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Objectives

Find documents matching user query

Do It FAST!
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SMART

( ystem for the 'Viechanical /\nalysis and ' etrieval of

IBM 7094 & IBM 360

Implemented at Cornell (1965 — 1970)

Based on matrix methods

ext)



Term—Document Matrix

Single words — or short phrases (e.g., landing gear)

Count f;; = # times term 7 appears in document j

Doc 1 Doc 2 Doc n
TERMl( fll f12 fln\

TERM 2 f21 f22 f2n
: : : ' : = Anxn

TERI\-/I m \ fml fm2 fmn )

Large, sparse, nonnegative — but otherwise unstructured
Contains a lot of uncertainty
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Query Matching

_ _ (1 if Term 7 iIs requested
a’ = (g1, 92, - - - @) g = { ! .

0 if not

l.e., how close Is g to each column A;?

g — A1l < ||[g — Azl but 65 < 64

g’ A,
ol 1Al

Rank documents by size of ¢;

Use 9, = cos; =

Return Document ¢ to user when §; > tol
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Term Weighting

Suppose query = NCSU
Suppose NCSU occurs once in Dy and twice in D5
Then 02 &~ 20, (if [Al=l|Az] )

Set Qjj = IOg(]_ + fzg)

Terms Boeing and airplanes not equally important in queries

Importance of Term T; in a query tends to be inversely
proportional to v; = # Docs containing 7;

_Jlog(n/v;) ifv; 70
Set g; {O fv, =0
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Uncertainties in A

A plane could be ---
A flat geometrical object
A woodworking tool
A Boeing product

No two authors write the same way
One author may write car and laptop
Another author may write automobile and portable

No two people index documents the same way
Computer indexing Is inexact and can be unpredictable
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Theory vs Practice

Index Docs — Weight frequencies in A— Normalize ||A;|| =1
For each query, Weight terms — Normalize ||q|| =1
Compute §; = cos b, = (g A), to return the most relevant docs

Suppose query = gas
D Indexed by gas, car, tire
D> Indexed by automobile, fuel, and tire

Find D, by somehow making a connection through tire
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Two Big Jobs

Uncover Hidden Connections

—— Clean the datain A ——

Do Things FAST!

——— Compress the datain A ——



Contaminated Data

AR
“LZ T

Compress the data
Reveal hidden patterns




Change Of Coordinates

Find coordinates of x with respectto B
Find y, sothat x =) y.W;
yr = (W|x) = amount of x in direction of W
X=Wy where W=Wy|Wy|-|W,_1)

y = W 1x
_ _ W = e27ri/n
1
1 W wZ B wn—l
W = % 1 w? ol cen 2

- =1 nNXn



Making The Change

Yo 1 1 1 oo 1 | [ x|
/7 I I T S S S I
Yo —“ 11 52 64 é’n—Q 9
. ’rL . ° . . . :

| Yn—1_ B S )




The New Coordinates

Only 4 are significant: Yso = 1 = ya392 Yso = —21 = —Yu62

X = Z yka — Wgo + W432 — 2I (W50 — W462) +



Drop Small Coordinates

X = (Wso + Waga) — 2i (W50 — Waga)

= (Wgo + Wy,—g0) — 21 (W50 — W) —50)

X~To,T2y...,T511 X ~ 1, 80, 2, 50

} — X = c0S 2780t + 2sin 2750t

X = C0S 2780t + 2SIN 2750t +



Original Data
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Cleaned & Compressed Data

3

3 | | | | | | | | |
0] 0.1 (] 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

X = (Wso+ Wiy_s0) — 2i (Wso — W,,_50) = COS 2780t + 2 sin 2750t



The DFT Game

1 1 1 1 To
1 5 52 S oo Sn—l 71
— - 2 2 4 A n—2 _ a—27i/n
y = Fax =g 88 e = e
| 1 gn—l fn—Z S oo 5 | | Tr—1 |

Must be done FAST!

