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ow to Organize the Web?

First try: Human curated
Yahoo,

DMOZ,
LookSmart
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about dmoz | dmoz blog | suggest URL | help | link | editor login

Arts

Movies, Television Music...

Games

Video Games, RPGs, Gambling...

Kids and Teens
Arts School Time, Teen Life. ..

Reference
Maps, Education, Libraries...

Shoppin
Clothing. Food. Gift

nfts...

World

Business
Jobs, Real Estate, Investing...

Health

Fitness, Medicine, Altemative...

| Search | advanced

News

Media, Newspapers, Weather...

Computers

Intemet, Software, Hardware ...

Home
Family, Consumers, Cooking...

Recreation
Travel Food, Qutdoors, Humor. ..

Regional
US, Canada, UK, Europe...

Science
Biology, Psvchology, Physics...

Society
People, Religion. [ssues...

Sports
Baseball, Soccer, Basketball...

Catala, Dansk, Deutsch, Espafiol, Francais, Italiano, B 7528, Nederlands, Polski, Pycciani, Svenska...

Become an Editor

ttp://cs224w.stanford.edu

Help build the largest human-edited directory of the web - N




Information Retrieval

Newspaper articles
Patents, etc.

Synonimy: buy — purchase, sick —ill
Polysemi: jaguar
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The Index Size Wars
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Web Search vs. Inf. Retrieval

Anchor Text: | go to Stanford where | study

No single right answer
(IR) vs. (Web)

Web: Many sources of information.

Pages that actually know about newspapers
might all be pointing to many newspapers
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Ranking: Where do people look at?
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the “golden triangle”
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Ranking Nodes on the Graph

11/8/2011

Web pages are not equally “important”

www.joe-schmoe.com vs. www.stanford.edu

We already know:

Since there is large diversity
in the connectivity of the
webgraph we can




Link Analysis Algorithms

to computing importances of
nodes in a graph:
Hubs and Authorities (HITS)

Page Rank
Topic-Specific (Personalized) Page Rank

Degree dentrality = degree of u
Betweenness centrality = #shortest paths passing through u

Closeness centrality = avg. length of shortest paths from u to
all other nodes

Eigenvector centrality = like PageRank
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Link Analysis

(back to the newspaper example):

Don’t just find newspapers.Find “experts” — people
who link in a coordinated way to good newspapers

Page is more important if it has more links
In-coming links? Out-going links?

NYT: 10
Each page has 2 scores: ..
Quality as an expert (hub): ’
Total sum of votes of pages pointed to Yahoo: 3
Quality as an content ( ): CNN: 8

Total sum of votes of experts
Principle of repeated improvement WSJ: g
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Hubs and Authorities

Authorities are pages containing useful

information : "o o
Newspaper home pages we— @9 :
Course home pages .

Home pages of auto manufacturers ‘ *

Hubs are pages that link to authorities

List of newspapers NYT: 10
. Ebay: 3
Course bulletin Yahgo:?,

CNN: 8

List of US auto manufacturers
WSJ: g
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Counting in-links: Authority

2 votes
‘ Wall St. 2 votes
. . Journal
- New York
Times 4 votes
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Expert quality: Hub

2 votes
‘ Wall St. 2 votes
Journal

7 o/ New York
Times 4 votes

USA Today e

o 1 vote

@ 3 votes
@ 3 votes
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Reweighting

new score: 19

‘ Wall St. new score: 19
Joumnal

Times new score: 31

Facebook
o new score: 5

@ new score: 15
@ new score: 12
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Mutually Recursive Definition

Hub score and Authority score
Represented as vectors h and a
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[Kleinberg ‘98]

Hubs and Authorities

Each page i has 2 scores:
Authority score: q;
Hub score: h;

Initialize:a; =1, h; =1

Then keep iterating:
Vi: Authority: a; = X5,
Vi: Hub: h; = X, q;
Vi:normalize: ;a; =1, 2 hy = 1 hi=Za]-

h;

—j
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[Kleinberg ‘98]

