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which has the task of collecting

Abstracl
: s s s the We rawler
Tiss awinabpSUeet & 2 e LHE”['L e T?LII: I{;'[l:i he task of retricying text documents
e lyrnoes » Armation I{{:“'II,L‘VH 5}"5“.:“1 whic ol CLE LA o e
webpages and the Informatiol il 5||‘J|‘.II'H'HL'h"-"1[ (0 Web crawling. [nformation
Practical

performance.
example of 4 Jarpe-
king wehpages hy their importance (the
,. and Google's PageRank algorithim). Then we ’{JIH{:HEH _Ihr,:
Web that 1s nol indexed by search engines. We briefly present
brarics. multimedia retricval systems (music, video, €1£.); an
1 discussion of the Semantic Web and (uture trends 1o
in natural languagc.

(n this chapter we prese i
evaluate the retriev

that answer @ uscr query.
sysiems and a detailed

Retricval  models, and 0, -
ons include information about existing 1R

including the idea of ran

methods used 1o

considerati
scale scarch engine (Google).
Hubs an Authorities algogthn
Invisible Web, the part ol the
other types of TR systems: digital I
distributed IR systems. We conclude with
visualizing search results and inputling querics

INTRODUCTION ‘

documents available on the
satisfy thelr
¢ a scarch

of text. audio, video, and other
d to be able to find relevant information to
There arc two ways of scarching for information: 10 US
ies organized by categories (such as Yahoo Directories). There 15
(for example private databases and intrancis).
nting, storing. organizing, and offering

There is a huge quantity

Internet, on about any subject. Users nec

particular information nceds.

engines or Lo browse director
still a large part of the Internel that is not accessible

Information retrieval (IR) 1s the task of represe
access to information items. IR is different from data retrieval, which is about finding precise

data in databases with a given structure. In IR systems, the information s not structured, it 15
contained in free form in text (webpages or other documents) or 11 multimedia content. The first
IR systems implemented In 1970’s were designed to work with small collections of text (for

example legal documents). Some of these techniques are now used in scarch engines.
In this chapter we describe information retrieval techniques, focusing on the challenges

faced by search engines. One particular challenge 15 the large scale, given by the huge number of
webpages available on the Internet (for example, about 3 billion webpages were indexed by {
Google in 2005). Another challenge is inherent to any information retrieval system that deals
with text: the ambiguity of the natural language (English or other languages) that makes it

difficult to have perfect matches between documents and user queries.
The organization of this chapter is as follows. We briefly mention the scarch engines

history, features, and services. We present the generic architecture of a search engine. We
discuss its Web crawling componentg, which has the task to collect webpages to be indexed. Then
we f:::-r:us on the Information Retri¢val component which has the task of retrieving documents
(mainly text documents) that answer a user query. We present current methods use?l to evaluate
':[hr.: nerformance of the Information Retricval component. Practical considerations include
information about existing IR sysicms and a dctailed example of a large-scale scarch eneine
(Gﬂﬂglﬁ}; we present methods for ranking webpages by their imp;'tance [t-he Hubsca

Authoritics algorithm and Google’s PagcRank algorithm). In another section, we discuss lhn
Invisible Web, the part of the Web that is not indexed by scarch engines W:;: brieflv rb -
other types of IR systems: digital libraries, multimedia IR systems; apd di-s-tributed IRJS‘ES:;T:

We conclude with a discussion of the Semantic Web and other future trends
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Search engines
There are many aencral-purposc scarch engines available on the Web. A rcsorurcc containing up-
to-date information on the most used scarch engines 1s: hitp://www.scarchenginewatch.com.
Here are some popular search engines (in alphabetic order):

AllTheWeb http:/Awvww.alltheweb.com/

AltaVista htp://www . altavista.com/

Excite http:/Avww.excite.com/

Google httpr//Avww.google.cony/

Hotbot http://www . hotbot.com/

Lycos http://www.lvcos.com/

MSN Scarch http://scarch.msn.com/

Teoma http://teoma.com/

WisceNut http:/Awvww. wiscnut.com/

Yahoo! http://search.yahoo.com/

Meta-search engines combine several existing search engines in order to provide
documents relevant to a user query. Their task is reduced to ranking results from the different
scarch engines and climinating duplicates. Some cxamples are: http://www.metacrawler.com/,
hitp://www.mamma.com/, and http://www.dogpile.com/.

Search Engine History

The very first tool used for searching on the Internet was called Archie (the name stands for
"archive"). It was created in 1990 by Alan Emtage, a student at McGill University m Montreal.
The program downloaded the directory listings of all the files located on public anonymous FTP
sites, creating a searchable database of filenames. Gopher was created in 1991 by Mark McCahill
at the University of Minnesota. While Archie indexed file names, Gopher indexed plain text
documents. Two other programs, Veronica and Jughead, searched the files stored in Gopher
index systems.

The first Web search engine used Wandex, a now-defunct index collected by the World
Wide Web Wanderer; a web crawler developed by Matthew Gray at MIT in 1993. -Ather very
early search engine, ‘Aliweb, also appeared in 1993, and still run$ today. The first "full .text"
crawler-based search engine was WebCrawler, 1994. Unlike 1ts predecessors, 1t let users search
for any word in any web page; this became the standard for all major search engines ever since.
It was also the first one to be widely known to the public. Also in 1994, Lycos (which started at
Carnegie Mellon University) came out, and became a major commercial endeavor.

Soon after, many search engines appeared and became popular. These included Excite,
Infosecek, Inktomi, Northern 4Light, and AltaVista. In some ways, they competed with popular
directories such as Yahoo! Later, the directories imtegrated or added on search engine

technology for greater functionality.

Scarch engines were also known for the Internet investing frenzy that occurred in the late
1990s. Several companies entered the markel spectacularly, with record gains during their initial
public offerings. Some have taken down their public search engine, and are marketing enterprise-
only editions, such as Ncurthc:'n Light.

Around 2001, the Google search cngine rose to prominence (Page and Brin, 1998). Its
success was based in part on the concept of link popularity ahd,PageRank, that uses the premise
that good or desirable pages are pointed to by more pages than others. Google's minimalist user

] & ". Ty 1
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s sinee spawned a number of mitators. Google 1s

interface was very poputar with users, and | S billi
" 4 - ¥ i I r L] T ‘-.

currently the most popular scarch engime. In 2005, it indexed app ux!nml-;ly villion pages,
a prowing range o Web services, such as

more than any other scarch engine. It also ollers
Google Maps atnd online automaltic transtation tools. | o l
In 2002. Yahoo! acquired Inktomi and in 2003. Yahoo! acquired OQverture, W ich ownec

Yahoo initially kept using

AlltheWeb and AltaVisla. Despile owning ils own search engine, :
own scarch cnginc

Googlc to provide Its uscrs with scarch results. In 2004, vahoo! launched its . |
based on the combined technologics of 1t acquisitions and providing a service that gave pre-

cminence to Ythe Web scarch engine over its manually-maintained subject directory.
previously relied on others

MSN Scarch is a scarch engine owned by Microsolt, which :
d showing its own results, collected by 1ts own
/s that merely show the results from another

for its search engine listings. In early 2005 it starte
[or cxample,

crawler. Many other scarch engines tend (o be porta
company's search engine. For more details and search engine timelines scc,
hup:!z’r:n,wilcipcdia.uru!wiki!Seurcl1 cnyaine.

Search Engine Features and Services

Search engines allow a user to input keywords that describe an information need. The also offer

advanced scarch capabilitics. Although they lead to more precise, they are less utilized by users.

We briefly discuss some advanced search features. Boolean features (AND, OR, NOT) that

allow retrieval of documents that contain all the keywords (AND), any of the keywords (OR),

exclude some words (NOT), or combinations of these Boolcan operalors. The proximity feature
do this if the words are

searches for phrases or consecutive words (usually simple search can
be done only in particular fields, such as URLs or

ieved pages: date, language, file types, etc.
news directories, image search, maps (such as
) tools or interfaces in particular

surrounded by double quotes). The search can
titles. Limits can be imposed on the type of retr
Some scarch engines also offer services:
Google Maps), language tools (such as automatic translatior
languages), newsgroup search, and other specialized searches.

Search Engine Architectures

ng: (gathering webpages), indexing

The components of at search engine are: Web- crawh
! (fepresenting and storing the information), retrieval (béing able to retsieve documents relevant,to {

user queries), and ranking the results in their order of relevance. Figure 1 presents a simplified

view of the components of a search engine. More details about the main module, the IR system,

will follow in the next sections.
= . ' =
= :
5 |

= . : L p 1 & i ? ' . " k % 3 .
(3 Scanned with OKEN Scanner

(% scanned with OKEN Scanner



T

[Nocunienl
Spider Corpus
—
: IR
[Input: Systet
Query String y

__’//' Oulput: g
Ranked
| Page | o
2. Page 2, cl
3. Pagc 3 T

L1

Figurc 1. The simplified architecture of a search engine.

