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IR on the web vs. IR in general

= On the web, search is not just a nice feature.

= Search is a key enabler of the web: financing, content
creation, interest aggregation, etc.

— look at search ads

= The web is a chaotic und uncoordinated collection.
— lots of duplicates — need to detect duplicates

= No control / restrictions on who can author content.
— lots of spam — need to detect spam

= The web is very large. - need to know how big it is.

Information Retrieval 4
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Web search overview
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Search is the top activity on the wek

of Singapore

National University

How often do you use search engines on the Internet?

Four or more times each day
At least once every day 35.1%
Several times each week
At least once each week
Several times each month

Less frequently

Never

0 100 200 300 400 500 600 700

irrospect Number of Responses

Information Retrieval 6



Without search engines,

the web wouldn’t work

= Without search, content is hard to find.

= — Without search, there is no incentive to create
content.

= Why publish something if nobody will read it?
= Why publish something if | don’t get ad revenue from
it?
= Somebody needs to pay for the web.
= Servers, web infrastructure, content creation

= A large part today is paid by search ads: Search pays
for the web.

Information Retrieval 7
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Interest aggregation

= Unique feature of the web: A small number of
geographically dispersed people with similar
interests can find each other.
= Elementary school kids with hemophilia

= People interested in translating R5R5 Scheme into
relatively portable C (open source project)

= Search engines are a key enabler for interest
aggregation.

= The Long Tail

Information Retrieval 8
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15t Generation of Search Ads: ENUS

Goto (1996)

of Singapore

Actess 73% of dll users now!
Pramium Listings resch 79% of ol
Internat users. Sgn up for Prarmium
Ustings todey !

1. Wilmington Real Estate - Buddy Bloke

Wilmington's mformation and real estate guide. This i your orv

W of anything to do with Widmington
aw! www. buddydiake.com (Cost te .dnnu

s

of ol

e - Coldwell Banker Sea Cooast Reolty
Wilmington's number one real estate company

'W WWW. COISICOFEL, COM (Cort to advertiser: §0.27)
1 L ]

h

Everything you nead to know about buying or selling 3 home ¢
~ on my Web site!

WWW. WwwC. Nel (Cost to advertisen 10.2%)
mA e
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15t Generation of Search Ads: FENUS

Goto (1996)

songe

= Buddy Blake bid the maximum ($0.38) for this search.

= He paid $0.38 to Goto every time somebody clicked on the
link.

= Pages were simply ranked according to bid — revenue
maximization for Goto.

= No separation of ads/docs. Only one result list!
= Upfront and honest. No relevance ranking, . ..
... but Goto did not pretend there was any.

Information Retrieval 11



2"d generation of search ads:

Google (2000)
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Web lrpges Maos Nows Shpouicg Gl moo Sian r

GO()Sle }d scaunt broker Search | Ssumasdlis: o m" .

Web Resulls 1 - 10 ¢f aLoul 807,000 for discount broker [galiniioql. (0.12 seconds)
Sponscred Links

Discount Broker Reviews

Inforration on onling discount brokers emphesizing rases, charges. and custome comments
ard complRinia

www braker-snuinws us!' - Bk - Caoned - Smilar pages

Dtscount Bmkm R.:rk.' amkeﬂgn. Mnrm.m tn Opm Accourt, Commanis, Stangarc
Comme- sior®, Reduced Commissian, Account Fea Per Year (How to Aveid), Avp. .
www.smatmorey.combrokers! ndex.sfm?slory=2004 discountable 121k
Cached - Simiar pages

Steck Brokers | Discount Brokers | Online Brokers
Mos! Recemmenced. Tog S Brokers headines. 10. Den Pay Your Broker je
May 1591330 PM. 5. Don'L Discount fie Disceuntas Apr 18 &l 2:41 BT,
avww. oo cominveslingbrokersindex.asox - 44k - Cachac - Similerlages

res Funde

Discount Broker
Discount Broker - Deliniton of Discount Broker g

Unlnr sock brokuba g.offers the best n discount bmltumqo rwnsarg Getsack
mate: quates fom thisThlemet siock Tadng comrparny.
www.sugutrade.coms - 38k - Cached - Simisar papas

