Les
Horribles Cernettes)

fes ﬁombles Ce e

logo by Robert Cailliau

Mosaic (1993) mpwtog
graphical browser




Introduction to Information Retrieval Ked. 19.2

AUVOLLKEC KOLL OTOTLKEC OEALOEC

JTOTIKEC: OEALOEC TTOU TO MEPLEXOMEVO TOUC OV aAAAlEL OO TNV pia
aitnon otnv aAAn
Avvapikec oelibec: Hidden web — Deep web

v' Napddelypa: TPOoWTIK LOTOOEALS O vs 0eAida e TNV KATAOTO.ON TWV
NMITAOEWV O€ €va agpodPOLLLO

URL: ocuvnOwc oxL KATolo opXeElo aAAA KATIOLO TIPOYPOLUO. OTOV

server
Input part of the GET, e.g., http//www.google.com/search?q=obama

C ; —

AA129 ——— e A
*|Application server - T

-

Browser C
Back-end

databases
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EUpeon NMAnpodoploc

= Taxonomies (Yahoo!) — browse through a hierarchical tree with category

labels
About.com

DMOZ - Open Dir

YAaHOO!, DIRECTORY

Search: the Web | @ the Direclory

Search
Yahoo! Directory Advanced Search Suggest a Sie Emai This Page
Arts & Humanities News & Media
Pholography, History, Literature. Newspapers, Radio, Weather, Blogs...
Business & Economy Recreation & Sports
B2B, Finance, Shopping, Jobs... Sports, Travel, Autos, Outdoors...
Computer & Internet Reference
Hardware, Software, Web, Games... Phone Numbers, Dictionaries, Quotes.
Education Regional
Colleges, K-12, Distance Leaming... Countries, Regions, U.S. States..
Entertainment Science
Movies, TV Shows, Music, Humer.. Animals, Astronomy, Earth Science.
Government Social Science
Elections, Military, Law, Taxes.. Languages, Archaeology, Psychology...
Health Society & Culture
Disease, Drugs, Fitness, Nutrition... Sexuality, Religion, Food & Drink
New Additions Subscribe via RSS
12/3, 1272, 121, 11/30, 11/29. Arts, Music, Sports, TV, more.

Copyright © 2012 Yahoo! Inc. All rights reserved. Privacy Policy - About Our Ads - Terms of Service - Copyright/IP Policy

@ Help us improve the Yahoo! Directory - Share your ideas

y Project

about dmoz | dmoz blog | suggest URL | help | link | editor login

Sesrch  advanced
Arts Business Computers
Movies. Television Music... Jobs. Real Estate. Investing .. Imternet. Software. Hardware ..
Games Health Home
Video Games. PPGs. Gamblinz .. Fitness, Medicine, Alternative...  Familv, Consumers. Cooking...
Kids and Teens News Recreation

Asts School Time Teen Life . Media Newspapers. Weather. . Travel Food Outdeors Humos. .

Reference Regional Science

Maps. Education, Libraries US. Canada, UK, Europe. .. Biclogy. Peveholosy. Phvaies .
Shopping Saciety Sports

Clothing. Food. Gifts... People. Religion. [ssues. .. Baseball. Soccer. Basketball ..
Waorld

Catala Dansk Deutsch Espafiol Francais. Italiano, H 438, Nederlands, Polski. Pyecknii, Svenska. .

EENNNGIE Help build the largest human-edited directory of the wekb | %‘

Copyright @ 2012 Metscape

5,114,642 sites - 96,595 editers - over 1,014,858 categories
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EUpeon NMAnpodoplog

= Full text search (Altavista, Excite, Infoseek)

= H enoyn tou Google: xpnon tou web w¢ ypdadou
" NMepaopa amod tn cuvadeLla 0TO KUPOC
(authoritativeness)
= Agv €XEL HOVO onpaocia pa oeAida va eival cuvadnc
TPETIEL VAL ELVaLL Kall oto web
* [l topadeypa, Tt eidouc amoteAeopata Ba
B<Aate va mapete otnVv epwtnon “greek
newspapers”?

11
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H cuAloyn eyypadwv tou Web

= No design/co-ordination

0 content creation, linking,
democratization of publishing

= Contentincludes , obsolete
information, contradictions ...

/ o (text, html, ...), semi-
N structured (XML, annotated photos),
structured (Databases)...

,//' - much larger than previous text
collections ... but corporate records are
catching up
: — slowed down from initial
The Web “volume doubling every few months” but

still expanding
= Content can be

12
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The Web graph

<a></a>
In-links/Out-links
In-degree (8-15)
Out-degree

13
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The Web Graph

" the distribution of in-degrees is not Poisson
distribution (if every web page were to pick the
destinations of its links uniformly at random).

= Power law,
the total number of web pages with in-degree i is
proportional to 1/i®

a typically 2.1

[Mou aAdou eibaue napouola KATAVouUr);

14
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The Web graph

Bow-tie shape
Tpelc katnyopiec: IN, OUT, SCC

MepLEXEL HLaL LEYAAN LoXUPA
ouvdedeUEVN cuvioTWOo

(Strongly Connected Component
(SCQ))

. Tendrils-.