WEB CRAWLING

or robots, have the task to collect webpages to build the

is extracted from the HTML code of the webpages.

Web crawlers, also known as spiders
For example, text in headings

text collection for the IR system. The text
Some information related to the HTML format may be stored too.

or in bold font can be given higher weight than the rest of the text.
A crawler starts with one or more http addresses (a set of root URLs), and follows all the
links on these pages recursively, to find additional pages. It can proceed by depth-first searching
(follow the first link m a page and all the links in the new pagés that it leads to, then come back

to follow the rest of the links m the: current .
links in the page for one step, then the links in the pages they point to, for one step, efc.).
outward from the root page but

Breadth-first has the advantage that it explores uniformly
requires memory to store all the links waiting to be traversed on the previous level (exponential
in the depth of the links structure). It is the standard spidering method. Depth-first requires less

memory (linear in depth) but it might get “Jost” pursuing a single thread. Both strategies can be
easily implemented using a queue of links (URLSs) to be visited next. How new links are added to
the queuc determines the search stralegy. FIFO (first in first out, append to end of the queue)
gives breadth-first search. LIFO (last in first out, add to front of queue) gives depth-first search.
Heuristically ordering the queue gives a “focused crawler” that directs its scarch towards
“interesting” pages. A spider needs 1o avoid visiting the same pages again when the links are

circular: it needs to keep track of pages that were already visited.
To extract links from a webpage in order to collect candidate links to follow, HTML

hyperlink fields are parsed. Here are two examples of hyperlinks:
<a href="http:// ww.site.unttaws}'.cafwdianafcsia#l 077>

<frame sre="site-index.html”>

page) or Qy‘br,eadth-ﬁrst_seiarching (follow all the
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(o the currcnt basc URL.
The links are put into
ces within the same
d from the HTML

link 18 rclative
as indcr-:.innl].
internal referen
( is extractc

[{ the URL I1s nol specificd, like in the last example, the
I{ a {ilc name is nol specified, @ default name 15 uscd Fsuch
the ending slas i there 1s one.
ctc. Once the pages llected, the 1€X
ocessed by the IR systen.

|s arc used 1o prevent €
d pages can specily

canonical form: h is removed,
page arc removed, arc €0
documents, to be pr

Robot exclusion protoca

r webpages from being
ould not crawl or index
The second one 15

criain siles O
that robots sh

indexed by Web crawlers. Wcb sites an it
r 1 "‘. * ] . » f'l L :
certain areas, by usmg (he Robots Excluston Protocol or the robots meta g g s
Thesc standards arc conventions to b¢ 10
yave been pmsecuted for

an the st onc.
be enforced.
g™ on priv

but companies l
ate cyberspace.

-adopted th
They cannol
ventions and “trespassin

newer and less well
by “good robots™.
»disobeying” thesc con
excluded directorics. The site
Jost’s Web directory See for

list of excluded directornes for
nt user-agent

can be used

The Robots Exclusion Protocol
The Robots Fxclusion Protocol 15 @ site-w
administrator has to put @ “robols.txt” file
example hun:.-’fwwnnchav.::mm’mbms.txt, The file “robots.txt
a given robot (user-agent). This filc contains blank line
disallowed directories. with one directory per “Disallow™ line.
as patterns for directorics.
To exclude all robot
User—agent: 7

Disallow: /
To exclude specific directories:

User—-agent: ~

pisallow: /tmp/

Disallow: /ecgi-bin/
Disallow: fusersfparanaidf

To exclude a specific robot:

User—agent: GoogleBot
Disallow: /
: To allow a specific robot:- -

-Userjagent: GoocgleBot ¢ - ! ( . A 1 4
Disallow: = I ' ' '

idc specification of
at the root of the |
"is a
¢ to scparalc differe
No regular expression

s from the entire site. the tile would contain:

.
—
-

The Robots Meta Tad
An individual document tag can be used to e
webpage. The HEAD section of a specific HT

«clude indexing or following links in a particular
ML document can include a robots meta tag, such

| ‘ ~ontent="none”>. The content value can be a pair of values for

(wo,aspects: index Or noindex for allowing or disallowing the indexing of this page, and
- - - [ s .:J :

owing following the links in this page. There are two

follow or nofollow for allowing or disall
- index, follow and none = noindex, nofollow. Examples:

cuntent=“nﬂindex,fﬂllaw”}
cmntent=“index,nnfallgw”>
>

ﬂsi@eta name="robots”

special values: a1l
<meta name=“robots”

<meta name="robots”
<meta name=“robots” content="none”

g e e -
ran

i e T

e |
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Mulli-Threaded Spidering

Network delays are frequent when downloading individual pages. [t s
threads running in parallel, cach requesting a page lrom a different host. The URL’s can be
distributed to threads, to guarantee cquitable distribution ol requests across different hosts, in
order to maximize through-put and avoid overloading any single server. For cxample, carly
Google spiders had multiple coordinated crawlers with about 300 threads cach, together being
able to download over 100 pages per sceond.

best 1o have mulliple

Focused Spidering

More “interesting” pages could be explored first. There are two styles of focus: topic-directed
and link-dirccted. For the former, it the desired topic description or sample pages of intcrest arc
aiven, the spidering algorithm could sort the queue of links by the similarity (e.g. cosine melric)
of their source pages and/or anchor text to this topic description. For the latter, the spider could
keep track of in-degrec and out-degree of cach encountered page, and sort the qucuc 10 prefer
popular pages with many in-coming links (authorities), or to prefer summary pages with many
out-going links (/ubs). See the section on page ranking algorithms for more details.

Keeping Spidered Pages Up-to-Date

The Web is very dynamic: there are many new pages, updated pages, deleted pages, ctc. A
search engine needs to periodically check spidered pages for updates and deletions. A spider
could look in the HTML head information (e.g. meta tags on the last update) to determine if the
page has changed, and only reload the entire the page if needed. It could track how often each
page 1s updated and preferentially return to pages which are historically more dynamic. It could
preferentially update pages that are accessed more often to optimize the freshness of popular

pages.

THE INFORMATION RETRIEVAL SYSTEM

5
1 . i

- f g
Figure 2 presents a morc Idata_ﬂed View _Df;the architecturciuf an, I‘R-S}"Stﬂm {-(Baeza-‘fﬂtes .ﬂ!lld
‘Berthier Ribeiro-Neto, 1999). Text Operations are used to preprocess the documents collections
and to extract index words. The indexing module constructs an inverted index from words to
document pointers. The searching module retrieves documents that contamn given query words,
using the inverted index. The ranking module scores all the retrieved documents according to a
relevance metric. The user interface manages interaction with the user: the input of the query and
the output of the ranked documents, including the visualization of results. The query operations

can transform the query in order to improve retrieval (query expansion using synonyms from a
thesaurus, query transformation using relevance feedback).
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7 |
o
L

A
x/_\L Scarching
Text
7 Databasc
/ Ranked )| Ranking Retricved L oy
F 3 e
Docs A~ . Docs

applied of the text of the
tion need in order to transform them m a

are indexed and the index is uscd to
ovide feedback which

> The architecture of an IR systen: Text operations are

Figure -

documents and on the description of the user informa
simplified form needed for computation. The documents
execuie the search. After ranked documents are retrieved. the user can pi
ed results.

can be used to refine the query and restart the search for improv

Preprocessing the document collection
prepare the document collection for the IR task.

and markup (e.g. HTML tags, punctuation,
(keywords) by using as delimiters

There are several preprocessing sieps needed to
The firsi step 1s io filter out unwanted characters

numbers. eic.). Then the Xt needs to be broken into tokens
white space and punctuation characters. This it not quite as straightforward as 1t secms. since

words in texts are not always clearly delimited (for example, if the text is You can’t do this, you

can consider the aposirophe as a word separator to get TWo words. can and , or ignore it as

separator and consider one word can 't: or expand the contacted formy into two words can and nof
and bse the White space as separator). | g% AT A

The keywords can be used as they are, or they can be transformed into a base form, for

verbs in the infinitive form, etc. (€.g., books becomes book,

* forms. For example,

proach is to stem the tokens to “stem’
computational becomes compui and computing becomes compuil. Stemming the terms before
building the inverted index has the advantage that it reduces the size of the index, and allows for

reirieval of webpages with various flected forms of a word (for example, when scarching for
the word computation. the results will include webpages with computations and

ne is easier 1o do than computing base forms, because stemmers remove
ing a full dictionary of words in a language. A popular and fast stemmer s

example nouns in the singular form.
talked becomes talk). A common ap

webpages with
computing). Stemmi
suffixes. without need
Porter’s stemmer.
Another useful preprocessing step
of the documents and do not bear any meanti
the. it, of. could, etc.). An example of stopwords list can be found at:

lmp:ﬁmmv.]exick.cbn;fmanua]s:"nnixfstnuwﬂrdsI Jtml.