1662 }

In/2 Dn/2
Fn — Bn(|2 0y Fn/2)Pn Bn — Dn/2 —
In/Z _Dn/Z

FFT changes n? flop requirement into (n/2)log,n
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Back To IR

Reveal hidden info and execute q’A fast
A = Z az-jEij Ez'j — eie?
2,J

A = ZO'ZZZ

o; = (Z;|/A) = amount of A in direction of Z,

Represent data with as few directions Z; as possible

SVD = R = |: ...07“0. :| — A = 2221 Uizi <ZZZ]> = {O

1

i=j
]
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Truncate

~

Drop small o;’'s — replace A with A=>"_, 0,Z
Lose only small part of relevance

Lose larger proportion of uncertainty

Normalize columns
N k TH — k ST
A—> " ouv;D=>" ouV;

Query Matching
q —a/lal

qT'Z\ — Zf:l o) V@T = (617 527 Y 571)
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Pros & Cons

Compression
A replaced with a few sing values & vectors (but dense)
They are determined & normalized only once

SPEED!
Each query requires only a few inner products

TN _ k T \SGT
CI Amxn — Zr[;:]_ Uz(q ui)vi
Latent semantic associations are made

Relevant docs not found by direct matching show up
Latent Semantic Indexing (LSI)

Adding & deleting docs requires updating & downdating SVD
Determining optimal £ Is not easy (empirical tuning required)
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Other Orthogonal Expansions ?

No compression — no oscillatory components

1 1 1 0

_ |1 1 11 1 -1 0

H2'[1 —1] =1 1 0 1

_1 —1 0 —1_
— Hn/2 .
H,=(l2 ®H,.)P, | = H, X IS Fast!
n/2

Factor A = HmBHg = Zi,] ﬁijhz-hjr ( h's only use -1, 0, 1)

More than a few 3;;'s may be needed
Needs padding if m or n not a power of 2
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Link Analysis (Think Web)

Still must index key terms on each page
Robots crawl the web — software does indexing

Inverted file structure
Termy — P, P, ...
Termg — P, P, ...

Attach an importance rating to P;, P;, Py, P, ...

Direct query matching

Q = Termy, Terms, ... produces P, P;, P, B,...

Return P;, P;, Py, P, ... to user in order of Iimportance
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How To Measure " Importance”

Authorities Hubs
L N
7N e | .

Good hub pages point to good authority pages

Good authorities are pointed to by good hubs



HITS Algorithm

(J. Kleinberg 1998)

a; = authority score for P, h; = hub score for P;
. . |1 P — P
Start with h;(0) = 1 for all pages P, L;; = {O P4 P
Successively refine rankings
For k=1,2,...
ai(k) = » hik—1) = a=L"h;,
j:P—P,
hi(k) = Y a;k) = h, =La

A=L'L a,=Aa. ;— e-vector
H=LLY hy=Hh,_;— e-vector
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Compromise

1. Do direct query matching

CC
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Compromise

1. Do direct query matching

2. Build neighborhood graph

P
.
® ﬂ©>9/
®




G

Compromise

1. Do direct query matching

2. Build neighborhood graph

P
.
® ﬂ©>9/
®

3. Compute authority & hub scores for just the neighborhood
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Pros & Cons

Returns satisfactory results

Client gets both authority & hub scores

Some flexibility

Too much has to happen while client is waiting
Custom built neighborhood graph needed for each query
Two eigenvector computations needed for each query

Scores can be manipulated by creating artificial hubs
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Google

(Sergey Brin & Lawrence Page 1998)
Ranking is preassigned
Your page P has some rank r(P)

Adjust r(P) higher or lower depending on ranks of pages that
pointto P

Importance is not number of in-links or out-links
One link to P from Yahoo! Is important

Many links to P from me is not

But if Yahoo! points to many places, the value of the link to P
Is diluted
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PageRank

= {all nt
r(P)=) r(P) Bp = {all pages pointing to P}

PeBy 1P| |P| = number of out links from P

Start with ro(P,) =1/n  for all pages Py, Ps, ..., P,
Iteratively refine rankings for each page

r1(F;) = Z TO](DP)