Tube

IN: ZeAibec mou 0dnyouv oto SCC aAAG OxL To avarnodo
OUT: zelibec otic omnoiec pmopol e va ptaooupe oo to SCC aAld

dev odnyouv og auto

15
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The Web graph  -----,

Featurad
Collegas

Blog post about
college rankings

From the book Networks, Crowds, and Markets: Reasoning a
Highly Connected World. By David Easley and Jon Kleinberg.
University Press, 2010. Complete preprint on-line at
http://www.cs.cornell.edu/home/kleinber/networks-book/

16



Introduction to Information Retrieval

The Web graph

IN, OUT same size, SCC larger

Remaining pages:

= Tubes: small sets of pages outside SCC that
lead directly from IN to OUT,

= Tendrils: either lead nowhere from IN, or from
nowhere to OUT.

_...Tendrils-.

Small disconnected components

17
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Web search basics

Sponsored Links

CG Appliance Express

Discount Appliances (650) 756-3931

Same Day Certiied Installation
cgap]

www cgappliance com
‘ S e r San Francisco-Oakland-San Jose,
ca

Miele Vacuum Cleaners
Miele Vacuums- Complete Selection
Free Shipping!

www.vacuums.com

Miele Vacuum Cleaners
Miele-Free Ar shipping!
All models. Helpful advice.
www.best-vacuum.com

Results 1 - 10 of about 7,310,000 for miele. (0.12 seconds)

e, Inc - Anything else is a compromise

nehaaror Your Home, Apolances by Wle. .. USA- o mise.com. Residentel Applcs,
Vacuum Cleaners. Dishwashers. Cooking Appliances. Steam Oven. Coffee Syst

e, miele.com - 20K - Cached - Similar pages

.
Mve\

Miele - Deutscher Hersteller von - [Translate this

~ - page ]
Das Portal zum Thema Essen & v zu-tisch.de.
~ ~ .ein Leben lang. .. Wahlen Sie die Miele Vertretung Ihres Landes.
www.miele.del - 10k - Cached - Similar pages
\ . 4

Herzlich willkommen bei Miele OSKE"EIC“ - Translate this page |
Herzlich willkommen bei Miele Ot i Sie nicht automatisch
kergoentt o, Keken 51 bte Wt FAUSHALTSGERATE

e miele.al - 3k - Cached - Similar pages

‘\.>‘

Search

AN

The Web

Indexes Ad indexes
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Tt (aAAo) Ba dov e onpepa

AvaAvon cuvbeouwy (Link Analysis)

=  Web: Alyn wotopia kat o ypadoc
" Jnuaoia tnc aykupac (anchor text)
=  AvaAuvon cuvOECUWV
" PageRank
= HITS (KouPkec oeAideg kal oeAldeC
KUpou()

19
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Ketipevo Aykupolg

hyperlink
anchor text -| page d>

Anchor text (kelpevo aykupoc) keipevo mou neptBdhet tov
ouvdeouo

= [lapadeypa: “You can find cheap cars <a href =http://...>here </a >.”
= Anchor text: “You can find cheap cars here”

20
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2Npaolo Twv cUVOECEWV

hyperlink
anchor text ~-| page db

= 1"YnoBeon: A hyperlink is a quality signal.
= Houvdeon d, - d, umodnAwvel o0tL 0 cuyypadéag tou d, Bewpeito d,
KOANG TTOLOTNTAC KOl cUVAPEC.

= 21YnoBeon: To Kelpevo TNC AyKUpoC MEPLYpAdEL TO
TEPLEXOEVO TOU d,.

21
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Ketipevo Aykupolg

Xpnon povo [text of d,] n [text of d,] + [anchor text - d,]

= Avalntnon tou [text of d,] + [anchor text = d,] cuxva mo
QTOTEAECUATIKN IO TNV avalftnon Hovo tou [text of d,]

= MMoapadsypa: Epwtnuo IBM
= Matches IBM’s copyright page
= Matches many spam pages

= Matches IBM wikipedia article

= May not match IBM home page! if IBM home page is mostly
graphics

22
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Ketipevo Aykupolg

= Avalntnon pe xpnon tou [anchor text - d,] kaAUtepn yia to epwtnua IBM
" H oeAiba pe tIc meplocotepPeC epdavioels tov 0pou IBM gival n

www.ibm.com

A million pieces of anchor
text with “ibm” send a
\

\ strong signal
i

www.slashdot.org: “New IBM optical chip”
!
lll,_ /
\ !
/

1
www_stanfnrq.edu:f"”lBM faculty award recipients”
I

www.nytimes.com: “IBM acquires Webify"
\

wwww.ibm.com

23
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Ketpevo Aykupac oto Eupetnplo

Apa: To Keipevo otnv aykupa amoteAel kKaAUTepn Tteplypadn
TOU TIEPLEXOUEVOU TNC OEALOOC ATTO OTL TO TIEPLEXOLLEVO TNG

= Otav KATOoKEUALOULLE TO EUPETAPLO yLa Eva eyypado D,
ocuuneplAapBavoupe (pe karmolo BApPoc) Ko To KEMEVO TNC
AyKUpoC Twv cuvdecewv Ttou deixvouv oto D.

Armonk, NY-based computer
giant IBM announced today

" WWW.1lbm.com

7

Joe’s computer hardware links

Sun Big Blue today announced
E record profits for the quarter
IBM

v Weighted: Use idf for common words such as Click, Here

v’ Also, extended anchor text »
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Google Bombs

Google bomb: a search with “bad” results due to
maliciously manipulated anchor text.

