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Short History of IR
IR = search within doc. coll. for particular info. need (query)

B. C. cave paintings

7-8th cent. A.D. Beowulf

12th cent. A.D. invention of paper, monks in scriptoriums

1450 Gutenberg’s printing press

1700s Franklin’s public libraries

1872 Dewey’s decimal system

Card catalog

1940s-1950s Computer

1960s Salton’s SMART system

1989 Berner-Lee’s WWW



System for the Mechanical Analysis and Retrieval ofText

Gerard Salton

Harvard 1962 – 1965

Cornell 1965 – 1970

• Implemented on IBM 7094 & IBM 360

• Based on matrix methods
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Query Matching
Query Vector

qT = (q1, q2, . . ., qm) qi =
{

1 if Term i is requested
0 if not

How Close is Query to Each Document?

i.e., how close is q to each column Ai?

1θ

θ2

A1
A2

A3

q

Use δi = cos θi =
qTAi

‖q‖ ‖Ai‖

Rank documents by size of δi

Return Document i to user when δi ≥ tol



Susan Dumais’s Improvement

� Approximate A with a lower rank matrix

� Effect is to compress data in A

• 2 patents for Bell/Telcordia

— Computer information retrieval using latent semantic structure. U.S. Patent No.

4,839,853, June 13, 1989.

— Computerized cross-language document retrieval using latent semantic indexing.

U.S. Patent No. 5,301,109, April 5, 1994.

• LATENT SEMANTIC INDEXING
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Traditional IR
Pros

• Finds hidden connections

• Can be adapted to identify document clusters

— Text mining applications

• Performs well on document collections that are

� Small + Homogeneous + Static
Cons

• Rankings are query dependent

— Rank of each doc is recomputed for each query

• Only semantic content used

— Can be spammed + Link structure ignored

• Difficult to add & delete documents

• Finding optimal compression requires empirical tuning
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Trad. IR applied to Web

the pre-1998 Web Index

...

• border patrol: 4; 567; 809; 1103; . . . (8,700,000 in total)

...

• hezbollah: 9; 12; 339; 942; 15158; . . . (15,100,000 in total)

...

• global warming: 178; 12980; 445532; . . . (33,200,000 in total)
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Web Information Retrieval
IR before the Web = traditional IR

IR on the Web = web IR

How is the Web different from other document collections?

• It’s huge.
– over 10 billion pages, each about 500KB

– 20 times size of Library of Congress print collection

– Deep Web - 400 X bigger than Surface Web

• It’s dynamic.
– content changes: 40% of pages change in a week, 23% of .com change daily

– size changes: billions of pages added each year

• It’s self-organized.
– no standards, review process, formats

– errors, falsehoods, link rot, and spammers!

• Ah, but it’s hyperlinked !
– Vannevar Bush’s 1945 memex
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The Ranking Module (generates popularity scores)

• Measure the importance of each page

• The measure should be Independent of any query

— Primarily determined by the link structure of the Web

— Tempered by some content considerations

• Compute these measures off-line long before any queries are
processed

• Google’s PageRank c© technology distinguishes it from all com-
petitors

Google’s PageRank = Google’s $$$$$
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Ranking with a Random Surfer

• Rank each page corresponding to a search term by number
and quality of votes cast for that page.

Hyperlink as vote

3

6 5

4

22222 page 2 is a dangling node
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� A random walk on the Web Graph

� PageRank = πi = amount of time spent at Pi

� Dead end page (nothing to click on) — a “dangling node”
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� A random walk on the Web Graph

� PageRank = πi = amount of time spent at Pi

� Dead end page (nothing to click on) — a “dangling node”

� πT = (0,1,0,0,0,0) = e-vector =⇒ Page P2 is a “rank sink”
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Ranking with a Random Surfer

• Rank each page corresponding to a search term by number
and quality of votes cast for that page.

Hyperlink as vote

3

6 5

4

22222 surfer “teleports”
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— S = H + a eT

6 is now row stochastic =⇒ ρ(S) = 1

— Perron says ∃ πT ≥ 0 s.t. πT = πTS with
∑

i πi = 1
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— Reducible =⇒ PageRank vector is not well defined

— Frobenius says S needs to be irreducible to ensure a unique
πT > 0 s.t. πT = πTS with

∑
i πi = 1
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Irreducibility Is Not Enough

Could Get Trapped Into A Cycle (Pi → Pj → Pi)

— The powers Sk fail to converge

— πT
k+1 = πT

k S fails to convergence

Convergence Requirement

— Perron–Frobenius requires S to be primitive

— No eigenvalues other than λ = 1 on unit circle

— Frobenius proved S is primitive ⇐⇒ Sk > 0 for some k
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Ranking with a Random Surfer

• If a page is “important,” it gets lots of votes from other impor-
tant pages, which means the random surfer visits it often.

• Simply count the number of times, or proportion of time, the
surfer spends on each page to create ranking of webpages.

3

6 5

4

22222Proportion of Time

Page 1 = .04
Page 2 = .05
Page 3 = .04
Page 4 = .38
Page 5 = .20
Page 6 = .29

Ranked List of Pages

Page 4
Page 6
Page 5
Page 2
Page 1
Page 3
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The Google Fix
Allow A Random Jump From Any Page

— G = αS + (1 − α)E > 0, E = eeT/n, 0 < α < 1

— G = αH + uvT > 0 u = αa + (1 − α)e, vT = eT/n

— PageRank vector πT = left-hand Perron vector of G

Some Happy Accidents

— xTG = αxTH + βvT Sparse computations with the original link structure

— λ2(G) = α Convergence rate controllable by Google engineers

— vT can be any positive probability vector in G = αH + uvT

— The choice of vT allows for personalization
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lincoln
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truman

reagan
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kennedy

bush

washington

SEO client
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Google Bomb

G. W. Bush 

Bio webpage

Jim's blog

miserable failuremiserable failure

miserable failuremiserable failure

miserable failuremiserable failure

Kim's blog

Bob's page



Search Issues

Spamming

• Link Farms

• Google Bombs

Personalization

• Google’s psearch, A9, Kartoo



Personalization is Coming
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Web Graphs
CSC and MATH challenges (problems of scale!)

– store adjacency matrix

– update adjacency matrix

– visualize web graph

– locate clusters in graph
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Conclusion
• Link-based scores (PageRank, HITS, etc.) are combined with

content scores for final rankings

• Link analysis has dramatically improved search.

• Many continuing CSC and MATH challenges.

• The constant battle between search engines and SEOs means
that companies and algorithms must adapt and innovate.

Elegant and Exciting Application of Linear Algebra

That is Changing the World