PEBPZ- | |

TQ(Pi) — Z rl(PP)

PEBPZ. ‘ |

ri+1(F%) = Z rj;P)

PEBPZ. | |
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In Matrix Notation

7 = |ri(Py), ri(P2), -+, ()]

1/|P;| if ¢ '
7r]T+1 = 77]TP where p;; = { /1P L °7_

0 otherwise

PageRank = |lim «! = !

joo I

P = [p;;] is a stochastic matrix

Each wT IS a probability distribution vector

wi,, =7;P is random walk on the graph defined by links
7' = lim «; = stationary probability distribution

J—00
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Random Surfer

Long-run proportion of time on page P, IS

Dead end page (nothing to click on)
7' not well defined

Could get trapped into a cycle (P, — P; — P,)
NO convergence

Markov chain must be irreducible and aperiodic

~

Replace P by P=aP+ (1 —a)E where ¢,;=1/n a~ .85
Different E’'s and «’s allow customization & speedup
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Web Sites Fight for Prime Real Estate on Google

Contirued Prom First Page
advertising that tried to capitalize on
Google's formula for ranking sites. In ef-
fect, SearchKing was offering Its cllents
a chance to boost their own Google rank-
ings by buying ads on more-popular
sites. SearchKing filed sult against the
search company In federal court in Okla-
homa, cdaiming that Google “purpose.
fully devalued” SearchKing and its cus-
tomers, damaging its reputation and
hurting its advertising sales.

Google won't comment on the case. In
court filings, the company sald SearchK-
ing "engaged In behavior that would
lower the quality of Google search re-
sults” and alter the company’s ranking
system.

Google, a closely held company
founded by Stanford University graduate
students Sergey Brin and Larry Page,
says Web companies that want to rank
high should concentrate on improving
their Web pages rather than gaming its
system. “When people try to take scoring
into their own hands, that turms into a
worse experience for users,” says Matt
Cutts, a Google software engineer,

Coding Trickery

Efforts to outfox the search engines
have been around since seéarch engines
first became popular in the early 1990s.
Early tricks included stuffing thousands
of widely used search terms in hidden
coding, called “metatags.” The coding
fools a search engine into ldentifying a
site with popular words and phrases that
may not actually appear on the site.

Another gimmick was hiding words or
terms against & same-color background.
The hidden coding deceived search en-
gines that relied heavily on the number
of times a word or phrase appeared in
ranking a site, But Google's system,
based on links, wasn't fooled.

Mr. Brin, 29, one of Google's two
founders and now its president of technol-
ogy, boasted to 4 San Francisco search-
engine conference in 2000 that Google
wasn't worried about having its results
clogged with irrelevant resulls because
Its search methods couldn't be manipu-
lated.

That didn't stop search optimizers
from finding other ways to outfox the
system. Attempts to manipulate Google's
-gm even became a sport. called Goo-

[ YOROOY WY T T TR VS

creating Web sites that were nothing
more than collections of links to the
clients' site, called “link farms,” Since
Google ranks a site largely by how
many links or “votes” it gets, the link
farms could boost a site’s popularity.

In a similar technique, called a link
exchange, 4 group of unrelated sites
would agree to all link to each other,
thereby fooling Google into thinking the
sites have a multitude of votes, Many
sites also found they could buy links to
themselves to boost their rankings.

Ms. Holman, the leatherwear retaller,
discovered the consequences of trying to
fool Google. The 42-year-old hospital lubo-
ratory technician, who leamed computer
skills by troubleshooting her hospital's

“The big search

engines determine the
laws of how commerce
runs, says Mr. Massa.

equipment, operates her online apparel
store as a side business that she hopes
can someday replace her day job.