is to remove very frequent words that appear in most
ngful content. They are called stopwords (e.g., a,
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Jetected to be uscd as
istical method for
together very

words could also be
arv. or using a St

ises composcd of two or more
¢ of words that appear

Important phr
2 domain specific dicton

keywords (possibly using
analyzing the text collection in order to detect sequence
often). | | RS e ik
for the next step. building the inverted index ﬂhll' stores for L1 C |
for last access during the retrieva

Now the text 1s ready
order to allow

keyword a list of documents that contain it In
step.
]

ny lexl collection. Not

Information Retrieval Models
at can be applied on @
ge collection. such as

nts information retrieval models th

all the IR models arc casily scaled up 10 be able to deal with a very larg 1

pages collected from the Web. The most important IR modcls arc: the Boolcan Modcl. lht

Vector Space Model. and the Probabilistic Model. Various oxtensions .of these m‘DdEIS‘ﬂTL
ine. which s an extension ol the

possible. We discuss one of them here. Latent Semantic Indexi

This section presc

Vector Space Modcl. ‘

The Boolean Model

The Boolean model is the simplest to implement. A document is represented as a set_ﬂf ke}f_ﬂ.fﬂrds.
cted by AND, OR. and NOT, including the

olean expressions of keywords, conne .
“all the hotels n

Quecries arc Bo
use of brackets to indicate the scope of these operator
but not Hilton” is typed by the user as:

Rio Brazil or Hilo Hawail,
& Hawaii]] & hotel & IHilton]
vant, but there will be no partial

[[Rio & Brazil] | [Hilo
list of documents that are rele
all”: OR means “any . All

The output of the system 1S a
matches or ranking. The Boolean model is very rigid: AND means
| the number of documents

atched documents will be returned, making it difficult 10 contro
akes it difficult

m
retrieved. All the matched documents satisfy the query to the same degree; that m
other disadvantage of this model 18 that is it not easy for the users 1o

to rank the output. An

express complex queries. _
g i _ ‘ *

' I

s For example, the query

- The Vector Space Model - ¢, .- ‘o E
ation retrieval is a very successtul statistical method proposed
in the collection, and for

hted term vectors for each document 1
between the query vector and

this similarity. The similarity

The vector space model of inform

by Salton (1989). It gencrates welg

the user query. Then the retrieval is based on the similarity

document vectors. The output documents are ranked according to

< based on the occurrence frequencies of the keywords in the query and in the documents.
in after preprocessing

Let’s assume that ¢ distinct terms remal : let’s call them mndex terms
or the vocabulary. Thes dimensionality ¢, the size of the

e terms form a vector space with
vocabulary. Each term i, in a document j, is given a weight w; Both the documents and the

qucries are expressed as r-dimensional vectors: d; = (Wy, Wy - Wy)-
A collection of N documents can be represented in the vector space model by a

documents-by-terms matrix. An entry in the matrix corresponds to the “weight” of a term in the
has no significance in the document; 1t simply doesn’t appear 1n

document; zero means the term
the document. The matrix tends to contain lots of zeros.
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The weights in the matrix can be 1 if the term occurs in the document and 0 if'it does nol
(bmary weights): but the more [requent terms in a document are more important, i.e., more
indicative of the topic. Therefore it is good to use the frequencics of the terms as weights.

Let f, be the frequency of the term 7; in the document d,

We can normalize the term fiequency (if) across the entire corpus: {f, = /; /max{f,}. Terms

that appear in many different documents arc /ess indicative of overall topic.

Let df; be the document frequency of term ‘7, — the number of documents containing the term 4,
and let idf, be the inverse document frequency of term T

idf, = log (N/dYf)

(where N is the total number of documents). The idf value is an indication of 4 term’s
discrimination power. The logarithm is used to dampen the effect relative to #f. A typical
combined term importance indicator is t/-idf weighting:

wy = Uy idfs = tfy log (N/df).

A term occurring frequently in the document but rarely in the rest of the collection 1s
given high weight. Many other ways of determining term weights have been proposcd.
Experimentally, {/~idf has been found to work well.

The query 1s also transformed into a vector. It is typically treated as a document and also
tf-idf weighted. Alternatively, the user could supply weights for the given query terms.

The similarity between vectors for the document d;, and the query ¢ can be computed as

.the vector inner product: ik e i : .
{ g : & sim(d j.q)=dj.* g= % w L - {
g b=l g %

where w; Is the weight of term 7 in document j and w, is the weight of term i in the query

For binary vectors, the inner product is the number of matched query terms in the
document (the size of the intersection). For weighted term vectors, it 1s the sum of the products
of the weights of the matched terms. There are several problems with the inner product: it does
not have a bounded range of values; it favors long documents with a large number of unique
terms; 1t measures how many terms are matched but not how many terms are not matched.

The cosine similarity measure tends to work better. The formula is the same as the inner
product, but it is normalized by the length of the documents and the length of the query (the
length of a vector is the square root of the sum of the squares of its components).

[
= - 2 {wg'ww]
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A term occurring frequently in the document but rarely in the rest of the collection 13
en hish weight. Manyv other wavs of deiermining term weighis have been proposcd.
serimentally. /~idf has been found to work well.

The query is alse wansformed mio a vector. It is twpically reated as a document and also
df weighted. Alternaavely. the user could supply weighis for the given query terms.

The similarity between vectors ior the: document 4 and the query ¢ can be computed as
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ere w;, 1s the weight of term i in documenti j and w, 1s the weight of term 7 in the query

For binary vectors. the mner product i1s the number of matched query terms in the
:ument (the size of the intersecuion). For weighted term vectors. 1t is the sum of the products
the weights of the matched terms. There are several problems with the inner product: it docs
~have a bounded range of values: 1t favors long documents with a large number of unique
ns: 1t measures how many terms are maiched but not how manyv terms are n70r matched.

The cosine similarity measure tends to work better. The formula is the same as the inner
duct, but 1t 1s normalized by the length of the documents and the length of the query (the
ath of a vector is the square root of the sum of the squares of its components).
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The cosine measures the angles between the two vectors (the higher the cosine value -
closer to 1, the smaller the angle between the veetor of the document and the vector ol the query.
therelore a more relevant i:l[;muncnu Because we consider only the angle, the length of the
documents is not a problem anymore. ] )

A naive implementation ol the vector space retrieval 1s straightforward but impractical:
convert all the documents in collection C to (/-idf weighted vectors, lor ali the keywords i ”"-"{
vocabulary 1; convert the query to a (f2idf-weighted veetor ¢; then for cach document d; in C
compute cosSim(d,, ¢); sorl !Ihr.: documents by decreasing score and present lnp-rankf:tl
documents to the user. The time complexity would be O(/V]-|C)). It would takc very long lor
large 7 and C (for example, if|¥] = 10,000 and |C| = 100,000 then |V]-|C] = ],{}(}{],DG0,0PQ],

A practical implementation is based on the observation that documents containing nonc
of the query words do not affect the final ranking. Identifying those documents that contain at
least one query word is easily done by using an inverted index. The numerator in the cosine
similarity formula will be calculated much faster because the multiplications where one of the
terms is zero will not be cxecuted. ‘

The steps ol a practical implementation are as follows. Step 1, pre-processing
(tokcnization, stopword rcmoval, stemming), determincs the keywords in the vocabulary to be
used as index terms. Step 2 1s the building of the inverted index, with an entry for each keyword
in the vocabulary (see Figure 3). The index is a data structure that will allow fast access in the

retrieval step (hash table, B-tree, sparse list, etc.) For each keyword, the index keeps a list of all
the documents where it appears together with the corresponding term frequency (#/). It also keeps
the total number of occurrences in all documents (for the idf score). So the (f-idf scores can be
computed mn one pass trough the collection. The cosine similarity also requires document
lengths; a second pass to is needed to compute document vector lengths. The time complexity of
indeximng a document of n tokens is O(n). So indexing m such documents takes O(m n).

Computing idf scores can be done during the same first pass. Therefore ‘mmputing the vector

lengths 1s aiso O(m n). Completing the process takes O(in n), whichis atso fihe complexity of just
reading 1n the collection of documents.
{ r £ ] (] ' i ]
¢ A T ! (‘ lnde:-:tr:nnsr “df . <ok — ——- ¥

computer 3

database . e

D. 4
science 4
system | D. 2
trrckex—frt 2 lists

Figure 3 Example of inverted index: for each term, df 1s the number of documents in which it
occurred; each list element records the document where the term occurred and how many times.