Hubs and Authorities

Slightly change the notation:
Vectora = (a,...,a,), h=(h,...,h)

Adjacency matrix (n x n): M, =1 if i—j
Then:

h=>a <h=) M,a,

=] J

So: h=Ma
And likewise: a =M " h
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Hubs and Authorities

HITS algorithm in new notation:
Set:a=h=1"
Repeat:
h=Ma, a=M"h
Normalize
Then: a=M"(Ma)
2

L new h ,
) 4

new a

Thus, in 2k steps:
a=M"M)*a
h=(M M) h

MM a)=(M"M) a

M (MT h)=(MMT) h

Repeated matrix powering
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Eigenvalues & Eigenvectors

Definition:
Let Ax= Ax for some scalar A, vector x, matrix 4
Then x is an eigenvector, and A is its eigenvalue

If 4 is symmetric (Al.j:Aﬁ)
(in our case M’ M and M M" are symmetric)

Then A has n orthogonal unit eigenvectors w;...w,
that form a basis (coordinate system) with

eigenvalues A,... 4. (4|24,
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11/8/2011 Jure

How to Think About A-x?

Let’s write x in coordinate system w,...w
x=2; o;w,
x has coordinates (a,..., o)

Ao A (A 2 2|4 ))

Ax =Xx =2 1o w, Ax = Ax
As k—>o0, if we normalize
k A AN
A X %/1] &]W] ,ll_,rgollzk_</12>
(contribution of all other coordinates — 0)
So a is eigenvector of M M

associated with largest eigenvalue A,
Similarly: h is eigenvector of M M’
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PageRank: The “Flow” Model

The web in 1839

y/2

a/2

y/2

——Q
al2 ]
E Flow equations:

(|) r, =r,/2+r,/2

[—> ] OUt

Define a “rank” r; for node |

r,=r,/2+r,
ry,=r,/2
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PageRank: Matrix Formulation

Let page j has d; out-links
Ifj —i,then M, = 1/d; else M, =0

M is a column stochastic matrix
Columns sumto 1

1
Mij —_ §
vector with an entry per page
r;is the importance score of page i

2. r =1
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Random Walk Interpretation

Imagine a

11/8/2011

At any time ¢, surfer is on some page u

At time ¢+, the surfer follows an out-link
from u uniformly at random

Ends up on some page v linked from u
Process repeats indefinitely

P(?) ... vector whose ith coordinate is the
prob. that the surfer is at page i at time ¢

P(?) is a probability distribution over pages
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The Stationary Distribution

Follows a link uniformly at random
p(t+1) = Mp(2)
Suppose the random walk reaches a state
p(t+1) = Mp(1) = p(?)

then p(?) is of a random walk
I satisfies r = Mr

So, it is a stationary distribution for
the random walk
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PageRank: How to solve?

Given a web graph with n nodes, where the

nodes are pages and edges are hyperlinks
Assign each node an initial page rank
Repeat until convergence

calculate the page rank of each node

(7)

(¢+1) 7/;
F; - Z d

=] i

d; .... out-degree of node |
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PageRank: How to solve?

y a m
% | % | 0
Setr; =1 al % | 0 | 1
. ml 0| % |0
T = Zinjg,
And iterate v = hfer Ll
r,=r,/2+r,
Fm =1, /2
T, ] 1/3  1/3  5/12 9/24 6/15
| = 1/3 36 13 11/24 ... 6/15
T, 1/3 16 3/12 1/6 3/15

lteration O, 1, 2, ...
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PageRank: Three Questions

(t+1) v
r] - Z d equi\(/)z;IentIy r — Mr

=] i
Does this converge?

Does it converge to what we want?

Are results reasonable?
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Does This Converge?

0—O0

1 0 1 O
' c 1 0 1

lteration O, 1, 2, ...
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Does it Converge to What We Want?