When she launched her Exolic
Leather Wear store from her home (n
Mesa, Ariz., she quickly learned the Im-
portance of appearing near the top of
search-engine results, especially on Goo-
gle. She boned up on search techniques,
visiting online discussion groups dedi-
cated to search engines and reading
what material she could find on the Web,

At first, Ms. Holman limited herself to
modest changes, such as loading her page
with hidden metatag coding that would
help steer a search toward her site when a
user entered words such as “haltertops” or
*leather miniskirts.” Since Google doesn't
give much weight to metatags in determin-
ing its rankings, the efforts had little ef-
fect on her search results.

She then received an e-mail adver-
tisement from AutomatedLinks.com, a
Wirral, England, company that prom-
ised to sendd traffic “through the roof”
by linking more than 2,000 Web sites to
Aside from attracting customers,

In theory, when Google encounters the
AutomatedLinks code, it treats it asa legit-
{mate referral to the other sites and counts
them in toting up the sites” popularity.

Shortly after Ms. Holman signed up
with AutomatedLinks in July, she read on
an online discussion group that Google
objécted to such link arrangements. She
says she immediately stripped the code
from her Web pages. For a while her site
gradually worked its way up In Google
search results, and business steadily lm-
proved because links to her site still re-
mained on the sites of other Automat-
edLinks customers. Then, sometime in
November, her site was suddenly no
longer appearing among the top results.
Her orders plunged as much as 80%.

Ms. Holman, who e-malled Google
and AutomatedLinks, says she has been
upable to get answers. But in the last few
months, other AutomatedLinks custom-
ers say they have seen thelr sites appar-
ently penalized by Google, Graham
McLeay, who runs a small chauffeur ser-
vice north of Loadon, saw revenue cut in
half during the two months he believes
his site was penalized by Google,

The high-stakes fight between Google
and the optimizers can leave some \Web-
site owners confused. “I don't know how
people are supposed (0 judge what is
right and wrong,” says Mr. McLeay.

AutomatedLinks didn’t respond 1o re-
quests for comment. Google declined to
comment on the case, But Mr. Cutts, the
Google engineer, warns that the rules are
clear and that it's better to follow them
rather than try to get a problem fixed after
a site has been penallzed. “We want Lo re-
turn the most relevant pages we can,” Mr,
Cutts says. “The best way for a site owner
to do that is follow our guidelines.”

Crackdown

Google has been stepping up its en-
forcement since 2001, It warned Webmas-
ters that using trickery could get their
sites kicked out of the Google Index and
it provided a list of forbidden activities,
including hiding text and “link
schemes,” such as the link farms. Google
also warned against “cloaking”™ —show.
ing a search engine 4 page that's de-
signed to score well while giving visitors
a different, more attractive page - or cre-
ating multiple Web addresses that take
visitors to a single site.

abon nhasd
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homa City-based SearchKing, an online
directory for hundreds of small, specialty
Web sites. SearchKing also sells advertis-
Ing links designed both to deliver traffic
to an advertiser and boost its rankings in
Google and other search results.

Bob Massa, SearchKing's chief execu-
tive, last August launched the PR Ad Net-
work as a way to capitalize on Google's
page-ranking system, known as Page-
Rank. PageRank rates Web sites on a
scale of one 10 10 based on their popular-
ity, and the rankings can be viewed by
Web users if they install special Google
software. PR Ad Network sells ads that
are priced according to a site’s Page-
Rank, with higher-ranked sites com-
manding higher prices. When a site buys
an advertising link on a highly ranked
site, the ad buyer could see itS ratings
improve because of the greater weight
Google gives to that link.

Shortly after publicizing the ad net-
work, Mr. Massa discovered that his site
suddenly dropped in Google's rankings.
What's more, sites that participated in
the separate SearchKing directory also
had their Google rankings lowered. He

filed & lawsuit in Oklahoma City federal |

court, claiming Google was punishing
him for trying to profit from the compa-
ny's page-ranking system.

A Google spokesman won't comment
on the case. In its court filings, Google sald
it demoted pages on the SearchKing site
because of SearchKing's attempts to ma-
nipulate search results. The company has
asked for the suit to be dismissed, arguing

to demand accountability.”
Google is taking steps that many say

Home Depot E
Amid First Qu

By Cuan Temiose

ATLANTA - Home Depot Inc. repo
fiscal fourth-quarter earnings decli
3.4% on disappointing sales.