The last step is the retrieval process. The inverted index from Step 2 is used to find the

limited set of documents that contain at least one of the query words. Then the cosine similarity

wm——
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Figure 2. The architecture of an IR system: Text operations are applied of
documents and on the description of the user information need in order to trans

Text
Databasc

CRNE

A A ARl

the text of the
form them 1n a

-

S simplificd form needed for computation. The documents arc indexed and H_m index 18 115ch to
execute the search. After ranked documents are retrieved, the user can provide feedback which

X can be uscd to refine the query and restart the scarch for improved results.

\

P Preprocessing the document collection

H There are several preprocessing steps needed to prepare the document collection for the IR Iésk.

I8 The first step is to filter out unwanted characters and markup (e.g. HTML tags, punctuation,

= numbers, etc.). Then the text needs to be broken into tokens (keywords) by using as dehml_ters

& white space and punctuation characters. This it not quite as straightforward as it seems, since

B words in texts are not always clearly delimited (for example, if the text is You can’t do fhfs,'yml
can consider the apostrophe as a word separator to get two words can and ¢, or ignore It as

W separator and consider one word can 1, or expand the contacted form into two words can and‘not |

5 aid use the white space as.separator). s 3 ¥ RARaE {

f The keywords can be used as they are, or they can be transformed into a base form, for

~ example nouns in the singular form, verbs in the infinitive form, etc. (e.g., books becomes book,

b’ talked becomes talk). A common approach 1s to stem the tokens to “stem” forms. For example,

= computational becomes comput and compuiting becomes compui. Stemming the terms before

: building the inverted index has the advantage that it reduces the size of the index, and allows for

S retrieval of webpages with various inflected forms of a word (for example, when searching for

j webpages with the word computation, the results will include webpages with computations and

R computing). Stemming 1s easier to do than computing base forms, because stemmers remove

; suffixes, without needing a full dictionary of words in a language. A popular and fast stemmer is

i Porter’s stemmer.

ﬁ Another useful preprocessing step is lo remove very frequent words that appear in most
of the dqcuments and do not bear any meaningful content. They are called stopwords (e.g., a,

) the, it, of, could, etc.). An example of stopwords list can be found at:

| http://www.lextek.com/manuals/onix/stopwords ] html. e

3
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Important phrases composed of two or more words could also be detected to be used as

keywords (possibly using a domain specilic dictionary, or using @ statistical method  for

analyzing the text collection in order to detect sequences of words that appear together very
often).
Now the text is ready for the next step, building the inverted index that stores lor cach

keyword a list of documents that contain i, in order o allow for fast access during the relricval
step.

Information Retrieval Models

This section presents information retrieval models that can be applicd on any text collection. Not
all the IR models are easily scaled up to be able to deal with a very large collection, such as
pages collected from the Web. The most important IR modcls are: the Boolean Model, the

 Vector Space Model, and the Probabilistic Model. Various extensions of these models are

possible. We discuss one of them here, Latent Semantic Indexing, which is an extension of the
Vector Space Model.

The Boolean Model

The Boolean model is the simplest to implement. A document is represented as a set of keywords.
Queries are Boolean expressions of keywords, connected by AND, OR, and NOT, including the
use of brackets to indicate the scope of these operators. For example, the query “all the hotels n
Rio Brazil or Hilo Hawaii, but not Hilton” is typed by the user as:
[[Rio & Brazil] | [Hilo & Hawaii]] & hotel & 'Hilton]

The output of the system is a list of documents that are relevant, but there will be no partial
matches or ranking. The Boolean model is very rigid: AND means “all”; OR means “any”. All
matched documents will be returned, making it difficult to control the number ol documents
retrieved. All the matched documents satisfy the query to the same degree; that makes it difficult
to rank the output. Another disadvantage of this model is that is it not easy for the users to

_express complex queries.

The-‘u’ector Space [jﬂade! : ¥ T ‘q .

E i " . £ i :
The vector space model of information retrieval is a very successful statistical method proposed
by Salton (1989). It generates weighted term vectors for each document in the collection, and for
the user query. Then the retrieval is based on the similarity between the query vector and
document vectors. The output documents are ranked according to this similarity. The similarity
is based on the occurrence frequencies of the keywords in the query and in the documents.

Let’s assume that ¢ distinct terms remain after preprocessing; let’s call them index terms
or the vocabulary. These terms form a vector space with dimensionality ¢, the size of the
vocabulary. Each term i, in a document j, is given a weight w;. Both the documents and the
queries are expressed as 7-dimensional vectors: d; = (wy, Wy, ..., Wy).

A collection of N documents can be represented m the vector space model by a
documents-by-terms matrix. An entry in the matrix corresponds to the “weight” of a term in the
document; zero means the term has ne significance m the document; 1t simply doesn’t appear in
the document. The matrix tends to contain lots of zeros!

P ) Ta L . . ¥ d
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1 hu.w“'gl"“ m the matrix can ke | il the term oceurs in the document and 0 if it does not
(binary weights): but the more frequent terms in a document are more important, i.e.. more

indicative of the topic. Therefore it is good 1o use (he (requencies of the terms as weights.

Let /, be the !'n?qur:n-::y of the term 7; in the document d,

We can nm'i:nuhzc the lerm frequency (1f) across the entire corpus: 1f; = /, / max{f,}.Terms

that appear m many different documents are less indicative of overall topic.

Let df, be the document frequency of term 7, = the number of documénts containing the term /.
and let idf; be the inverse document frequency of term 7;:

idf; = log (N/df)

(where N is the total number of documents). The idf valuc is an indication of a term’s

discrimmation power. The logarithm is used to dampen the effect relative to /. A typical
combined term importance indicator is i/-id/ weighting:

wy = Uy idf; = if; log (N/df).

A term occurring frequently in the document but rarely in the rest of the collection is
given high weight. Many other ways ol determining term weights have been proposed.
Experimentally, {/~idf has been found to work well.

The query is also transformed into a vector. It is typically treated as a document and also
(~idf weighted. Alternatively, the user could supply weights for the given query terms.

The similarity between vectors for the document ¢, and the query ¢ can be computed as

. the vector inner product: R s e s B .
|" { { Si n]‘td'j,q} = EJTJF ir[j = Z oW i : . s : l i
o =1 if iy

where w;, is the weight of term 7 in document j and w;, is the weight of term / i the query

For binary vectors, the inner product is the number of matched query terms n the
document (the size of the intersection). For weighted term vectors, it is the sum of the products
of the weights of the matched terms. There are several problems with the inner product: it does
not have ;hmmded range of values; it fewur;{ long documents with a large number of unique
terms; 1t measures how many terms are matched but not how many terms are not matched.

The cosine similarity measure tends to work better. The formula 1s the same as the mner
product, but it is normalized by the length of the documents and the length of the query (the
length of a vector 1s the square root of the sum of the squares of 1ts components).

[
= -+ »z [1ugr"1m} i
cosSim(d r‘?"}:_dj s = =] S
L o ; - [ g i v -
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The cosme weasures e mipeles between (he two vectors (the lgher the cosime vitlue
closer 1o Iy the smaller the imple between the vector of the docament and the veetor ol the query,
therefore o more elevant document). Becaise we consider only the angle, the Tength ol the
documaents s not q ]‘H'Hhh‘m Anymo
Anaive mplementation ol the veetor apace refrievil 14 straiphtiorward hut impractical:
convert all the documents in colleetion (* 1o if-1udf weiphted vectors, for all the keywords 1'1{.'-
vocabulary TLconvert the query o g H-irdf=-weighted vector o then Tor cach document d, m €
compute COSSINGA @)y sort the documenty by decrensing score and presen tnp—runkf:d ,
documents 1o the user, The fime complexity would he O(/]-1C]). It would fake very long lor
100,000 then [1]-(C] - [.000,000,000).
A practical implementation is based on (he observation that documents containing none
of the query words do not afleet the final ranking, Tdentifying those documents that contain at
least one query word is easily done by using an inverted index. The numerator in the cosme
similavity formula will be ealeulated much faster beeause the multiplications where one of the

large 1 and C (for example, if |1

erms is zero Will not be excented,

10000 and |

The steps ol a practical implementation are as follows. Step 1. pre-processing
(tokenization, stopword removal, stemming), determines the keywords in the vocabulary to be
used as index terms, Step 2 is the building of the inverted index, with an entry for cach keyword
in the vocabulary (sce Figure 3). The index is a data structure that will allow fast access in the
retrieval step (hash table. B-tree, sparse list, ete.) For each keyword, the index keeps a list of all
the documents where itappears together with the corresponding term [requency (/). Italso keeps
the total number of occurrences in all documents (lor the idf score). So the {f~idf scorcs can be
computed n one pass (rough the collection. The cosine similarity also requires document
lengths; a sccond pass 1o is needed Lo compute document veetor lengths. The time complexity of
indexing a document of # tokens is O(n). So indexing m such documents takes O(m 1)

Computing idf scores can be done during the same first pass. Therefor
lengths is also O(m n). Completing the process takes O(

reading in the collection of documents.

i

¢ Eompuung I!u": vector
m i), whichis afso fhe complexity of just

( Jndex terms - df |
‘ L
computer 3
database 2
L
science ;.
system ]
I i i L

IS BT

i
: ]
Drr 'Flr; : | - g .
D,. 4 [ [ R {
—>
D,.3
D., 4
7
;. 2 lists

Figure 3 Example of inverted index: for cach term, dfis the number of documents m which 1t
occurred: each list element records the document where the term occurred and how manyv times.

