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We oer an overview of current Web search engine design. After introducing a generic search
engine architecture, we examine eac engine component in turn. We cover crawling, local Web page
storage, indexing, and the use of link analysis for boosting search performance. The most common
design and implementation techniques for each of these components are presented. We draw
for this presentation from the literature, and from our own experimental search engine testbed.
Emphasis is on introducing the fundamental concepts, and the results of seweral performance
analyses we conducted to compare di eren t designs.

Categories and Subject Descriptors: H.3.5 [Information  Storage and Retriev al]: Online In-
formation Services| Web-basal services, H.3.4 [Information ~ Storage and Retriev al]: Systems
and Software

General Terms: Algorithms, Design, Performance

Additional Key Words and Phrases: Search engine, crawling, indexing, link analysis, PageRank,
HITS, hubs, authorities, information retriev al

1. INTRODUCTION

The plentiful content of the World-Wide Web is useful to millions. Some simply
browsethe Webthrough ertry points sud asYahoo!. But many information seelers
usea sarch engineto begin their Web activity. In this case,userssubmit a query,
typically a list of keywords, and receiwe a list of Web pagesthat may be relevant,
typically pagesthat corntain the keywords. In this paper we discussthe challenges
in building good seart engines,and describe someof the techniquesthat are useful.
Many of the seard enginesusewell-known information retrieval (IR) algorithms
and techniques [Salton 1989; Faloutsos 1985]. Howewer, IR algorithms were de-
veloped for relatively small and coherent collections such as newspayer articles or
book catalogsin a (physical) library. The Web, on the other hand, is massiwe, much
lesscoherer, changesmore rapidly, and is spread over geographically distributed
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computers. This requiresnewtechniques, or extensionsto the old ones,to dealwith
the gathering of the information, to make index structures scalableand e cien tly
updateable, and to improve the discriminating ability of seard engines. For the
last item, discriminating ability, it is possibleto exploit the linkage among Web
pagesto better identify the truly relevant pages.

There is no question that the Web is huge and challenging to deal with. Seeral
studies have estimated the size of the Web [Bar-Y ossefet al. 2000; Lawrence and
Giles 1999; Lawrence and Giles 1998; Bharat and Broder 1999], and while they
report slightly di erent numbers, most of them agreethat over a billion pagesare
available. Given that the averagesize of a Web pageis around 5{10K bytes, just
the textual data amourts to at least tens of terabytes. The growth rate of the Web
is even more dramatic. According to Lawrenceand Giles [1999],the sizeof the Web
has doubled in lessthan two years, and this growth rate is projected to continue
for the next two years.

Aside from these newly created pages,the existing pagesare cortinuously up-
dated [Pitk ow and Pirolli 1997;Wills and Mikhailov 1999; Douglis et al. 1999;Cho
and Garcia-Molina 2000a]. For example, in our own study of over half a million
pagesover 4 months [Cho and Garcia-Molina 2000a],we found that about 23% of
pageschangeddaily. In the .com domain 40% of the pageschangeddaily, and the
half-life of pagesis about 10 days (in 10 days half of the pagesare gone,i.e., their
URLs are no longer valid). In [Cho and Garcia-Molina 2000a],we also report that
a Poissonprocessis a good model for Web page changes. Later in Section 2, we
will shov how some of theseresults can be usedto improve seard engine quality.

In addition to size and rapid change, the interlink ed nature of the Web sets it
apart from many other collections. Seweral studies aim to understand how the
Web's linkageis structured and how that structure can be modeled [Broder et al.
2000; Barabasi and Albert 1999; Albert et al. 1999; Huberman and Adamic 1999;
Cho and Garcia-Molina 2000a]. One recert study, for example, suggeststhat the
link structure of the Web is somewhatlike a\b ow-tie" [Broder et al. 2000]. That is,
about 28% of the pagesconstitute a strongly connectedcore (the certer of the bow
tie). About 22% form one of the tie's loops: these are pagesthat can be reached
from the core but not vice versa. The other loop consists of 22% of the pages
that canread the core, but cannot be reached from it. (The remaining nodescan
neither reac the core nor can be readhed from the core.)