Jur 11,2004 . Fyau're rol big on hand nole ng when il comes to nvesdng, @ discount
broker can ke an economnizal way o go. Just be sure w0 sk hese .

moaevcanyal. men. comiconlentinvesling!Siarinvesting/ PES 1T asp - 34« -

Cached - Siniar pagas

1500 free "adcs ‘ar 3L days.
a maintenance fees. Sgn ua raw.
TDAMERITRADE.com

£4.85 per Trade, Market ar Limit
SrmarMoeney Top Discount Broke
waw.Trade<ing .com

for tranefer cosls, $500 minimum
WAW.B0QOTade com

$3.95 Online Stock Trades
MarkelLimit Orders, No Share Lmit
and No hacivily Fees

waw. Marsco.com

INGDIRECT ShareButlder

Information Retrieval

SogoTrade appears
in search
results.

SogoTrade appears
in ads.

Do search engines
rank advertisers
higher than
non-advertisers?

All major search
engines claim “no”

12



CS3245 — Information Retrieval Sec. 19.3

EBNUS

National University
of Singapore

Do ads influence editorial content?

= Similar problem at newspapers / TV channels

= A newspaper is reluctant to publish harsh criticism of its major
advertisers.

= The line often gets blurred at newspapers / on TV.

* No known case of this happening with search engines yet?

's mﬂ@@: "

Sl cemtH ENGINE MARKETING

= a0 =
| W?LW‘ :._J -

ljs—E_JoT'rm J J‘-"

w.DamaCartoons.com

" |Leads to the job of white and
black hat search engine
optimization (organic) and
search engine marketing
(paid).
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How are ads ranked?

= Advertisers bid for keywords — sale by auction.
= QOpen system: Anybody can participate and bid on keywords.

= Advertisers are only charged when somebody clicks on your
ad (i.e., CPC)

How does the auction determine an ad’s rank and the price paid
for the ad?

= Basisis a second price auction, but with twists

* For the bottom line, this is perhaps the most important
research area for search engines — computational advertising.

= Squeezing an additional fraction of a cent from each ad means
billions of additional revenue for the search engine.

Information Retrieval 14
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How are ads ranked?

= First cut: according to bid price —a la Goto
= Bad idea: open to abuse!
= Example: query [does my husband cheat?] -
ad for divorce lawyer
= We don’t want to show nonrelevant ads.

Instead: rank based on bid price and relevance
= Key measure of ad relevance: clickthrough rate
= clickthrough rate = CTR = clicks per impressions
= Result: A nonrelevant ad will be ranked low.
= Even if this decreases search engine revenue short-term
* Hope: Overall acceptance of the system and overall
revenue is maximized if users get useful information.

= Other ranking factors: location, time of day, quality and
loading speed of landing page
= The main ranking factor: the query

Information Retrieval 15



CS3245 — Information Retrieval Sec. 19.3

National University

Google’s second price auction

advertiser bid CTR adrank rank paid

$4.00 0.01 0.04 4 (minimum)
$3.00 0.03 0.09 2 $2.68
$2.00 0.06 0.12 1 $1.51
$1.00 0.08 0.08 3 $0.51

OO0 w >

bid: maximum bid for a click by advertiser

= CTR: click-through rate: when an ad is displayed, what
percentage of time do users click on it? CTR is a measure of
relevance.

= ad rank: bid x CTR: this trades off (i) how much money the
advertiser is willing to pay against (ii) how relevant the ad is

= rank: rank in auction

= paid: second price auction price paid by advertiser

Information Retrieval 16
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Google’s second price auction

advertiser bid CTR adrank rank paid

$4.00 0.01 0.04 4 (minimum)
$3.00 0.03 0.09 2 $2.68
$2.00 0.06 0.12 1 $1.51
$1.00 0.08 0.08 3 $0.51

O W >

Second price auction: The advertiser pays the minimum
amount necessary to maintain their position in the auction
(plus 1 cent).