0—0

1 0 0 O
I oc 1 0 O

lteration O, 1, 2, ...
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RageRank: Problems

2 problems:
Some pages are “
(have no out-links)

Such pages cause
importance to “leak out”

(all out links are
within the group)

Eventually spider traps absorb all importance
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Problems: Dead Ends

y a m
% | % | 0
Setr; =1 al | 0| 0O
T @ m| 0 | % |0
T = Zinjg,
And iterate v =hfer Ll
r,=r,/2
Fm =1, /2
T, ] 1/3  2/6 3/12 5/24 0
| = 1/3 16  2/12 3/24 .. 0
T, 1/3 1/6 1/12 2/24 0

lteration O, 1, 2, ...
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Problems: Spider Traps

y a m

¥ | % | 0

Setr; =1 % | 0 | 0
r; 0| » | 1

T; :21'—>jd_i
ry =r,/2+r,/2

And iterate
r,=r,/2
rm=r,/2+r,

T, ] 1/3  2/6 3/12 5/24 0
|= U3 16 2112 324 .. O
o 13 3/6 7/12 16/24 1

lteration O, 1, 2, ...
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Looks a Lot Like...

W41 _ ()

Markov Chains
Set of states X
Transition matrix P where P;; = P(X;=i | X ;=])
1t specifying the probability of being at each
state x € X
Goal is to find msuch that m=n P
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Why is This Analogy Useful?

11/8/2011

Markov chains theory

Fact: For , the power method

applied to a Markov transition matrix P will
to a positive stationary

vector as long as P is ,

and

ure Leskovec, Stanford CS224W: Social and Information Network Analysis, http://cs224w.stanford.edu



Make M Stochastic

Stochastic: every column sums to 1

S :M+a(£e)
7

e...vector
of all 1

ry =r/2+r, /2+r,/3
ry =r,/2+r.,/3
r,=r, /12 +r.,/3

y| % | % | 13
v, | 0 | 13
m| 0 | % | 1/3

b}

e
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Make M Aperiodic

A chain is periodic if there exists k > 1 such
that the interval between two visits to some
state s is always a multiple of k.
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Make M Irreducible

From any state, there is a non-zero
probability of going from any one
state to any another.

y
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Solution: Random Jumps

With probability /-4,
follow a link at random
With probability /5,

jump to some page uniformly at random
[Brin-Page, 98]

r:(l_ﬁ)zl—qd +ﬁ_

Assuming we follow random teleport links d.... outdegree
with probability 1.0 from dead-ends of node |
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The Google Matrix

The Google Matrix:
1
G = (1 —,B)S+,B£eeT

G is stochastic, aperiodic and irreducible.

t+1 GT'
G is dense but computable using sparse mtx H

G =(1 —,B)S+,BleeT—
=(1-BM + = aTe)+,B eel
=(1—,8)M+((1—,B)a +,BeT)£e
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PageRank & Eigenvectors

r=Mr < r=2,r/d
= (]'ﬂ) 2 V/d 4+ ,B di...out—degreg
J i—j "% of node i

M’ =(1- f) M; + [ 1/n
Then:

In practice £ =0.15 (5 links and jump)
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PageRank and HITS

PageRank and HITS are two solutions to the
same problem:

In the PageRank model, the value of the link
depends on the

In the HITS model, it depends on the value of the
other links

The destinies of PageRank and HITS
post-1998 were very different
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Personalized PageRank
and Applications




Personalized PageRank

Goal: Evaluate pages not just by popularity
but by how close they are to the topic

(we used this so far)

Topic-specific (personalized) PageRank
M’ = (1-f) M, + B/|S| ifiinS )
= (1-p) M, otherwise
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PageRank: Applications

Ranks nodes by “importance”

@p SD

Ranks proximity of nodes

/> @ Z@

to the teleport nodes S

What is most related
conference to ICDM?

