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L ink Structure of the Web

The Internet is a graph of web pages Authoritative Page
that link to each other. In most cases,

these links can be seen as / l \
endorsements by a page author of the

content on some other page. Endorsed Pages —

. . . Also Good?
Building on this assumption, we can

create a ranking score for web pages \ /
based purely on how many

endorsements they receive from high- :

quality pages. This is PageRank. How about this one?




The Random Surfer

Consider the following random
experiment:

Start at a web page chosen uniformly at
random. At each time t, tlip a biased coin

(e.g. probabillity of heads is A). If the coin

comes
random

Otherwi

at random.

The PageRank of a particL

expected fraction of visits

would make to It.

Up heads, follow a link chosen at
from the current page.
se, choose a new page uniformly

lar page is the

the surfer

A--

/ N\



leleportation in PageRank

The surfer’s abllity to choose a random
page instead of following a link is /

called teleportation.

The surfer needs to teleport in order to
escape from dead-end link cycles, B
and from pages with no out-links.

A trap for naive surfers



Calculatin

More precisely, the Page
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A standard convergence test is when

| new — old||
N

< tfor some r<1. Smaller

values of r are more accurate but take

longer to converge.

g PageRank

Rank of a page is:

1: procedure PAGERANK(G)

2 > (& is the web graph, consisting of vertices (pages) and edges (links).
3: (P,L) — G > Split graph into pages and links
4: [ «— a vector of length |P| > The current PageRank estimate
5: R < a vector of length |P| © The resulting better PageRank estimate
6: for all entries I; € I do

7: I; — 1/|P| > Start with each page being equally likely
8: end for

9: while R has not converged do

10: for all entries R; € R do

11: R; «<— A/|P| > Each page has a A\/|P| chance of random selection
12: end for

13: for all pages p € P do

14: QQ < the set of pages such that (p,q) € L and q € P

15: if |Q| > 0 then

16: for all pages ¢ € Q do

17: R,— R,+ (1-\)I,/|Q)| > Probability I, of being at

page p

18: end for

19: else
20: for all pages ¢ € P do
21: Ry — Ry + (1 —=A)1,/|P]
22: end for
23: end if
24: I — R > Update our current PageRank estimate
25: end for
26: end while
27: return R

28: end procedure



PageRank with Linear Algebra

1 . "
PageRank can also be calculated N . if \ou.tlmks(z)\ =0
using the transition probability matrix P Pij =< § T Toumiey) €€ if) € outlinks(i)
of the random experiment. A

else
P;; € (0,1) is prob. of transition from i to j

N
\V/i, Z P,',j — 1
=1

A A
The largest eigenvalue of Pis 1. The / \:\

corresponding left eigenvector gives
the PageRank of each page. B — C
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Problems with PageRank

The original implementation of

manipulated.

* Link farms — large co

iInexpensive sites car

PageRank has several known tlaws.
mportantly, it can be easily

lections of
be created to

artificially boost a page’s rank by

INKing 1o It.

* Link spam — blog comments can link

to an unrelated page,
blog to artificially “endorse” the page.

causing the

A link farm: D and E unfairly
boost C’s PageRank.



Wrapping Up

PageRank is a query-independent signal of a page’s quality, based on
endorsements by other pages online.

't has some issues In its original form, but successive generations
have removed some of these issues.

Next, we'll see an updated form of PageRank which attempts to
calculate page quality for a particular user.
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Conditional PageRank

nal PageRank score Is a
on over the entire Internet.

We are often interested in quality
scores for more restricted subsets of
the Internet, e.g. for pages on a
particular topic.

The fundamental trick is to moditfy the
teleportation probability and then
follow links as usual.

Pages with Topic Labels




Obtaining Page Topic Labels

Topic labels can be obtained from an
Internet directory such as dmoz.org or
vahoo.com.

W Follow @dmoz about dmoz | dmozblog | update listing | report abuse/spam | help

Search | the entire directory 3

Top: Sports (78,283) Description
TOpiCS can a|SO be inferred Jsing [A|B|C|D|E|E|G|H|I|J|K|LIM|N|O|P|Q|R|S|T|U|V|W|X|Y]|Z]
. . . . « Coachinga (4) o » People {78)
semi-supervised learning: given some S Kt
labels, we can calculate the most o a4 0

News and Media@ (276) e Women (74)

probable topic for unlabeled pages.  Offcatng 17

e Organizations (29)

: . o Adventure Racing (122) o Lacrosse (683)
e Airsof e L 7
We don't need accurate topic labels e O — .
« Animal Sports (7) « Martial Arts (4,079

for all pages; we will follow links to Ay ; Metarsgerts 745

unlabeled pages. The Open Directory Project


http://dmoz.org
http://yahoo.com

Topic-specific PageRank

Once we have our topic labels, we
modity PageRank teleportation to

teleport only to the set T of pages with Y[ RN ll .........
IR . Bs

the specitied topic t.

Some set Y 2 T of pages will have a | 44 ,,,,,,,,,,,, /
steady-state PageRank distribution A2 —— B;s
from this process.

The pages in Y have topic-specific \
PageRank scores for the topic, .

Dotted edges represent teleportation options



Mixing lopics

Suppose a user is interested multiple topics. We can compute a
Personalized PageRank by teleporting with a distribution according to
thelr interests.

» For instance, 60% of the time we teleport to a sports page and 40%
of the time to a politics page.

Recalculating PageRank for each user is prohibitively expensive, but it
turns out we don't have to.

The final distribution is just a linear combination of topic-specific
PageRank scores: 0.6m;+ 0.4m,.



Does Personalization Help?

Personalized PageRank scores make intuitive sense, but it's not clear that they
help much. They tend not to be used In practice due to several concerns.

* Privacy — A detalled log of users’ web page preferences can reveal sensitive
information about their political opinions, income levels, etc.

 Users change — People gain and lose Iinterests over time, and it isn't clear
how to update models. They also run queries related to new topics, and a
personalized model might mislead the search engine.

e Clear queries don't need it — If the information need of the query is clear
enough, we don't need this kind of topic-based help to perform well.



Wrapping Up

Topic and individual based PageRank scores seem a promising

avenue for improving performance of certain queries. However, it's Not
clear how to best put them to use In real world situations.

Next, we'll continue exploring web page topics by learning how to infer
topics from the document text alone.