= price; x CTR, = bid, x CTR, (this will result in rank,=rank,)
= price, = bid, x CTR, / CTR,

= p, = bid, x CTR,/CTR, = 3.00 x 0.03/0.06 = 1.50
= p, = bid, x CTR,/CTR, = 1.00 x 0.08/0.03 = 2.67
= p, = bid, x CTR,/CTR, = 4.00 x 0.01/0.08 = 0.50

Information Retrieval 17
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Keywords with high bids

According to http://www.cwire.org/highest-paying-search-terms/
$69.1 mesothelioma treatment options
$65.9  personal injury lawyer michigan
$62.6 student loans consolidation
S61.4 car accident attorney los angeles
§59.4  online car insurance quotes
§59.4  arizona dui lawyer

S46.4  asbestos cancer

S40.1 home equity line of credit

$39.8 life insurance quotes

§39.2 refinancing

$38.7 equity line of credit

S38.0 lasik eye surgery new york city
S37.0 2nd mortgage

§35.9 free car insurance quote

Information Retrieval 18
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Search ads: A win-win-win?

* The search engine company gets revenue every time
somebody clicks on an ad.

* The user only clicks on an ad if they are interested in
the ad.

= Search engines punish misleading and nonrelevant
ads.

= As aresult, users are often satisfied with what they
find after clicking on an ad.

= The advertiser finds new customers in a cost-
effective way.

Information Retrieval 19
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Not a win-win-win: ———
: B e
Keyword arbitrage

f Singapore

= Buy a keyword on Google

* Then redirect traffic to a third party that is paying
much more than you are paying Google.

= E.g., redirect to a page full of ads
* This rarely makes sense for the user.

= (Ad) spammers keep inventing new tricks.
"= The search engines need time to catch up with them.
=» Adversarial Information Retrieval

Information Retrieval 20
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Not a win-win-win: ENUS
Violation of trademarks |

f Singapore

= Example: geico

= During part of 2005: The search term “geico” on
Google was bought by competitors.

= Geico lost this case in the United States.
" Louis Vuitton lost a similar case in Europe.
= See http://google.com/tm complaint.html

" |t's potentially misleading to users to trigger an ad off
of a trademark if the user can’t buy the product on

the site.

Information Retrieval 21
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Duplicate detection

* The web is full of duplicated content.
= More so than many other collections
= Exact duplicates
= Easy to detect; use hash/fingerprint (e.g., MD5)
= Near-duplicates
= More common on the web, difficult to eliminate

= For the user, it’s annoying to get a search result with
near-identical documents.

= Marginal relevance is zero: even a highly relevant
document becomes nonrelevant if it appears below a
(near-)duplicate.

Information Retrieval 23
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Near-duplicates: Example
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National University
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Michael Jackson

From Wikipeda, the 1res encycicped a

W Micha... oa
. *

For other persons named Michaw! Jackson, see Michae!

wapedia. v
Wiki: Michael Jackson (1/6)

For other persons named Michael
Jackson, see Michael Jackson

The Free Fneyclopedia Jacksen (disarmbiguaion), ; . 2
_navigation Michael Josaph disambiguation).
= Main page Jackson {Augus! Michael Jackson
= Conbenls 29, 1658 -« June g ~ .
= Faatumed conlent 25, 2009) was an Mlc}.ael Joseph Jac'kson (Augus"
= Currert events Amerizan 29, 1958 - June 25, 2009) was an
= Random artcle recording atist, . . .
search c:n::ainr_-r a:\d American rccordmg artist,
I— m"ﬁ"e;m“:- Tf"e entertainer and businessman. The
seventh child o . .
(Go) (search) SO asE seventh child of the Jackson family,
*Interaction temly, he made he made his debut as an entertainer
2 his debut .
S i 1o e g | in 1968 as a member of The
« Reoant cnanges 1968asa 4 Jackson 5. He then began a solo
¢—Canam i mamber i Tha e . PR daas " 5
€ Find: [Q oric Next | Previous | (O Highlight all ) [] Match case. £ Find: (Q Next | Previcus | (O Hig
Information Retrieval 24
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Detecting near-duplicates