Google introduced a new weighting function in January 2007
v Can score anchor text with weight depending on the authority of the anchor
page’s website
E.g., if we were to assume that content from cnn.com or yahoo.com s
authoritative, then trust the anchor text from them

Miserable failure (Bush 2004)
= Still some remnants: [dangerous cult] on Google, Bing, Yahoo

= Coordinated link creation by those who dislike the Church of
Scientology

= Defused Google bombs: [dumb motherf...], [who is a failure?], [evil empire] [cheerful

achievement]
25
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Anchor Text

= Other applications
= Weighting/filtering links in the graph

" Generating page descriptions from anchor
text
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YnoBeon 2: annotation of target
ijtk# h | fﬂ%cﬂﬁg

TOHOKU UNIVERSITY EEL S

KFEHE FEb- X - TRFAR e -FEXE ER3ET ffi5E - T

s ——vl
ﬁjbxﬁ Chinese | Korean | English | Japanese J Search

TOHOKU UNIVERSITY Ellhquiry  [ElAccess  [E]Sitemap
About Faculties, Schools Canus\#a | el Exch Research Disclosure and Entrance Exam
Tohoku University and Institutes i nternational Exchange 5.4 Cooperation Public Information Information

1 Prospective Students |

General Public
Corporations

Alumni 7 , 2 " .e¥ Video Chan

| Current Students
W Fiaclijl'& and Staff | Bk k%A %K (FE23ES A)
(Internal use) ‘ HALAKT, (F 5t .
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Avaluvon Zuvoeouwy - Link Analysis

Aev elval OAec oL oeAidec LloeC

VS.

==y

28
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Awatoén pe Baon tn SnuotkotnTa

" Alatoén Twv oeAidwv pe PAoeL Tov aplOUo Twv
ELOEPYOUEVWV aKMWV (in-degree, degree centrality)

1. Red Page

3. Blue Page
4. Purple Page
5. Green Page
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ApKel n dnuotikotnTo;

= Aev elvall ONUAVTLKO rtocotl kopBol Setyvouv o€ pLa
oeAida aAAQ To rtoo0o onuevtikol lvol avtol ot
KOUBol



Introduction to Information Retrieval Kedp 21

PageRank

31



PageRank

" Baowkn wdea: Mo oeAlda elvoll ONUOVTLKN

av OELYVOUV OE QUTNV ONUAVTLKEC OEALOEC
(n a&ia evoc kopBou eivatl to abpolopa NG afloc Twv
diAwv Tov)

" Avabpolitkoc oplopoc!

" [Twc UAOTTOLOULE TO TTOLPOATTOVW;

32
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PageRank: Baokn bea

Exoupe pa «povada KUpouc» tou tn Aepe PageRank
Kol TNV potpalovpe otic oeAldec.

KaBe oeAida €xeL eva PageRank

= KaBe oeAida powpalsl to PageRank otic oeAidec
TToU OELYVEL

= To PageRank pioc oeAidac eival to adpolouo twv
PageRank twv ogeAidbwv rtou delyvouv o€ autnv

33
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Eva amAo mapadeypa

2 To ouvoAwko PageRank potpadetol otouc 3
KOUBoug w+w+w=1
W= W+

<:> w=Yw
=2 W
= Solving the system of equations we get the authority
values for the nodes

= w=% w=% =W

W
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Akopa eva ropadelypa

=1/3 w,+1/2 w.
w,=1/2w. +wy+1/3w,

wy=1/2w. +1/3 w,
w, =1/2 w.

W5 =W,
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Kedp. 21.2

Kot akopa eva padl LLE TOV OPLOUO

KaBe koppoc (oeAidba) €xel Eva Babuo
(rank)

O BaBuog r; yia tov kOpPo j Looutat pe

._Z—

I—)]

d; ... out-degree of node i

The web in 1839

y/2

a/2
y/2

. m
a/2 #@

“Flow"” equations:

ry =r,/2+r, /2

y

r, =r,/2+r,

a

rm = rﬂ '/2

36
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PageRank: AAyoplOuoc

Ye eva ypado pe n nodes, avaBetouvpe o€ OAouc To 1OLo aApYLKO
PageRank = 1/n.

= ExteAovpe pa akoAouBia armo k evnuepwoelc Twv
PageRank TLHwV pe BAon Twv MAPOKATW KAVOVAL:

1. KaBe oeAida polpalel tnv tpEYovoa PageRank tiun tng
LOOTIOOO. OTLC Out-going aKUEC KoL TLC TTEPVA OTOUC
avtiotolyouc kouBouc¢

2. KabBe oeAidba avavewvel tnv PageRank Tinn tThg woTte va
elval lon pe To aBpolopo Tov Toowv Tou SEXETAL LECW TWV
incoming akpwv tnge.

37
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PageRank: AAyoplOuoc

ETTavaAnTITIKOC UTTOAOYLOMOC

1

Initialize all PageRank weights to -

Repeat:
1
W‘U _ ZU—YU dout(u) Wu

Until the weights do not change

38
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MNapadelypa

r, =r,/2+r, /2
r, =r,/2+r,
r,=r,/2
Iy 1/3 1/3  5/12 9/24 6/15
I, | = 173 3/6 1/3 1124 ... 6/15
1/3 1/6  3/12 1/6 3/15

Iteration O, 1, 2, ...