The last step is the retrieval process. The inverted index from Step 2 is used to find the
5 [ . - - -
limited set of documents that contain at Ieast one of the query words. Then the cosine similarity

!
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e probabilistic rankmg is computed as:

I"l. Uy

Eilﬁufql‘_‘?;‘} el f:\ n;j fﬁf""-ll? g lf,}

¢ ratio of the probability that the document d, is relevant and the probability that it is not
It reflects the odds of the document ¢, being relevant, and minimizes the probability of
ouy, judgment. Using Bayes rule (for two events A and B, the probability of A given B
= P(BAYP(A) 7 P(B)) we expand the formula:

p .

- — L ) % 'E"_.l.' n ‘I' '
'._ L LY ull\.'l E - il\l. IH}

= %

Ad [=R-A-R)  pit o
set R of relevant

is the probabilitny of randomly selecting the document . from the |
’ 2 . the
hy

s. £Rr stands for the probability that a document randomly clected from
collection is relevant. The meanings attached to P(d, | =R) and P(=R) are analogous
lementary. PrR) and P(—R) are the same for all the documents relative to the query.

> replace the probabilitv of each document by the product of the probabilities ::H _”m
mtains. We assume the terms occur in a document independent of each Clt‘h‘i‘l"-. this 15 a
¢ assumption that works well in practice. even if in reality terms arc nm_t independent,
ce of a term might trigger the presence of a closely related term. We obtamn:

T
L~

e ﬁ] Pk, LR)- 44, Pik; |=R)
_{E:_:; .f-}.t - ; - JI':II" ] :Pl_'a.-‘l.-; I"_"-.I:{}

| R is probability that the index term 4, is present in document randomly sclccEcd
ot R of relevant documents and P(—k, | R) is the probability that k, is not present . The

os for —R have analogous meanings. Taking logarithms and 1gnoring factors that are

yr all the documents in the context of the same query we obtain:
T B 4 . Wl | il k. -
.{f} = .0 W ll'ﬂg 2, "F‘. z : ]"-]:-_. (A ! =nJ) )

- " . . i F li a : I
{ t {
I T Pi=%. | R) P(=k: | =R)

. i g e S e i
re binarv weights. 1 if the ndex term 1S 1n the document or in the query, 0 if not.

L | R)=1-Pfk, | R) and P(=A: | —R) =1 —P(k: | -—uR{ﬂ i i
Jili£i::3 lofito estimate are: P(k. | R) and P(x. | —R). They can have initial guesses:
0.5 and Pk | =R) = df./ N. where df. 1s the number of documents that contain k..

| cucss is used to retrieve an initial sct of document V. from which the subsct 7,

e index term 4. The esuimates are re-evaluated: I
' =V/V k1=R) = (dfi—V)/(N-V) o
-:3 ‘?;uz EI}:: ;n_piif Lim:[ursi:ely. fBi doing so. the guess of the Rl'ﬂbﬂbi[ltlcs can be
vithout the need of the user intervention (contrary to what we mcntmneci abmfe)\}_ .
. Jast formulas pose problems for small values of V and V, (such as V=1 and V=0).
‘ent these problems. an adjustment factor is gdded. for ef;afllplez |

R} = (V=0.5)/(V+1) and P(k;|=R) = (df.— I*",-'*_(I[.:r-_)f (N-V+1) i
spular variant of the probabihistic model is the Okapi formula (Robertson ef. al, 2UUY).
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Relevance Feedback
The users iend to ask shorl queries, cven when the information nced 18 complex. lrrelevant
are retrieved as answers because on (he ambigutly of the natural language (words
were relevant to the query,

documents
[ retrieved documents

have multiple senses). IFwe know th
able lo retrieve more

al some o0
ask the uscr to

added o the query in

order to be
Ofien. it is not possible to

erms from those documents can be
relevant documents. This is called relevance feedback.
F the retrieved documents. In this case ,H.s:mrffr,!—m'cfwm::e_f&fcfrﬂ;c.rc:!f methods
. are relevant and usc the most

judge the relevance o
“r
can be used. They ass

ant terms from them to ¢

ume the first few retrieved documents

import xpand the query.

EVALUATION OF INFORMATION RETRIEVAL SYSTEMS

performance of” information retrieval systems there is a need for standard test

narks. The TREC forum (Text Retricval Conference, http:fftrcc.nist.gnw')

ion between IR systems every year, since 1992.
solution. Relevance

ow the expected
test collections. CLEF

nizes competition

To compare the
collections and benehi
( collections and organizes competl
we need to kn

prm'icies (es
uded In the standard

In order to compute cvaluation scores,
human judges and incl

judgments are produced by

(Cross-Language Evaluation Forum) is another evaluation forum that orga

hetween IR systems that allow querics or documents in multiple languages (http://www.clet-
ow far down

campaign.org/), smce the year 2000.

In order to evaluate the performance of an [R system we need to measulc h
the ranked list of results will a user need to look to find some or all the relevant documents.
ents. A set of queries

The typical evaluation process starts with finding a collection of docum
needs to be formulated. re needed to exhaustively label the

Then one or more human experts
relevant documents for each query. This assumes relevance judgments: a document is

binary
relevant or not to a query. This 1s simplification, because the relevancy is continuous: a
- document can be relevant to a certain degree. Even if relevancy is binary, it can be a difficult
judgment to make. Relevancy, from a:human standpoint, is subjective because it, depends on a gl L
¢ specific user’s judgment, it is situational, it relates to the user’s {yrrent 'needs; it'depends on 2o
human perception and behavior; and it might be dynamic, it can change over time.
Once the test suite is assembled, we can compute numerical evaluation measures, for

each query, and then average over all the queries in the test set.

Precision and Recall

Precision (P) measures the ability to retrieve mp—raﬂkcd documents that are mostly relevant.

Recall (R) measures the ability of the search to find all of the relevant items in the corpus.
retrieved

P = Number of relevant documents
lociments—retrieved —

i
R = Numbey of relevan! dpcuments retrieye
ola m/rlmﬁer qf? re;évam r:h::.fgm wﬁfgﬁd
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F-measure and E-measure

The F-measure combines precision and recall, taking their harmonic mean.

mgh when both precision and recall are high.

~ 2
= 0=

L
R P

A generalization ol the F-mcasure is the E-measure, which all
aver recall or vice-versa, The value of the parameter [5 contro
precision and recall are weighted equally (E=F), if § <1 precision weights more,

recall weights more.

g})}‘_{B 2 7 {ﬁ*)

E="PB:P+R

it

Figure 4 shows the distribution of the retrieved documents versus t

.Ifl

L

The F-mcasure 18

ows cmphasis on precision
t, % s

s this trade-off: if p = |

and if p> 1

he relevant documents.

In the upper part of the figure, the intersection of the two circles is the part that needs to bz
maximized by an IR system. In the lower part of the figure, the number of documents that nee

1o be maximized is in the lower left corer and the upper right corner. The other tw

would contain zeros for an 1deal IR system.

Entire d
HT.

cullecl{lm
clE

va

—_

octatigaved &
1 rrelevant

not retrieved &
rreRutridved
documents

: rel
AR ( ev

retrieved &. -

elll

not retrieved but

" relevant’ _ relevant
{ ; [ ¢ I
retricved not retrieved

0 cCorners

Figure 4. Retrieved versus relevant documents.

Sometim

¢s, for very large text collections or the Web, it is difficult to find the total

qumber of relevant items. In such cases, one solution is to sample across the collection and to
the sampled items. Another idea is to apply different retrieval

aleorithms or different IR systems to the same collection for the same query, then aggregate the
= d i 2 ‘ -
relevant items from all of them and perform relevance judgments on this set.

perform relevance judgment on

¥ W "
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Averzge Pregsion
Lsaz.y prectsion s more mmportant than recall in IR systems. if the user is looking ﬁ»“;]ﬂ': 3'::‘“‘-"-“'
o - - - oW
12 2 guery. not for all the possible answers. Recall can be imporiant W hen a uscr nee f— ::::l o
T e . P ® L) ™ ""_
211 the relevant information on a topic. A sysicm €an IRCTCasc precision by q::t:rcnsmj__ bu. iy
- = - - q - 5 m L3
-ice-versa: there is a precision-recall tradeofT (for example. recall can I"'qunm::i ¢ }cmlr. 1Eiil
—srimine more documents. but the precision will go down. since many relneve oﬂ;lm l . of
ot be relevant). Preciston-recall curves can be used to comparc two IR systems for all valucs
zcisten 2nd raczll ' -
- . - we
In fzct precision 2nd recall are not enough for evaluating IR systems. For Eh““‘;}PIE[- l!f 1:
- - s ane
"oz two svstemns that retricve 10 documents each. 5 relevant and S nol relevant. both

fas b AW i) £ s "xl_ 5
e erim 0.5, but 2 svstem that has the firsi 3 reirieved documents relevant and the m:j -
r:hr- e 4 o] - = - = e o1 ) | ﬂ
a7+ ar+ 12 much betier than a svstem that has the first 3 retney cd dc:tcumcnt:. irrclevant nﬁqi]
2 -levamt (because the user will be annoved to have to check the irelevant documents 111si).