= Compute similarity with an edit-distance measure

= We want “syntactic” (as opposed to semantic) similarity.

= True semantic similarity (similarity in content) is too difficult
to compute.

* We do not consider documents near-duplicates if they
have the same content, but express it with different words.

= Use similarity threshold 6 to make the call “is/isn’t a near-
duplicate”.

= E.g., two documents are near-duplicates if similarity
>0 = 80%.

Information Retrieval 25
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Recall: Jaccard coefficient

= A commonly used measure of overlap of two sets
= Let A and B be two sets
= Jaccard coefficient:

JACCARD(A, B) =

(A# 0 or B+#10D)
= JACCARD(A,A) =1
= JACCARD(A,B)=0ifA N B=0
= Aand B don’t have to be the same size.
= Always assigns a number between 0 and 1.

Information Retrieval 26
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ENUS

National University
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Jaccard coefficient: Example

" Three documents:

= g1 “Jack London traveled to Oakland”

=  d2: “Jack London traveled to the city of Oakland”
= ds3: “Jack traveled from Oakland to London”

= Based on shingles of size 2 (2-grams or bigrams),
what are the Jaccard coefficients J(d1, d2) and J(d1,
ds3)?

= J(d1, d2) =3/8 =0.375

= J(di, d3)=0

= Note: very sensitive to dissimilarity

Information Retrieva 27
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A document as set of shingles

= A shingleis simply a word n-gram.

= Shingles are used as features to measure syntactic
similarity of documents.

" For example, for n =3, “arose is a rose is a rose”
would be represented as this set of shingles:

= { a-rose-is, rose-is-a, is-a-rose }

= We define the similarity of two documents as the
Jaccard coefficient of their shingle sets.

Information Retrieval 28
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Fingerprinting

= We can map shingles to a large integer space
[1..2™] (e.g., m = 64) by fingerprinting.
= We use s, to refer to the shingle’s fingerprint in 1..2™.

= This doesn’t directly help us — we are just converting
strings to large integers

= But it will help us compute an approximation to the
actual Jaccard coefficient quickly

Information Retrieval 29
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Documents as sketches

= The number of shingles per document is large,
difficult to exhaustively compare

= To make it fast, we use a sketch, a subset of the
shingles of a document.

* The size of a sketch is, say, n = 200 and is defined by a
set of permutations m1. . . mT200.

= Each mt;is a random permutation on 1..2™
= The sketch of d is defined as:

" <min g 74(S),min.c 4 75,(S), . . . ,Min .z 47T,00(S) >
(a vector of 200 numbers).

Information Retrieval 30
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Deriving a sketch element: FINUS
a permutation of the original hashes
document 1: {s,} document 2: {s,}
1 ° e ® e . m 1 [ ] o L - 2N
515 5354 51 S5 5385
xk = 7(sk) Xk = 7(Sk)
L 23 ugl 24’_,22 B L ?<3 * 21 ,24,_' 25 et
Xk Xk
1 )O<3 )o(l 24 )OQ ” 2m 1 ?(3 )O(]_ 25 ?(2 i 2m
ming, (sk) ming, 7(Sk)
1—2 - 2 1—2 - 2m
We use min__4, 71(s) = minsed, r(s) as a test for: are d, and d,

near-duplicates? In this case: permutation ntsays: d, = d,

31 31
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Proof that J(S(d,),s(d,)) = P(x; = x;)