39
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Introduction to Information Retrieval

Eva peyaAvutepo mapadeypa

ApxLKA OAoL oL kopBot
PageRank 1/8

Step | A B C D D F G H
1 1/2 [1/16 |1/16 | 1/16 |1/16 |1/16 | 1/16 | 1/8
2 3/16 |1/4 | 1/4 [1/32 |1/32 |1/32 |1/32 | 1/16

v" ‘Eva eiboc ponc (“fluid”) mou kivettal oto SiKTUo
v To ouvoAikd PageRank oto Siktuo mapapével otabepo (6¢
XPELALETAL KaVOVLIKOTIOLNON)

40
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loopporia

v/ Evac am\og tpomoc va eAéyéoups av oe wopporia (an equilibrium set of
PageRank values): aBpoilouv oe 1 kat 6ev aAldalouv av €PapUOCOUUE TOV
KOVOVOL EVNUEPWONG

v Av 10 8IKTUO LOXUPA OUVEKTLKO, UTIAPXEL EVa LOVASLKO CUVOAO TLLWV LOOPPOTILALG

41
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PageRank: Alavuopatikn avomopootoon

Stochastic Adjacency Matrix — Nivakac ewtviaonc M

Mivakac M — riivakag yettviaong tov web
Av j -> i, tote M;;= 1/outdegree())
AANwG, M; =0

Page Rank Vector r

Eva dLavuopa e pia Tiun yua kabe osAida (to PageRank tng
oeAidac)

42
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PageRank: Alavuopatikn avomopootoon

Stochastic adjacency matrix M
Let page j has dj out-links

1
Ifj — i, then M, = — else M; =0

. g
* M is a column stochastic matrix
* Columns sumto 1

vector with an entry per page
r; is the importance score of page i

it =1
The flow equations can be written

r =M -r "fo

i Y

43
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Kedp. 21.2

PageRank: Alavuopatikn avomopootoon

Power Iteration: > =
y A 1/ 0
Set'rj =1 al Y 0
] r. =r /2+r_/2
* And iterate ! : !
r, =r,/2+r,
r,=r,/2
Example:
Iy 1/3 1/3 5/12  9/24 6/15
I, | = 1/3 3/6 1/3 11/24 ... 6/15
I, 1/3 1/6 3/12 1/6 3/15

Iteration O, 1, 2, ...

44
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PageRank: Alavuopatikn avomopootoon

(1+1) ;!
o (1+ . Ti or
I/.] o Z d equivalently r — 1\’1 r

I—>] 1

% JUYKALVEL;
** JUYKALVEL 0€ aUTO TIou BEAOUUE;
¢ MNowa ival n puokn onuaoia;

45
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Tuyatoc MNepimatoc (Random Walks)

O aAyoplOuoc mMPOCOoLOLWVEL Eva TuXaLlo TteplaTo oto ypado

Tuyaioc nepinatoc (random walk)
" =gKiva oo karmolov Koppo emtheypévo uniformly at random
ue mbavotnta 1/n
" Ertedete pa amod TG €EEPXOLEVEC OKUEC TOU KOMPou
uniformly at random
= AkoAoUBnoe TNV OKUA
" EmtaveAafe

46
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Tuyatoc MNepimatoc (Random Walks)

Claim: H miSavotnta va ioat otn oeAida X ueta amno k Bnuata
Tou tuyaliou meptrtatou eivatl to PageRank tnc¢ oeAidac X ueta
ano k emavaAnyeic tov urtoAoytouov tou PageRank

To povteAou tou Random Surfer
Tou XpNoTnN TIOU TPLYupVA OTO web, EeKlvwvToc amo pLo tuxolia
oeAida kal akoAouBwvtac Tuxola cUVOETELG

47
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Koll TTLO TUTTLKQL

Kedp. 21.2

Imagine a random web surfer:
At any time ¢, surfer is on some page i

At time t + 1, the surfer follows an
out-link from ¢ uniformly at random po= i

- : To=d (1)
Ends up on some page j linked from { i—] Hout

Process repeats indefinitely
Let:

p(t) ... vector whose i*" coordinate is the
prob. that the surfer is at page i attime t

So, p(t) is a probability distribution over pages

48
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Example

= Step O
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Example

= Step O
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Example

= Step 1
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Example

= Step 1
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Example

= Step 2
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Example

= Step 2
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Example

= Step 3
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Example

= Step 3
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Example

= Step 4...
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Random walk

= Question: what is the probability pf of being at node
| after t steps?