Nindified meastres that combine precision and.recall and consider the order of the retrieved

.

E 3 LilFeas

locumon icd
To e FRie.

gocumonis 2€ nccdoa.

Some cood measures are: precision ai 3 reinieved documents, precision at 10 retrieved

documents or some other cut-ofT point: the R-Precision: ihe intcrpolaicd average precision. and

H; :;1 averace precision. The trec_eval script can be used to compuie many evaluation
[EEaSUTes i'nizu:'*irv:é.ni-sf..gnv.'.-‘irec_eval:']_ : _ )

The f?.-_nrfﬂlrfm: is the precision at the R-ih position in the ranking of the results for a
guery ihat has R known relevani documents. _
 The interpolated average precision compuies precision ai fixed recall intervals (11
sointsy. to allow fair average over all the queries in the test set at the same reca}l levels. Se_*e
h,_:‘i.'if.‘-fi".-' 3 of (Bz=za-Yates and Berihier Ribeiro-Neto. 1999) for more details. This measure 13
sot much used use laiely in evaluating IR systems.

The most widelv-used measure is the mean average precision (MAP score). It computes
precision at each [}DiﬂE in the ranking where a relevant document was found, divided b_y the
mumber of e:s:istiné relevant documents (and then averages over all queries). Here is a simple
example of compuiing this measure. | ] ‘ _

Given 2 query g, for which the relevant documents are dl, d6. d10. -dl:w: dl?.:. d26, an IR system
reirizves ine fﬂllnwiqg ranking: d6, d2; dll. d3. d10={dl, dl4, d15, d7, d23. :Wﬂ compute the

i . ; . il -
precision and recall for this ranking at each retrieved document.

Rank | Document | Recall | Precision
1 | dé ; 1/6 = 0.166 1/1=1.00
W d2 i 1/6 = 0.166 1/2=10.50
Wk 1l 176 = 0.166 173=0.33
4 | d3 1/6 = 0.166 1/4=025
3 ] a1 2/6 =0.33 2/5=0.40
& 1 di 3/6=0.50 3/6 = 0.50
7 dl4 3/6=10.50 3/7=0.42
g | dis T 4/6=0.66 4/8 = 0.50
9 | d7 4/6 = 0.66 4/9 = 0.44
| d23 4/6 = 0.66 4/10=0.40
|
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Eicure 3. Gooele’s architecture.
£ >

In order o Gzl w

200sSs TIme). e SYSIS USES
Th= ~Repository” coniains the full HTML code of
lengih. and its URL. The “Document Index” keeps information ab

current document status, a pointer nto the

_The “Lexicon” is a repository of words,
lar word

it manv small files in an efficient way (in both space requirements and

big virmal files addressable by 64 bit integers, and it Supports
every webpage (compressed), a
out

-

CMEDISSSIOR

docrment i@eniriier, Iis
-5 document (the document idenufier. the

repository, 2z document checksum, and various statistics)
‘rolemented 2s z list and a hash iable of pointers. The list stores occurrences of a particu
- document. It also records the types of hit: Plain (simple text), Fancy {lm

in a perucular

idzntifiers. znd to docum

e e — R

i -ul znd similaote calculation).
sext of a link with the page of the link and the page where the link

e s 3
Googzlg zssociates the

points to. The Zivantezes of doing this are: the anchors often provide accurate descriptions;

snchors mzy exist for documents which cannot be indexed (i.e., images, programs, and

dxzbasesy, propagating anchor ext Improves the quality of the results.

Pzge Ranking Algorithms
Lddition to Bow relevant the retrieved webpages arc to the uscr query, they can also be ranked

mportance, A webpage is important, for example, if there are many webpages that have

-
P
i 9

%
N

-
- - L] - e
b teeir s

= -

STV fommat such as bold or heading) and Anchor (text on a link).
There zre two indexes: The Forward Ind%ﬂ using word
ents using document identifiers) andTime x—{for the actual
T T
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[Hubs and Authoritics algorithm (Klcinberg, 1999) and

s scction presents the
ge, 1998). with examples.

links to it. Thi
algorithm (Brin & Pa

Google's PageRank
ficant, qustworthy, and uselul
links that point to (he page) 1s @
lots of uscful links to relevant
inberg in 1998 attempts 1O

ough analysis ol 4
t to lots of

a bipartitc

Hubs and Authorities

Authorities arc Pages (hat are rccognized as providing Higl‘:l
information on a topic. The in-degree ol a page (the number t:li
simple measure of authority. Hubs arc index pages (hat provide
content pages (lopic authoritics). The algorithm duvc!-npc::i‘l*ry Kle ‘
;_-mmmmliunnlly determine hubs and authoritics on purln.:ullur lopic thi '
-elevant subgraph of the Web. 1t is based on mutually recursive facts: hubs poin
quthoritics and authoritics arc pointed to by lots of hubs. Together (hey tend to form
graph. as depicted in Figure 0.

Hubs Authoritics

and lhuritius on the [nternel.

Figure 6: Bipartite gr;@*n ol hubs

~d authoritics for a particular lopic specificd by a quc
( S. Then it analyzes

s for the qu:;*-r@ﬂllecl the base se
0

The algorithm computes hubs
hub pages 1n this sct.

First. it determines a set of relevant pe

link structure of the Web subgraph defincd by S to ﬁn%imthnrity and
&s returned by tandard search engine be called the roof
the pages pointed to by any page

specific query 0O, let the set of docum

set R. The set S is initialized to X. Th
in R and all the pages that point to any page in R. Even

the nodes with highest in-degree are not necessarily auth
pages like Yahoo or Amazon).
[ly reinforcing sct of hubs and authorities. For

The algorithm slowly converges on d mutua
are maintained. All @, and /i, are

age p € S, an authonty score a, and a hub score /,
repeated several fimes. At each iteration, the scores arc

he values from the previous iteration.

en S is expanded with all
within the b

orities (they may be gener

1se set S for a given qUEEy;
ally popular

each p
initialized with 1. The algorithm 1s

maintained normalized, and the new scores usc t

. B B iy ﬁ
pes (ﬂﬂl o £ 5 ol - :
' i £ Sa i | { " ¥

t . ;
Authorities are pointed to by lots of good hubs (all pages ¢ that point to p):

a, = Zfr,,,

i — 2

Hubs point to lots of good authorities (all pages ¢ that p points at):

hy = Zﬂq

i fr=rif

2] = 1
L -1 = | : . . L
Ly K i- 1 - L i .- ¥
= |

et
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! e 4. and page 4 po!
[For example, if pages 1, 2. and 3 point 10 page 4, and pag
(J1c scores are computed a5 exemplificd m [Figure 7.

I
d: = hr 4 hJ ¥ h
4
2
[

3

5

h,=ai+a.ta 4 6

' T

scores for authorities and for hubs.

Figure 7. Example of computing

rities algorithm can be summarized as follows:

=h, =/

The hubs and autho
the number of iterations):

Initialize for all p € S 4,
Repeat k times (where k 18
a, =

»= 2h,

Forall p € S: (update authority scores)

T
Forallp € S: hy = Z a, (update hub scores)
if- =4
Forallp € 5 a,= a,/ c where ¢ is a constant such that: ;(ﬂgﬁ ;E;)j =1
. i

hat: Z;(hﬁ‘fc ) =

h,/ ciwhere ¢ is a constant such t

{ ( [For all j.?l e S:h,=

converges to a fix-point, where the scores do not chang

The algorithm
duce fairly stable results.

practice, 20 itcrations pro

Google’s PageRank

An alternative link-analysis method 1s P
uscd by Google might be slightly different
between hubs and authorities, it ranks pag
rather than a local neighborhood of pages surrounding the results of a query.