A m1) wR) w3 mn=200 Weview a matrix A:
S, S, S, S, S, S, S S, S, S,
+ o1 o1 1 LG 3 @ = 1 column per set of hashes
I 119 010 0]0 0|1 1)1 = ElementA;; =1if elementiin
® 1|1 1|1 01 01 01 :
set S;is present
0|0 9 1(0 1|1 1|1 1|1 / p
IS e e 1|1 0| 1 = Permutation it(n) is a random
v$ 01 01 01 0o 1] 0 reordering of the rows in A
J(sy,59 =2/5 l l l = X is the first non-zero entry
v . O - . .
XiEX,  X;=Xs X EX, X1 =X, in rt(i), i.e., first shingle
X v/ X v present

= Let C,, =# of rows in A where both entries are 0,
define C,,, C,,, Cy, likewise.

= J(s,s;) is then equivalent to Cy; / Cjy + Cyy + Cyy

" P(x;=x,) then is equivalent to C;, / C;; + Cy; + Cy;

Information Retrieval 32
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Estimating Jaccard

= Thus, the proportion of successful permutations is the
Jaccard coefficient.

= Permutation mtis successful iff min_c 4, 17(s) = min ¢ 4, 1T(s)

= Picking a permutation at random and outputting 1
(successful) or O (unsuccessful) is a Bernoulli trial.

= Estimator of probability of success: proportion of
successes in n Bernoulli trials. (n = 200)

= Qur sketch is based on a random selection of
permutations.

= Thus, to compute Jaccard, count the number k of
successful permutations for < d,, d, > and divide by n =
200.

= k/n =k/200 estimates J(d,, d,)

Information Retrieval 33
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Shingling: Summary

" |nput: N documents

" Choose n-gram size for shingling, e.g., n =5

= Pick 200 random permutations, represented as hash
functions

= Compute N sketches: 200 x N matrix shown on
previous slide, one row per permutation, one column

per document

= Compute XL pairwise similarities

" Transitive closure of documents with similarity > 0
* |[ndex only one document from each equivalence

class

Information Retrieval 34
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What any crawler should do

= Be capable of distributed operation

= Be scalable: need to be able to increase crawl rate by
adding more machines

= Fetch pages of higher quality first

= Continuous operation: get fresh version of already
crawled pages

Information Retrieval 36
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How hard can crawling be?

= Web search engines must craw! their documents.

= Getting the content of the documents is easier for
many other IR systems.

= E.g., indexing all files on your hard disk: just do a
recursive descent on your file system

= Ok: for web IR, getting the content of the documents
takes longer. ..

= ... because of latency.
= Butis that really a design/systems challenge?

Information Retrieval 37
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Basic crawler operation

= |nitialize queue with URLs of known seed pages
= Repeat

= Take URL from queue

" Fetch and parse page

= Extract URLs from page

= Add URLs to queue

* Fundamental assumption: The web is well linked.

Information Retrieval 38
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What’s wrong with this crawler?

urlqueue := (some carefully selected set of
seed urls)

while urlqueue is not empty:

myurl := urlqueue.getlastanddelete()
mypage := myurl.fetch()
fetchedurls.add(myurl)

newurls := mypage.extracturls()

for myurl in newurls:

if myurl not in fetchedurls and not in
urlqueue:

urlqueue.add(myurl)
addt01nverted1ndex(mypage)

Information Retri 39



What’s wrong with ENUS

the simple crawler

= Scale: we need to distribute.

= We can’t index everything: we need to subselect. How?
= Duplicates: need to integrate duplicate detection

= Spam and spider traps: need to integrate spam detection

= Politeness: we need to be “nice” and space out all
requests for a site over a longer period (hours, days)

= Freshness: we need to recrawl periodically.

= Because of the size of the web, we can do frequent
recrawls only for a small subset.

= Again, subselection problem or prioritization

Information Retrieval 40



Magnitude of ENUS

the crawling problem

= To fetch 20,000,000,000 pages in one month. ..
.. . we need to fetch almost 8000 pages per second!