Speaking to investors and indu
analysts, the company's chairman
chief executive, Bob Nardelll, :
Home Depot is prepared to win |
dissatisfied customers and answe
competitive chalienge from Its chie
val with remodeled stores, Increase
ventory and improved customer ser

The nation's largest home-impe
ment retailer said net income for the
ter ended Feb, 2 decreased to $655 mil
or 30 cents a share, from $710 millbor
30 cents a share, a year carfier. Sajes
2% to $13.21 billion from $13.49 billion,
first quarterly sales decline in the cor

Fiat Patriarch
Is Set to Becom

By ALESSANDRA GALLONI

ROME~—Umberto Agnelli is due |
named Flat SpA chairman on Friday,
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Computing 7t

A Big Problem

+» Solve ! = #x!P (stationary distribution vector)

© 7TT(| —P)=0 (too big for direct solves)



CLEVE’S
CORNER

Google’s PageRank is an eigenvector of a
matrix of order 2.7 billion.

One of the reasons why Googleis such an effective search engine is
the PageRank™ algorithm, developed by Google’s founders, Larry
Page and Sergey Brin, when they were graduate students at Stanford
University. PageRank is determined entirely by the link structure of
the Web. It is recomputed about once a month and does not involve
any of the actual content of Web pages or of any individual query.
Then, for any particular query, Google finds the pages on the

Web that match that query and lists those pages in the order of
their PageRank.

Imagine surfing the Web, going from page to page by randomly
choosing an outgoing link from one page to get to the next. This can
lead to dead ends at pages with no outgoing links, or cycles around
cliques of interconnected pages. So, a certain fraction of the time,
simply choose a random page from anywhere on the Web. This
theoretical random walk of the Web is a Markov chain or Markov
process. The limiting probability that a dedicated random surfer visits
any particular page is its PageRank. A page has high rank if it has
links to and from other pages with high rank.

Let W be the set of Web pages that can reached by following a chain

of hyperlinks starting from a page at Google and let 7 be the number
of pages in W. The set W actually varies with time, but in May 2002,

n was about 2.7 billion. Let G be the n-bv-# connectivity matrix of

THE WORLD’S LARGEST
MATRIX COMPUTATION

BY CLEVE MOLER

It tells us that the largest eigenvalue of A is equal to one and that the
corresponding eigenvector, which satisfies the equation

x=Ax,

exists and is unique to within a scaling factor. When this scaling
factor is chosen so that

Z,ixi: 1

then x is the state vector of the Markov chain. The elements of x are
Google’s PageRank.

If the matrix were small enough to fit in MATLAB, one way to
compute the eigenvector x would be to start with a good approximate
solution, such as the PageRanks from the previous month, and
simply repeat the assignment statement

X = AX

until successive vectors agree to within specified tolerance. This

is known as the power method and is about the only possible
approach for very large n. 'm not sure how Google actually computes
PageRank, but one step of the power method would require one

pass over a database of Web pages, updating weighted reference
counts generated by the hyperlinks between pages.
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Computing 7*

(C. Moler)
Solve 7! = w!P
m'(1—P)=0

Start with 7 = e/n and iterate 7, = ;P

Link structure of web is extremely dynamic
Links on CNN point to different pages every day (hour)
Links are added and deleted almost continuously

Google says every 3 to 4 weeks just start from scratch

Old results don’t help to restart (even if size doesn’t change)



Report Card

FEATURES LS| LINK ANALYSIS

Reveals Hidden Patterns

Speed
Easy To Update (?17?)

Scales Up

Takes Advantage of Link Structure

Do better job using link structure to reveal hidden connections
Improve updating

Better algorithms to compute 7!
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Conclusion
Only The Tip of the Iceberg

Elegant Blend of Math & CS

World Changing Applications

*

*

Thanks For Your Attention +

*