= % = %pi‘l + %pé‘l
p3=% p§=% +p§1+%p£1
P3 =% % =% +%pi‘1
2 =% pi =%p§‘1
pe =% ps = p;
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Koll TTLO TUTTLKQL

Where is the surfer at time 7+1?
Follows a link uniformly at random
p(t+1)= M- p(t) Dt +1)=M- p(t)
Suppose the random walk reaches a state
p(t+1)= M- p() = p(t)
then p(t) is of a random walk
Our original rank vector r satisfies r = M - r

So, 1 is a stationary distribution for
the random walk

59
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PageRank: Emektaoelc

Avo mpoBAnuata

1. Dead ends: oeAibec xwpic e€epXOUEVEC
OKLEC
Exouv wc¢ amotéAeopa va Eedevyel (leak out)
to PageRank

2. Spider traps: Opado oeAidwv mou OAEC ol
eEEPYOUEVEC OKMEC ELVAL LETAEV TOUC
TeAwka amoppodouv oo to PageRank

60
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PageRank: Abe€oda

Able€oda (dead ends): oeAideg mou dev €xouv outlinks

O tuyxailog mepinatoc pmopet va KOAANCEL o€ €va TETOLOV KOUPBOo

61
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PageRank: Abe€oda

Power lteration: f’/ i -
Y 2 2
= Set ?’} =1 al % 0

m| O 12 0

— '

] r. =r. /2+r_ /2
* And iterate v !

r, =r,/2
r,=r,/2

Example:

1, ) 13 2/6 3/12 524 0

| = 1/3 1/6 2/12 324 ... 0

I, /3 1/6  1/12 2/24 0

lteration O, 1, 2, ...
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PageRank: Abe€oda

Teleports: Follow random teleport links with
probability 1.0 from dead-ends

Adjust matrix accordingly

—
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PageRank: Spider Traps

64
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PageRank: Spider Traps

y a m
y| Y% Y2 0
al Y 0 0

m| 0 L5

Power lteration:
Set r = 1

— i
=i i a;
. r. =r. /2+r, /2

* And iterate R

r,=r,/2+r,

Example:
1, | 13 2/6 3/12 5/24 0
r, | = 13 16 212 324 ... 0
T 13 3/6 712 16/24 1

lteration 0, 1, 2, ...
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PageRank: Spider Traps

Tuxalo TTEPUTATOL UE K AAHOTO

Me miBavotnta B, o eptatnt)C akoAouBeil pa
Tuyalo e€EpYOLLEVN QKN OTIWC TIPLV KOl UE
riiBavotnta 1-B ermtAeyel (jumps) o€ pLa Ttuxaia
oeAiba 0to OLKTUO, ETUAEYUEVN LE Lon
rnBavotnta (1/n)
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PageRank: Spider Traps

The Google solution for spider traps: At each
time step, the random surfer has two options
With prob. /£, follow a link at random

With prob. 1-/4, jump to some page uniformly at
random

Common values for /# are in the range 0.8 t0 0.9
Surfer will teleport out of spider trap within a
few time steps
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PageRank: random walks with jumps

Google’s solution:

With probability /-/, follow a link at random

With probability /3, jump to some random page
PageRank equation [Brin-Page, 98]

_ Z e -
T] - 3 dl ( B) n d. ... out-degree

l_)_] of nodeii

68



Introduction to Information Retrieval Kedp. 21.2

PageRank kat aAvoibec Markov

69



Markov chains

A Markov chain describes a discrete time stochastic process over a set of
*—tates

S ={51,S9, ..., Sn}
according to a transition probability matrix P = {P;}
— P;; = probability of moving to state j when at state

Matrix P has the property that the entries of all rows sum to 1

ZP[i,j] —1
J

A matrix with this property is called stochastic

*  State probability distribution: The vector pt = (pf,p5, ... ,pL) that stores
the probability of being at state s; after ¢ steps

*  Memorylessness property: The next state of the chain depends only at the
current state and not on the past of the process (first order MC)

— Higher order MCs are also possible

*  Markov Chain Theory: After infinite steps the state probability vector
converges to a unique distribution if the chain is irreducible and aperiodic
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Markov chains

Irreducible: ensures that there is a sequence of transitions of
non-zero probability from any state to any other

Aperiodicity: ensures that the states are not partitioned into
sets such that all state transitions occur cyclically from one set
to another.
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Random walks

* Random walks on graphs correspond to
Markov Chains

— The set of states S is the set of nodes of the graph
G

— The transition probability matrix is the probability
that we follow an edge from one node to another

P[i;j] = 1/degyy: (1)
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An example

0 1 1 0 0]

>
I

0 Y2 12
0 0 0
P=| 0 1 0
Y3 Y3 Y3
12 0 0 12

o O O O
o O o +— O
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Node Probability vector

= The vector pt = (p;,ps, ..., pl) that stores the
probability of being at node v; at step ¢

= p!=the probability of starting from state i (usually)
set to uniform

= We can compute the vector pt' at step t using a
vector-matrix multiplication

pt = pt=1p
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An example
0 12 12 0 O
O 0 0O o0 1
P=10 1 0 O0 O
/3 Y3 1/J3 0 O
/2 0 0 1/2 0
1 1
= §Pfi—1 + Epg_l
1 1
p; =5 +P§_1+§P§ !
1 1
’P§=§ +§’P§_1
1
Pi=§P§_1
ps = ps
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Stationary distribution

= The stationary distribution of a random walk with
’%Laljcsmon mlg rix P, is a probability distribution 7, such
atm = 1

= The stationary distribution is an eigenvector of matrix P

" the principal left eigenvector of P — stochastic matrices have
maximum eigenvalue 1

= The probability 7, is the fraction of times that we visited
stateiast — oo

= Markov Chain Theory: The random walk converges to a
unique stationary distribution independent of the initial
\B,ectotr_l!f the graph is strongly connected, and not

ipartite.
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Computing the stationary distribution
= The Power Method

Initialize q° to some distribution
Repeat

q'=q""'P
Until convergence

= After many iterations q* — m regardless of the initial
vector ¢"

= Power method because it computes gt = q°P¢

= Rate of convergence
= determined by the second eigenvalue 4,°
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The stationary distribution

= What is the meaning of the stationary distribution
of a random walk?