= Actually: many more since many of the pages we
attempt to crawl will be duplicates, unfetchable,
spam etc.

Information Retrieva 41
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What a crawler must do

Be polite

= Don’t hit a site too often

= Only crawl pages you are allowed to crawl: robots.txt

= Be immune to spider traps, duplicates, very large pages, very

large websites, dynamic pages etc

Information Retrieval 42
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Robots.txt

" Protocol for giving crawlers (“robots”) limited access to a
website, originally from 1994

= Example:
User-agent: *
Disallow: /yoursite/temp/
User-agent: searchengine
Disallow: /

= Important: cache the robots.txt file of each site we are
crawling

Information Retrieval 43
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URL Frontier

= The URL frontier is the
data structure that holds
and manages URLs we’ve
seen, but that have not
been crawled yet.

URLS crawed URL frontier = Caninclude multiple

found, but

not yet crawled pages from the same hOSt

= Must avoid trying to fetch
them all at the same time

= Must keep all crawling
threads busy

and parsed

Information Retrieval 44
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Basic Crawling Architecture

Sec. 20.2
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WWw

DNS

fetch

parse

doc
FPs

D

content
seen?

robots
templates

URL
filter

URL
set

dup
URL

elim

URL frontier

Information Retrieval
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URL normalization

= Some URLs extracted from a document are relative
URLs.

= E.g., at http://mit.edu, we may have aboutsite.html
= This is the same as: http://mit.edu/aboutsite.html

* During parsing, we must normalize (expand) all
relative URLs.

Information Retrieval 46
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Content seen

" For each page fetched: check if the content is already
in the index

" Check this using document fingerprints or shingles

= Skip documents whose content has already been
indexed

= Still need to consider Freshness: Crawl some pages
(e.g., news sites) more often than others

Information Retrieval 47
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Distributing the crawler

Run multiple crawl threads, potentially at different
nodes

= Usually geographically distributed nodes
Partition hosts being crawled into nodes
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Distributed crawling TN US
architecture |

doc URL
FPs set
~—>{DNS to
other
1 nodes
W parse_’content g URL e host e S;‘:_
? : :

. seen’ filter splitter m alim
from
other

1 nodes
URL frontier <
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A Crawler Issue: B NUS

Spider traps

= Malicious server that generates an infinite sequence
of linked pages

= Sophisticated spider traps generate pages that are
not easily identified as dynamic.
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The web as a directed graph

Sec. 21.1

TN US
%

National University
of Singapore

anchor text

hyperlink

page d>

= Assumption 1: A hyperlink is a quality signal.
= The hyperlink d; - d, indicates that d,’s author deems d,

high-quality and relevant.

= Assumption 2: The anchor text describes the content of d..
= We use anchor text somewhat loosely here for: the text

surrounding the hyperlink .

=  Example: “You can find cheap cars <a href =http://...>here</a>.”

= Anchor text: “You can find cheap cars here”
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[text of d,] only vs.

[text of d,] + [anchor text - d,]

= Searching on [text of d,] + [anchor text = d,] is often
more effective than searching on [text of d,] only.

= Example: Query 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

= Searching on [anchor text - d,] is better for the query
IBM.

= |In this representation, the page with most occurences of IBM is

www.ibm.com
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Anchor text containing IBM B NUS
pointing to www.ibm.com

of Singapore

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

\
\
\

www.slashdot.org: “New IBM optical chip”
/
\ /

\ /
/

"IBM faculty award recipients”

\
www.stanford\.edu:/
/

\ / /
\ l ,
\ 1y

\ W/
wwww.ibm.com
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National University
of Singapore

Indexing anchor text

= Thus: Anchor text is often a better description of a page’s
content than the page itself.

= Anchor text can be weighted more highly than document
text.

(based on Assumption 1&2)
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ational University

= Assumption 1: A link on the web is a quality signal — the

author of the link thinks that the linked-to page is high-
quality.