[f p is a given page and ¢, .- 54
of pp is given by the sum of the page ranks of all the pages ¢,

number of outgoing links:

PR(p) = (I-d) + d-(PR(3.)/C(g) + ... + PR(4,)/C(q,)

nts 10 pages - 6. and 7.

e at the next iteration. In

ageRank, used by Google (the actual formula currently
). PageRank does not attempt to capture the distinction
es only by authority. It is applied to the entire Web

arc the pages that point to the page p, the page rank PR
..., g, each of them divided by its '

L
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where Cly,) is number of links going out of the page . and o 15 dampmg factor which can be

between O and 1 (usually o is set 1o 0.85),

Note that the sum of all ranks of all the webpages needs to add up to 1. In fact the Tinks that go
out of any page equally share its rank (due to the division of ’Ritg,) by Cly)). Tilﬂ page rank of a
page p is the sum of the weights of all its incoming links. Figure 8 .‘ihtl\"n’ﬁ i snnphf:cd l‘.?::-'::ﬂﬂpfﬂ
where the PageRank values “flow™ from pages to the pages they cite. After several iterations the
PR values stabilize. Figure 9 shows an example of stable fix point. .

Figure 8. I

05

Figure ¢ ( -xanip|c {15‘ stabilized

.{('2

03
09_ |02
03

> of compulting Page B

A1)

08—

k scores.

SEaKCS. R
_..-'"r //H

0.4 0.4
A5

—_

||

L]
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Figure 10. Example of “rank sink™ xhen a sroup ol pages only point to themsclves but arc
inted to by other pages. |

There are complications when a group of pages only point to themsclves but are pointed

(o by other pages: they act as a“rank sink™ and absorb all the rank in the system (sce Figure 10).

That's why the additional factor o in (he formula is needed. The PageRank algorithm models a

“random surfer”, that visits a page p with a probability given by its page rank PR(p). 'l'hc‘lcrm

(1-d) 1s the probability at cach page that the “random surfer” will gel bored and randomly jump

somewhere else, allowing the surfer to get out of possible dead ends.

commercial Aspects of Search Engines: Sponsored Links

Businesscs pay lo advertise on the major scarch engines. This would lead customers 1o then
websites, if the customers following links returned by search engines as results Df"saarching for
specific terms. A business can bid for particular keywords. This is called term leasing. The links
returned by search engines for commercial purposes are called sponsored links. They usually
appear separate from other results, at the top, bottom or right side of the search engine results
page. The pay-per-click advertising method allows search engines companies to charge a
business proportional to the number of times users follow a sponsored link.

' THEINVISBLEWEB = .
| b £

" o

; ;; { . A
The Invisible Web is the part of the Web that cannot be retrieved (seen) in the result pages from
general Web search engines and in almost all subject directories.

Searchable Databases
Most of the Invisible Web is made up of the contents of thousands of specialized searchable:

databases that can be searched via the Web. The scarch results from many of these databascs are
delivered to the user in webpages that are generated just in answer to the search — dvnamic pages.
Such pages very often are not stored anywhere: it is easier and cheaper to dynamically generate
the answer page for each query than to storc all the possible pages containing all the possible
answers to all the possible queries people could make to the database. Search engines cannol find
these pages. If the only way to access webpages requires the user to fype something or select a
combination of options, spiders are unable to index the pages, because they cannot type or select
options. Also, spiders crawl or navigate the Web by following the links in the webpages that are

& Scanned with OKEN Scanner

(% scanned with OKEN Scanner



already in pages collected by their parent scarch engine. 11 there is no link to a page. spider
cannot “'sec™ 11,
Some searchable databases require a fee, and the users log in using passwords. Many are
[rees here are a few examples of free searchable databasces:
|1lll‘!:#’r’www.I‘rcunfnl.L:umr‘un|*3=h|irt:ul.lmn
hitp://opeit.eprints.org/explorearchives.shiml
httpe//www. deepwebrescarch.info/
Of particular value in academic rescarch are:
Librartans Index hip:/ii.ore/
Academiclnfo hup://www.academicin{o.net/
Intomine http://infomine.ucr.edu/

Excluded Pages

There arc also some types of pages that scarch engine companics excliude by policy. There 1s no
technical reason they could not include them if they wanted. It's a matler of selecting what to
include i indexes that are already huge and expensive to operate.

Some search engines may choose not to include pages because the format of the
document would be infrequently or unsuccessfully searched by the users of the search
engine. Pages formatted in PDF or pages that have very little HTML text might be excluded
(though lately Google and other search engines index PDF files by transforming them into

plain text with minimal HTML markup). Search engines also have a hard time indexing the
contents of documents in Flash, Shockwave, and other programs like Word, WordPerfect,

etc. Pages consisting almost entirely of images are often excluded as well. Script-based

pages are usually excluded. HTML links containing a ? lead to script-based pages. A script is a
type of programming language that can be used to fetch and display webpages. They can
be used to create all or part of a webpage, and to communicate with searchable databases.
Most search engines are instructed not to crawl sites or include pages that use script
technology, although it is often technically possible for them to do so. This isna policy
decision. If spiders encounter a ? in a URL or link, they are programmed to back off, because
they could encounter poorly written scripts or intentional “spider traps” designed to ensnare
_ spiders, sometimes bogging them down in infinite loops that run up the cost anq time it takes _fm*
spiders to do their work.. This may result in the contents of an entire sit¢ using scripts b{cmg
excluded from a search iengine, or a search engine may crawl a safe part of a site and omit others.

OTHER TYPES OF INFORMATION RETRIEVAL SYSTEMS

&

Multimedia Information Retrieval ;
There is a lot of multimedia content on the Web. The information retrieval systems described
above were adapted to work with collections of mmages, video, or music. A query can be
expressed as text, or as a sample image, or by humming a melody. If the query 1s in text form,
the IR system can use the text in the caption of the images, or the text description of the music
(composer, singer, album, etc.) in order to find the information. In this case the traditional IR
technology described above is used. If the query is an image or a piece of music, it can be treated
as a digital signal. Techniques such as vector space model can be extended to compute the

i
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clors will not bhe lrequencics Ol

where the featurces in the ve ‘ .
gz techniques:

ol <1 peessin
gital signal proce: . T e TR i
.+ traditional 1R system i several ways. First, the

cture of the multimedia objects is more complex thar (he structure ol lcxttml f:[:'llc.l.“i::lt:lth
edin database managemen gystems 10 :l{luquntt‘ly :Llr:::;..'”“;
yjcets. Sceond, the gimilarity measurc needs (o be cixlcmral k s

atch a query fo multimedia document, ant hI:m r:nn o
languages arc more cumplc:{. Depend rnbl 0 e
by content (image. mubic, cte.), only by ¢
12 of (Bﬂ{:;:ﬂ-\"ﬂtcs and Berthier

gimilarity between (wo signals,
occurrence in (ext, but [eatures extracted by d
A multimedia IR system dilfers [rom
sirt
requires integration ol mulhm
manage, and store multimedia ol
gimilarity measure is nceded o m
retrieved multimedia documents. Third, query
lype ol query. the search can be done only
descriptions, or a combination of both. Sce chapters 11 and

Ribeiro-Neto, 1999) tor more details.

Digital Libraries

Traditional libraries arc among
records for the material from the library. The
over the Web (online public access calalogs
records are structured according to standards su

classification number).
Modern libraries are being

ise IR systems, 10 create c:ﬂt_a]ngs ol
be scarch by users in the library or
atabase technology: the
ubject headings, and a

the first institutions (0 1
catalogs can
). These catalogs USC d
ch as MARC (title, a few S

as a result of the growth In
[ form. Through the Web, a
to databascs in the

transformed to digital libraries

clectronic publishing, which makes information available n a digita

single interface provides access to local resourcces, as well as remote access . .
sciences, humanities, and busmess, including full-text journals, newspapers, and directories.

Special collections, in multimedia not only m text format, become available through the same

sateway. For more details about the technology of digital libraries see, for example, (Lesk, 1_9?7}'
Many libraries, particularly academic and large public libraries¢ have undertaken digital

library project to achieve interoperability and ease of use and access. Two such projects are the
Los Angeles Public Library’s Virtual Flectronic Library project (hl't[}:ffW‘u’v’w.lﬂDI.DI'EL and
University of Pennsylvania’s Digital Library (hitptffwww.librargunemgggig}. A digital library
could have no connection to an actual library, for example the ACM Digital Library

" (http//portal.acm.org/dl.cfm) that contains journal and cont

Science. $:3
‘ } o : . { x. { \
Digital libraries are more than complex

around various communities of USCIS. They a

L i
L T

o

i L T L 1 i
IR systems. They are social systems centered

lso have component for building, cataloging,
maintaining, and preserving repositories. There are many ‘rernational or national digital library
projects. One such project 1s the Digital Libraries Initiative (DLI) (phase one 1994-1998, phase
two in progress) supported by the National Science Foundation (NSF), the Department of
Defense Advanced Research Projects Agency (DARPA) and the National Aeronautics and Space
Administration (NASA). The DLI phase one contained large research projects at.Six universitics:

Camegie-Mellon University, Stanford University,

University of Illinois Urbana-Champaign,
University of California at Berkeley, University of California at Santa Barbara and University of
Michigan. These projects are developing the next gencration of tools for information discovery,

management, retrieval and analysis.