= 17(i): the probability of being at node i after very
large (infinite) number of steps

= 7 = pyP™, where P is the transition matrix, p, the
original vector
= P(i,]): probability of going from i to j in one step
= P2(i,]): probability of going from i to j in two steps
(probability of all paths of length 2)
= P(i,j) = m(j): probability of going from i to j in infinite
steps — starting point does not matter.
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The PageRank random walk

= Vanilla random walk

" make the adjacency matrix stochastic and run a random
walk

0 12 12 ] — /H\
0 0 0 ‘
P=l0 1 0

1/3 1/3 1/3
12 0 0 12 0 B E

0
0
0
0

© O o+~ O
—
/
N
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The PageRank random walk

= What about sink nodes?
= what happens when the random walk moves to a node

without any outgoing inks?

0 12 12 0 O
|0 0 0 0 O
0 1 0 0 0

1/3 13 1/3 0 0

12 0 0 12 0
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The PageRank random walk

= Replace these row vectors with a vector v
= typically, the uniform vector

io 12 12 0 ol - éD\

P=| 0 1 0 O JAN

13 13 13 0 § \\/B
g

12 0 0 12

o = P+ dyT d:{l if iis sink B

0 otherwise
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The PageRank random walk

= What about loops?
= Spider traps
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The PageRank random walk

= Add arandom jump to vector v with prob 1-a

= typically, to a uniform vector

= Restarts after 1/(1-a) steps in expectation

= Guarantees irreducibility, convergence

0 12 12 0 O 1/5 1/5 1/5 1/5 1/5]
1/5 1/5 1/5 1/5 1/5 1/5 1/5 1/5 1/5 1/5
P'=o/ 0 1 0 0 O |+(l-a)1/5 15 1/5 1/5 1/5
1/3 13 1/3 0 0 1/5 1/5 1/5 1/5 1/5
2 0 0 0 1/2 15 1/5 1/5 1/5 1/5

P” =aP’ + (1-a)uv', where u is the vector of all 1s
Random walk with restarts
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PageRank: Spectral Analysis

PageRank as a principal eigenvector
. T.
r = M-r orequivalently r; =2, -
But we really want: [ d. ... out-degree

T 1 of node |
T = — +(1-p0)=
j =BY + (=)
Let’s define:
y 1
Now we get what we want: Note: M is a sparse
. ’ trix but M" is d
r=M:-r (allentrios = 0).In
What is 1 — ? e
* |In practice 0.15 (5 links and jump) rather we use the

“sum” formulation
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PageRank: Example

85
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Personalized PageRank

Goal: Evaluate pages not just by popularity
but by how close they are to the topic
Teleporting can go to:
= Any page with equal probability
= (we used this so far)
" A topic-specific set of “relevant” pages
* Topic-specific (personalized) PageRank (§ ...teleport set)
M, = (1=B)M; + B/IS| ifi€s
= (1-B) M, otherwise

= Useful for measuring “proximity” of other nodes to S
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PageRank: Trust Rank

networks of
millions of pages design to
focus PageRank on a few
undeserving webpages

To minimize their 1

influence use ateleport = oo

set of trusted webpages . seeweee
universities
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Pagerank summary

= Preprocessing:
= Given graph of links, build matrix P.
* From it compute a — left eigenvector of P.
= The entry g, is a number between 0 and 1: the pagerank of
page i.
= Query processing:

= Retrieve pages meeting query.
= Rank them by their pagerank.
= But this rank order is query-independent
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The reality

= Pagerank is used in google and other engines, but is
hardly the full story of ranking
= Many sophisticated features are used
= Some address specific query classes
= Machine learned ranking heavily used

= Pagerank still very useful for things like crawl policy
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Google’s official description of PageRank

PageRank reflects our view of the importance of web pages
by considering more than 500 million variables and 2 billion
terms. Pages that believe are important pages receive a

higher PageRank and are more likely to appear at the top of
the search results.
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HITS

91
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HITS

Tnv i6la emtoxn pe to PageRank
AUo Baokec SladopEc
= KaBe oeAida €xel Svo Babpuouc:
= gva BaBuo kupouc (authority rank) ko

= gva KopBko Baduo (hub rank)

= OLBaBpuot eival Bepatikot
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HITS

= Authorities: pages containing useful information (the prominent, highly

endorsed answers to the queries)
Newspaper home pages

Course home pages
Home pages of auto manufacturers

= Hubs: pages that link to authorities (highly value lists)

List of newspapers

Course bulletin
List of US auto manufacturers

v A good hub links to many good authorities
v’ A good authority is linked from many good hubs
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HITS: Algorithm

Each page p, has two scores
" A hub score (h) quality as an

expert o
. hi =) a
Total sum of authority scores that Z
It points to

* An authority score (a) quality as

content
Total sum of hub scores that 0=
point to it : i~
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HITS: Algorithm

Authority Update Rule: For each page |,
update a(i) to be the sum of the hub scores (), )
of all pages that point to it. hi=)

Hub Update Rule: For each page i, update

h(i) to be the sum of the authority scores of
all pages that it points to.
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HITS: Algorithm

= Start with all hub scores and all authority scores equal to 1.