GO RS

Teleport back: S={single node}

Conference

Jure Leskovec, Stanford CS224W: Social and Information Network Analysis, http://cs224w.stanford.edu
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Application: TrustRank

millions of pages design to
focus PageRank on a few

networks of

undeserving webpages

To minimize their
influence use a teleport

set of trusted webpages

11/8/2011

E.g., homepages of
universities

|_search

Free Prepaid Calling
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Internet Phone Card
Calling Cards from To
Calling Cards for India

Cellular Phone Prepaid
Phone Card

Long Distance Card

Cheap International

Calling Cards
Instant Calling Card Pin
Calling Card Costa Rica

South Africa Calling
Card

Buy a Calling Card

Online prepaid phone card
Over 95 prepaid calling cards sale Great quality instant ph

US 1¢/min - World 2¢/min
Use from Home, Office, Hotel & Cell Pre-Paid Card. Easy Nc

Prepaid Phone Cards
Your Guide To Consumer Electronics. Find Prepaid Phone C

Prepaid Phone
Compare prepaid phones and plans. Boost Mobile® Officia

Prepaid Phone Cards
Looking For Prepaid Phone Cards? See Our Prepaid Phone

Phone Card
Find Providers of Prepaid Phone Cards on the Business.col

Phone card
Unlimited local and long distance Int'l rates as low as 1¢ p
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PageRank:
Problems




Issues with PageRank

[Cho et al., WWW ‘04]

Two snapshots of the web-graph at two different
time points
Measure the change:

In the number of in-links
PageRank

Absolute increase in

the mo. of To-Lifks Absolute increase in

the PageRank values

4 x10°
0.002}
6
3x10 0.0015}
0.001}
2% 108
0.0005!}
6 Popularit
L 60 80 100 °F Y
-0.0005}
Popularity
20 40 60 80 100 -0.001}
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Google Bombs

Web Images Groups MNews Froogle Local more »

( ;Os.)gle [miserable failure EE At:acstd Seacch

Web Results 1 - 10 of about 969,000 for miserable failure. (0.06 seconds)

Biography of President George W. Bush Web Images Maps News Shopping Gmail more v
Bmgraphy of the president from the official White House web site N Satamar
www whitehouse.gov/president/gwbbio_html - 29k paqe {

Past F'restdents Kids Onl\, Current Hews -“P-re':“.idem — P — .
Wlore se.q GO L )gle dangerous cult Search

Welcome to MichaelMoore.com!

Official site of the gadfly of corporations, creator of the film Roger and Me
and the television show The Awful Truth. Includes mallmg list, message board, ... Web Results 1 - 10 of about 252,000 for dangerous cult. (0.06 se
v.michaelmoore.com/ - 35k - Sep 1, 2005 -

Scientology - Church of Scientology Official Site
Living in a Dangerous Ervironment - Drug and Alcohol Problems - Personalities, Emot
and How to Deal with Olhers

BBC NEWS | Americas | 'Miserable failure’ links to Bush

Web users manipulate a popular search engine so an unflattering description leads
to the president’s page

news.bbc._co.uk/2/hi/famericas/3298443 stm - - Cached - Similar page www. scientology.org/ - 73k - Cached - Sir pages -
fooq'i 5 (and Inktomi's) Miserable Failure : The Most Dangerous Cult in The World by Laura Knight-Jadczyk
Bu?r,a;c,ogz A,m,,,rqm frepios vod ,: == ' = e The_re's a new r_elignous cult in America. It's not qomposed of so-called “crazies" so mu
searchengir ( -;O( ) le french military victories Google Sjached - Simi| Mainstream, middle to upper middle class Americans. .

: Search: @ the web WWW. Cassiopaea.org/cas Lﬂ' a-Knight-Jadczyk/fastes ! growing_cult.htm - 144k -

Images | Groups | Director News

Dangerous Cult VWarning Signs

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

www, vistech, net/users/rsturge/cults html - 4k - Cached -

Did you mean: french military defeats

No standard web pages containing all your search terms were found
Your search - french military victories - did not match any documents

Suggestions The Watchman Expositor: The Most Dangerous Cult in America

- Make sure all words are spelled correctly However, when the world's final chapter is written, which will prove to be "THE most

- Try different keywords. dangerous cult in America?" One of the cults menhoned above?
§g;‘:?§:f%’;€$ﬂd§moms vatchman.org/reltop/budcomp.htm - 10k - Car [
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