= Assumption 2: The anchor text describes the content of
the linked-to page.

= |s Assumption 1 true in general?

= |s Assumption 2 true in general?
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Google bombs

Sec. 21.1

BNUS
9%

Natio IU
'509

Is a search with “bad” results
due to maliciously manipulated
anchor text.

Still some remnants: [dangerous
cult] on Google, Bing, Yahoo

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

Google introduced a new
weighting function in January
2007

that fixed many Google bombs.

Defused Google bombs: [who is
a failure?], [evil empire]

Information Retrieval

Web Images Maps News Shopping Gmall more v _ &5

GOL)gle dangerous cult o

Web Results 1- 10 of about 252,000 for dangerous cult. (0.06 se

Scientoloay - Church of Scientology Official Site

Living in a Dangerous Environment - Drug and Alcohol Problems - Personalities, Emot
and How to Deal with Others ...

. scientology.org/ - 73k - Cached - Similar pages - Note this

The Most Dangerous Cult in The World by Laura Knight-Jadczyk

There's a new religious cult in America. It's not composed of so-called "crazies" so mu
mainstream, m|ddle to upper middle class Americans. ...

WY u:asan:pa' L aura N light-Jadczyk/fastest_growing_cult.htm - 144k -

Dangerous CultVarning Signs

If you, or a loved one, are in a dangerous cult, as determined by the above checklist,
must do everything you possibly can to remove the pmentlal

www.vistech, net/users/rsturge/cults, html - 4k - Cached - Similar pages - Note this

The Watchman Expositor: The Most Dangerous Cultin America

However, when the world's final chapter is written, which will prove to be "THE most

dangerous cult in America?" One of the cults menlloned above? ..
watchman.org/reltop/budcomp.htm - 10k
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PAGERANK
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Origins of PageRank:

Citation analysis (1)

= Citation analysis: analysis of citations in the scientific
literature.

= Example citation: “Miller (2001) has shown that physical
activity alters the metabolism of estrogens.”

= We can view “Miller (2001)” as a hyperlink linking two
scientific articles.

= One application of these “hyperlinks” in the scientific
literature:

= Measure the similarity of two articles by the overlap of other articles
citing them.

= This is called cocitation similarity.

= Cocitation similarity on the web: Google’s “find pages like this” or
“Similar” feature.
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National University

Citation analysis (2)

= Another application: Citation frequency can be used
to measure the impact of an article..

= Simplest measure: Each article gets one vote — not very
accurate.

= On the web: citation frequency = inlink count

= A high inlink count does not necessarily mean high quality ...
= ... mainly because of link spam.

= Better measure: weighted citation frequency or
citation rank

= An article’s vote is weighted according to its citation impact.
= Circular? No: can be formalized in a well-defined way
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Citation analysis (3)

= Better measure: weighted citation frequency or
citation rank, invented in the context of citation
analysis by Pinsker and Narin in the 1960s.

= This is basically PageRank.

= We can use the same formal representation for
= citations in the scientific literature
= hyperlinks on the web

= Appropriately weighted citation frequency is an
excellent measure of quality ...
= ... both for web pages and for scientific publications.
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Definition of PageRank

* The importance of a page is given by the importance
of the pages that link to it.

1
X = EN xj\

importance of page i JEB; J
/ \importance of page j

pages j that link to number of outlinks from
page i page j
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Pagerank scoring

" |magine a browser doing a random walk on web
pages:
= Start at a random page
= At each step, follow one of the n links on that page, eagf(g
with 1/n probability
" Do this repeatedly. Use the “long-term visit rate” as
the page’s score
= This is a global score for the page, based on the
topology of the network.

* Think of it as g(d) from Chapter 7
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Markov chains

A Markov chain consists of n states, plus an nxn transition
probability matrix A.

= At each step, we are in exactly one of the states.