= Perform a sequence of k hub-authority updates. For each
node:
- First, apply the Hub Update Rule to the current set
of scores.
- Then, apply the Authority Update Rule to the resulting
set of scores.

= At the end, hub and authority scores may be very
large.

Normalize: divide each authority score by the sum of all
authority scores, and each hub score by the sum of all
hub scores.

96



Introduction to Information Retrieval Ked. 21.3

High-level scheme

= Extract from the web a base set of
pages that could be good hubs or
authorities.

" From these, identify a small set of top
hub and authority pages;

—iterative algorithm.



Introduction to Information Retrieval Ked. 21.3

Base set

" Given text query (say browser), use a text
index to get all pages containing browser.

= Call this the root set of pages.

= Add in any page that either
" points to a page in the root set, or
" is pointed to by a page in the root set.

= Call this the base set.
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Query dependent input

Root set obtained from a text-only search engine

Root Set
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Query dependent input
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Query dependent input

Root Set
IN ouT
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Query dependent input

Base Set
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Distilling hubs and authorities

= Compute, for each page x in the base set, a hub
score h(x) and an authority score a(x).

" |nitialize: for all x, h(x)«1; a(x) «1;
= |teratively update all h(x), a(x); @
= After iterations

= output pages with highest h() scores as top hubs

* highest af) scores as top authorities.
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Iterative update

= Repeat the following updates, for all x:

| operation

h(x) < 2. a(y)

X—Y
O operation

a(x) < 2 h(y)

Normalize
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Scaling

" To prevent the h() and a() values from
getting too big, can scale down after each
iteration.

= Scaling factor doesn’t really matter:

" we only care about the relative values of
the scores.
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>y 0z

hubs authorities

]
'\&\\El O0—0
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Example

Initialize

O0—=0
u

O

O0—~0

O0—0

hubs authorities
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Example

Step 1: O operation

0 O
0

0

0 O

1 O——10

hubs authorities

1
2
3
2
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Example

Step 1: | operation

—

-
oo non
N U1 U1 O

— N W N -

hubs authorities
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Example

Step 1: Normalization (Max norm)

1 /300 O

2/3 O s/6
1 O 5/6
2/301 O 26
1/300——[ 1/6

hubs authorities



Introduction to Information Retrieval

Example

Step 2: O step

O 0
11/6 O s/6
16/6 00 5/6

7/6 O O 2/6
176 d——0 1/6

hubs authorities
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Example

Step 2: | step

10O I 33/6
11/6 0 27/6
16/6 ) 23/6

7/6 [ O 7/6
1/6 O——11 1/6

hubs authorities
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Example

Step 2: Normalization

6/16 ] O
11/16 0 27/33
1 O 23/33

7/16 1 O 7/33
1/16 [1——1[1 1/33

hubs authorities
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Example

Convergence

0.4 o
0.75 ] o.s
1 O 0.6
0.3 o4
o O0——I[] o

hubs authorities
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How many iterations?

= Claim: relative values of scores will converge
after a few iterations:

" in fact, suitably scaled, h() and a() scores settle
into a steady state!

" |n practice, ~5 iterations get you close to
stability.
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Japan Elementary Schools

Hubs

schools

LINK Page-13

“4-{,1SwZ

a%o, "SWZfZ[f fy[fW

100 Schools Home Pages (English)
K-12 from Japan 10/...rnet and Education )
http:/www...iglobe.ne.jp/~IKESAN
LEjTSwWZ U'N,Pge " CEé

OS—-—§ OS—“CErSwZ
Koulutus ja oppilaitokset

TOYODA HOMEPAGE

Education

Cay's Homepage(Japanese)
—yivSwz I fZ[f Fy[fW

UNIVERSITY

%oJ—>SwZ DRAGON97-TOP
A%02SwZ,T’N,P‘g fz[f fy[fW

Mu° é%AAO Ya¥ENYaV. ¥a¥EXa Y

Authorities

The American School in Japan

The Link Page

%o — § "a“ctSwWZfz[f fy[fW

Kids' Space

"Aés— § "AéVa5SwZ

(& ¢'aSwe®aSwzZ

KEIMEI GAKUEN Home Page ( Japanese )
Shiranuma Home Page
fuzoku-es.fukui-u.ac.jp

welcome to Miasa E&J school
[F'PICE § E%ojels— § '1i%TSwWZ,1 fy
http://mwww...p/~m_maru/index.html
fukui haruyama-es HomePage
Torisu primary school

goo

Yakumo Elementary,Hokkaido,Japan
FUZOKU Home Page

Kamishibun Elementary School...
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Things to note

= Pulled together good pages regardless of
language of page content.

= Use only link analysis after base set assembled

= jterative scoring is query-independent.