erence publications in Computer

e
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Distributed Information Retrieval Syslems

When the collection of documents is huge, it can be distribut
computing can be used (o speed up processing, Document part
search task into multiple, sell-contained tasks that each imvolv - -
processing with little communication between them. Collections can be divided by “}P'“ﬁ_”rr“’l:
administrative purposes. When the collection is distributed. an index cuu‘hc buill &TI,E‘T

partition, but a centralized index is still needed in order to direc! the scarch for the Iurms'lm tl::ir
user’s query. To build a distributed IR system, algorithmic JR-issucs nced 1o be .::.mmu[cn?c
together with engineering issucs common to distributed systems in general, The mzurrx
engineering issues involve: defining a search protocol for (ransmitling requests and I'ESI.I!I:'E:
designing servers that can efficiently accepl requests, initiate subprocesscs oOf H'll‘ﬂfﬂﬂ lo service
requests, and exploit any locality inherent in the processing using appropriatc caching
techniques: designing a broker that can submit asynchronous scarch requests 1o multiplc scrvers
in parallel and combine the intermediate results into a final end user result. The ulgc:rflhn’ﬂc
issues involve: how to distribute documents across the distributed scarch SCrvers. how to decide
which servers should receive a particular scarch request, and how (0 combine the results from the

different servers.
A special type of distributed IR systems are Peer-to-Pecr IR systcms (P2P), when the
lized access control. In a

information can be repeated on several computers, and there is no centra
P2P system, the nodes (servers) are independent; each node can leave or enter the system anﬁ
time. Examples of P2P systems are Gnutella and Napster. See chapter 9 of (Bacza-Yates an

Berthier Ribeiro-Neto, 1999) for more details about distributed systems.

cd over many computcrs. Parallel
itioning can be used to divide the
¢ exlensive computation and data

CONCLUSION AND FUTURE DIRECTIONS

This chapter presented an overview of the methods used in information retrieval and search

engines. The technology of search engines is a very dynamic field, always looking for

improvements and new ideas in order to satisfy user needs. Future trends in search engines :
Ainclude technology that 1s yet-in the stage nffcsearch prototypes. Multimedia IR systcms on t]:]E:i S ‘
“ i ther ‘types of data are available

Web are becoming more impﬂrtant: as more video, music, and o
on the Web and fast Internet access becomes common.

Natural Language Queries
Text-based IR systems will also evolve. Users could express their queries in natural language,

not just as keywords. This requires deeper syntactic and semantic analysis of the queries and the
documents. Allowing the user to orally describe the information neegl into a microphone 1s a
more natural way to interact with a search engine (Crestani, 2002). Spoken queries need to be
translated into text queries using a Speech Recognition system (though current speech
recognition technology would introduce recognition errors that might hurt retricval performance).
Cross-language Information Retrieval systems become available (Savoy, 2003). The queries can
be a language in which the user feels comfortable, while the documents are in another language.
This requires automatic translation of the queries before matching: them to documents for

retrieval.
v i

@ Scanned with OKEN Scanner

(% scanned with OKEN Scanner



Information Extraction techniques fook a1 setrievine specitic picces of informzation frem
documents rather than showing to the user long f1ats of links to documents. These 5-}':1:::11&’::::1{1
to work only in specific domains. such as biomedical tent (Mooney and Bunescu. 20035) or
pewspaper text deseribing terrorist attacks (Rillof, 1999). Questions Answering techniques cestm
4 cONCise answer 10 a query expressed in natural faneuace. They require deep semanlic ana?}'sw
in order 10 match queries to selected sentences in the documents (Harabagiu ¢f al . 2000).
$|mplﬂ'f methods looked 4l [f:l;phjring redundancy on the Web: extract ANSWeTS fmm many
webpages, and even if some answers are wrong. selecting the answer that has a majority 0f 201€3
ofien leads to a correct response (Clarke er al.. 2001 ). r

The Semantic VWeb and Use of Meta-Data

Most of the current forms of Web content are desicned to be pres '
are not understandable by computers. The Semantic Web aims at enhancing exising
content with semantic structure in order to make it meaningful to compuiers as well as 10 humans.
The Semantic Web project (http://www semanticweb.ore/) provides support for adding semantic
annotations (mela-data that describes their content) io v:'f:bpages or multimedia nh:ie'cis. To
express the meta-data there is a need for standardized voczbularies and constructs explicitly and
formally defined in domain oniologies (seis of domain concepis and relations beiween them).

The performance of current search engines and IR svstems suffers because of ihe
ambiguity of the natural language: words in documents and queries have muliiple meanings and
the retrieval results ofien include the wrong meanings in addiiion 1o the desired meanings. Betier
results will be achieved if webpages contain precise semaniic annotaiions. This will allow search
agents 1o navigate, collect, and utilize information on the Web in more reliable ways.

=nted to humans: they
Web

Visualization and Categorization of Resulis
Search engines tend to retrieve many documents in answer to a user query. Often users look only

at the first 10 documents. When recall in important to the user, a long list is noi a good way oi
displaying the results. The list does not show the distribution of the different caiegories of
ageable ways. for

answers. Various ideas are tried in order to present the results in more man :
example 2-dimensional maps or 3-dimentional visualizations (Chen et al., 1998). Autnmat_lﬁ
[ ¥ 7 | . I i ;
terl ; - cuments. Each cluster wi
clustering techniques can be used to discover clusters of similar, docum ac

then be an object in the visual representation.

GLOSSARY

Boolean Model: a classic model of document retricval based or classic st theory. Uses Boolcan

operator such as AND, OR, NOT.

Divital Library: a complex system composed of> a repository of heterogeneous qlglta_[ DbJE.{:iS;
c?cecriptinns *‘Df" these objects (meta-data): a sel of users: systems for capturing, indexing,

cataloging, scarching, browsing, dclivery, archiving, and preserving the repository.

Distributed Information Retrieval: IR systems that distribute the data collection and the

computation over multiple servers.
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Index: a data structure built 1o speed up the search. For cach I-u:ywur;L it records the number ol

vceurrences i documents and possibly other information.

relricval of information

Information Retrieval (IR): part of Computer Science (hat studics the I
al salislying a

(not data) from a collection of written documents. The retrieved documents atm
user information need usually expressed in natural language.

Invisible Web: the part of the Web not indexed by scarch cngines, mostly composed of
Y1 P 5 ] g i wgt  Fy et & a - - 5‘
scarchable databases. These databases prodlice dynamic HTML pages as results to qucrics;
therelore the pages cannol be indexed by scarch engines.

L 1 ] # - . ' B 5 v L] B L e f]f
Latent Semantic Indexing: a model of information retricval that cxiends the classic vccllhﬂ
space model; it reduces the dimension of the vector space; the dimensions are no longef

index terms, they approximate concepts. | !

combines

Mean Average Precision: an information refricval performance measurc that o
rctricvc

precision and recall and rewards relevant documents ranked higher in the Jist of retr [
documents. Computed as the average of the precision values for each relevant document m the
ranked results.

Meta-data: description of the data (in XML or other description language)

Meta-search: a search technique where a single entry point is provided to multiple

heterogeneous search engines. The user query is sent to these search engines and a unified list

of results 1s presented to the user.

Multimedia Information Retrieval; IR systems that deal with 1mages, video, audio, music o1
other multimedia objects.

Page Ranking: methods for ranking webpages by their popularity, for example based on the :

.nu;ilber ﬂflinlizs that point to a page. . . - { " .
{ . ; e ;

Peer-to-Peer Information Retrieval: Distributed IR systems where the nodes are independent
computers that can leave or join the system any time.

gy,

Precision: an information retrieval performance measure that quantifies the fraction of the
retrieved documents which are relevant.

F

Probabilistic Model: a model of information retricval based on a probabilistic interpretation of
document relevance to a user query.

Query: the expression of the user information nced in the input language of the information
system. Usually keywords and sometimes a few Boolean connectives (AND, OR, NOT).

- Recall: an information retrieval performance measure that quantifies the fraction of known
. L
relevant documents that are among the retrieved documents.
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Relevance Feedback:

ek from he user about the
relevance or non-rele

M anteractive process ol obtaining leedb
vance ol the retrieved documents.

Search Engine: An IR system designed to find information on the Web. to index webpages 1n

order to be able o retrieve them as result of a user query.

Stemming: a technique for reducine a word
t

10 1ts root form.

St“[’“:“"dsf words that occur frequently in texts. for example articles. preposilions. and
conjunclons. )

User Information Need: a natural language declaration of the informational need of a user.
) )
Vector pr_ﬁtce Model: a classic model of document relrieval based on representing documents
and quenes as vectors of index terms.

Web Cri:nvler (Web Spider or Robot): 2 program that collects HTML pages from the Web by
following links from the collected webpage.
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