= For 1 =ik =n, the matrix entry A, tells us the probability of k being
the next state, given we are currently in state J.

= Memorylessness property: The next state depends only at the current

state (first order Markov Chain) ‘ ‘
Aik

Tt
A,>0
IS OK.
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Markov chains

= Clearly, for all i, Z Ay =1.
= Markov chains are abstractions of random walks

Try this: Calculate the matrix A, using
1/n possibility
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g NUS
. @ it
Not quite enough
= The web is full of dead ends.
* What sites have dead ends?
" Our random walk can get stuck.
Dead End

Spider Trap
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Teleporting

= At each step, with probability 10%, teleport to a
random web page

= With remaining probability (90%), follow a random
link on the page

* |f a dead-end, stay put in this case / Teleport!

— —

rank = (1-a)A xrank+ a :

N x1
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Ergodic Markov chains

= A Markov chain is ergodic if

= you have a path from any state to any other

" you can be in any state at every time step, with non-zero
probability

e ® .~
ergodic

= With teleportation, our Markov chain is ergodic

* Theorem: With an ergodic Markov chain, there is a stable
long term visit rate.
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Markov chains (2" Try)

Try this: Calculate the matrix A, using
a 10% chance of teleportation

>

“ A B C

N ® >
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Probability vectors

= A probability (row) vector x = (x,, ... x,) tells us
where the walk is at any point

= E.g., (000...1...000) means we’re in state i.
I I n

More generally, the vector x = (x;, ... x,) means
The walk is in state i with probability x..

lel:l.
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Change in probability vector

= |f the probability vector is x = (x,, ... x,) at this step,
what is it at the next step?

= Recall that row i of the transition prob. Matrix A tells
us where we go next from state J.

= So from x, our next state is distributed as xA.
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Pagerank algorithm

= Regardless of where we start, we eventually reach
the steady state a
= Start with any distribution (say x=(10...0))
= After one step, we're at xA
= After two steps at xA?, then xA3 and so on.
= “Eventually” means for “large” k, xAk = a

= Algorithm: multiply x by increasing powers of A until
the product looks stable
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Steady State

= For any ergodic Markov chain, there is a unique long-
term visit rate for each state

= QOver along period, we’'ll visit each state in proportion to
this rate

= |t doesn’t matter where we start
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Eigenvector formulation
* The flow equations can be written
r=Ar
= So the rank vector is an eigenvector of the adjacency

matrix

" |n fact, it’s the first or principal eigenvector, with
corresponding eigenvalue 1
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Pagerank summary

= Pre-processing:

= Given graph of links, build matrix A

"= From it compute a

= The pagerank a; is a scaled number between 0 and 1
= Query processing:

= Retrieve pages meeting query

= Rank them by their pagerank

= Order is query-independent
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PageRank issues

= Real surfers are not random surfers.

= Examples of nonrandom surfing: back button, short vs. long
paths, bookmarks, directories — and search!

= - Markov model is not a good model of surfing.
= Butit’s good enough as a model for our purposes.

= Simple PageRank ranking (as described on previous
slide) produces bad results for many pages.
= Consider the query [video service].

* The Yahoo home page (i) has a very high PageRank and (ii)
contains both video and service.

= |f we rank all Boolean hits according to PageRank, then the
Yahoo home page would be top-ranked.

= Clearly not desireble.
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How important is PageRank?

" Frequent claim: PageRank is the most important
component of web ranking.

= The reality:

" There are several components that are at least as important:
e.g., anchor text, phrases, proximity, tiered indexes ...

= Rumor has it that PageRank in his original form (as presented
here) now has a negligible impact on ranking!

= However, variants of a page’s PageRank are still an essential part
of ranking.

= Adressing link spam is difficult and crucial.
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Summary

= Chapters 19, 20 and 21 of IIR

= Resources
= Paper on Mercator crawler by Heydon et al.
= Robot exclusion standard

= American Mathematical Society article on PageRank
(popular science style)

" 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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