" |terative computation after text index retrieval
- significant overhead.
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Issues

" Topic Drift

= Off-topic pages can cause off-topic “authorities”
to be returned
= E.g., the neighborhood graph can be about a “super
topic”
= Mutually Reinforcing Affiliates
= Affiliated pages/sites can boost each others’
scores
" Linkage between affiliated pages is not a useful signal
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[ivakoc yetrtvioonc

= nxn adjacency matrix A:

= each of the n pages in the base set has a row and
column in the matrix.

= Entry A; = 1if page i links to page j, else = 0.

) 2

H
P B Ol
O B Ow

S r N
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Hub/authority vectors

= View the hub scores h() and the authority scores af)
as vectors with n components.

= Recall the iterative updates

h(x) < > a(y)

X—Y

a(x) < 2 h(y)

Y—=X
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HITS: Alovuopotikn Avomopoaotoon

HITS converges to a single stable point
Notation:
Vectora = (a;..,a,), h = (h{..,h,)
Adjacency matrix 4 (n x n): A;=11if i—j
Then hi — Zi—>j a;
can be rewriten as h; = 2., 4;; - a;

So:h=A4'a
And likewise: a = AT - h
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Rewrite in matrix form

= h=Aa. Recall At
= a=Ath. <i IS the
transpose
of A.

Substituting, h=AAh and a=AtAa.
Thus, h is an eigenvector of AAtand a is an
eigenvector of AtA.

Further, our algorithm is a particular, known algorithm for
computing eigenvectors: the power iteration method.
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HITS: Alovuopotikn Avomopoaotoon

HITS algorithm in vector notation:

Set: a; = hi =i Convergence criterion:

2
_ v > (hO - h DY <o
Repeat until convergence: 7
2
h=A4-a > (o —af0) <
T i
a=A"-h

Normalize a and h
Then: a = AT - A4-a) a is updated (in 2 steps):
Y newh , _ 4T _ (AT
—— a=A"(Aa)=(A"A) a
Thus, in 2k s}{epS: h is updated (in 2 steps):
a= (AT - A" -a h=AATh) = (AAT) h

. . ATk .
h=(A-A")"-h Repeated matrix powering

123




Introduction to Information Retrieval Ked. 21.3

HITS: Spectral Analysis

Definition:

letR-x =4 x

for some scalar A, vector x, matrix R

Then x is an eigenvector, and A is its eigenvalue
Fact:

If R is symmetric (R;; = Rj)
(inourcase R = AT -Aand R = A - AT are symmetric)

Then R has n orthogonal unit eigenvectors
W, ...w, that form a basis (coordinate system) with
eigenvalues A, ... A, (|Ai| = |risc1])
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Rewrite in matrix form

¢ The HITS algorithm is a power-method eigenvector
computation
* |Invector terms
—at = ATh" Yand bt = Aat?!
— at = ATAa"'and ht = AATR'
— Repeated iterations will converge to the eigenvectors

* The authority weight vector a is the eigenvector of
ATA and the hub weight vector h is the eigenvector of
AAT

 The vectors a and h are called the singular vectors of the
matrix A
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PageRank vs HITS

= PageRank can be , HITS has to be computed at

= HITS is too expensive in most application scenarios.

= PageRank and HITS two different design choices: (1) the
eigenproblem formalization (2) the set of pages to apply the
formalization. They are orthogonal

= We could also apply HITS to the entire web and
PageRank to a small base set.

= Claim: On the web, a good hub almost always is also a good
authority.

= Actual difference between PageRank and HITS ranking not
as large
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OL ouvbeopuol eival movtou !

= Powerful sources of authenticity and authority
= Mail spam — which email accounts are spammers?
* Host quality — which hosts are “bad”?
= Phone call logs

= The Good, The Bad and The Unknown

Bad

127
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Simple iterative logic

= The Good, The Bad and The Unknown

" Good nodes won’t point to Bad nodes
= All other combinations plausible

Bad
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Simple iterative logic

" Good nodes won’t point to Bad nodes
= |f you point to a Bad node, you’re Bad
" |f a Good node points to you, you’re Good

Bad

129
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Simple iterative logic

" Good nodes won’t point to Bad nodes
= |f you point to a Bad node, you’re Bad
" |f a Good node points to you, you’re Good

G

Good Bad
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Simple iterative logic

" Good nodes won’t point to Bad nodes
= |f you point to a Bad node, you’re Bad
" |f a Good node points to you, you’re Good

Good Bad
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Many other examples of link analysis

= Social networks are a rich source of grouping
behavior

= E.g., Shoppers’ affinity — Goel+Goldstein 2010

= Consumers whose friends spend a lot, spend a lot
themselves

= http://www.cs.cornell.edu/home/kleinber/networks-book/

Bibliometrics
e.g., citation analysis
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MeptAnyn

= Anchor text: What exactly are links on the web
and why are they important for IR?

= PageRank: the original algorithm that was used
for link-based ranking on the web

= Hubs & Authorities: an alternative link-based
ranking algorithm
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TEAOZ 9°° MaBnpuatog

EpwtnoeLc?

XpnotuorotyBnke KamoLo UALkO amo:

v'Pandu Nayak and Prabhakar Raghavan, CS276:Information Retrieval and Web Search (Stanford)
v'Hinrich Schiitze and Christina Lioma, Stuttgart IIR class

v’ Tic avtiotowyec SlaAé€eic tou petantuytakol padruatoc «Kowwvikd Aiktua kot Méoa»
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