Before we describe seard enginetechniques, it is usefulto understand how a Web
seard engineis typically put together. Figure 1 shows such an engine schemati-
cally. Every enginerelieson a crawler module to provide the grist for its operation
(shown on the left in Figure 1). Crawlers are small programs that “browse' the
Web on the seard engine's behalf, similarly to how a human user would follow
links to readh dierent pages. The programs are given a starting set of URLS,
whosepagesthey retrieve from the Web. The crawlers extract URLs appearing in
the retrieved pages,and give this information to the crawler control module. This
module determineswhat links to visit next, and feedsthe links to visit badk to the
crawlers. (Some of the functionality of the crawler control module may be imple-
mented by the crawlersthemselwes.) The crawlers also passthe retrieved pagesinto
a page repository. Crawlers cortinue visiting the Web, until local resources,such
as storage, are exhausted.
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Fig. 1. General search engine architecture

This basic algorithm is modied in many variations that give seard engines
di erent levelsof coverageor topic bias. For example, crawlersin one enginemight
be biasedto visit as many sites as possible,leaving out the pagesthat are buried
deeply within ead site. The crawlers in other enginesmight specialize on sites
in one speci ¢ domain, such as governmertal pages. The crawl control module is
responsible for directing the crawling operation.

Once the seard engine has beenthrough at least one complete crawling cycle,
the crawl control module may be informed by seweral indexesthat were created
during the earlier crawl(s). The crawl control module may, for example, use a
previous crawl's link graph (the structure index in Figure 1) to decidewhich links
the crawlers should explore, and which links they should ignore. Crawl cortrol may
also use feedbadk from usagepatterns to guide the crawling process(connection
betweenthe query engineand the crawl control module in Figure 1). Section 2 will
examine crawling operations in more detail.

The indexer module extracts all the words from eat page,and recordsthe URL
where eac word occurred. The result is a generally very large \lo okup table" that
can provide all the URLs that point to pageswhere a given word occurs (the text
index in Figure 1). The table is of courselimited to the pagesthat were covered
in the crawling process. As mertioned earlier, text indexing of the Web poses
special di culties, due to its size, and its rapid rate of change. In addition to
these quartitativ e challenges,the Web calls for some special, lesscommon kinds
of indexes. For example, the indexing module may also create a structure index,
which re ects the links between pages. Suc indexeswould not be appropriate for
traditional text collectionsthat do not cortain links. The collection analysis module
is responsible for creating a variety of other indexes.

The utility index in Figure 1 is created by the collection analysis module. For
example, utilit y indexesmay provide accesso pagesof a given length, pagesof a
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certain \imp ortance," or pageswith somenumber of imagesin them. The collec-
tion analysis module may usethe text and structure indexeswhen creating utilit y
indexes. Section 4 will examineindexing in more detail.

During a crawling and indexing run, seard enginesmust store the pagesthey
retrieve from the Web. The pagerepository in Figure 1 represerts this|p ossibly
temporary|collection. = Sometimesseard enginesmaintain a cade of the pages
they have visited beyond the time required to build the index. This cadhe allows
them to sere out result pagesvery quickly, in addition to providing basic searh
facilities. Somesystems,such as the Internet Archive, have aimed to maintain a
very large number of pagesfor permanert archival purposes.Storageat such a scale
again requires special consideration. Section 3 will examine these storage-related
issues.

The query engine module is responsible for receiving and lling seard requests
from users. The enginerelies heavily on the indexes, and sometimeson the page
repository. Becauseof the Web's size, and the fact that userstypically only enter
one or two keywords, result setsare usually very large. The ranking module there-
fore has the task of sorting the results sud that results near the top are the most
likely onesto bewhat the useris looking for. The query module is of specialinterest,
becausetraditional information retrieval (IR) techniques have run into selectivity
problems when applied without modi cation to Web searding: Most traditional
techniguesrely on measuringthe similarit y of query texts with texts in a collection's
documerts. The tiny queriesover vast collections that are typical for Web seard
enginesprevent sud similarity basedapproachesfrom ltering su cient numbers
of irrelevant pagesout of seard results. Section5 will introduce seard algorithms
that take advantage of the Web'sinterlink ed nature. When deplayedin conjunction
with the traditional IR techniques,thesealgorithms signi cantly improve retrieval
precisionin Web seart scenarios.

In the rest of this article we will describe in more detail the seard engine com-
ponerts we have presernied. We will also illustrate someof the speci ¢ challenges
that arisein ead case,and someof the techniquesthat have beendeveloped. Our
paper is not intended to provide a complete survey of techniques. As a matter of
fact, the exampleswe will useto illustrate will be drawn mainly from our own work
sinceit is what we know best.

In addition to researt at universities and open laboratories, many \dot-com"
companieshave worked on seard engines. Unfortunately, many of the techniques
used by dot-coms, and especially the resulting performance, are kept private be-
hind compary walls, or are “disclosed'in patents whoselanguageonly lawyers can
comprehendand appreciate. We therefore believe that the overview of problems
and techniques we provide here can be of use.

2. CRAWVLING WEB PAGES

The crawler module (Figure 1) retrieves pagesfrom the Web for later analysis by
the indexing module. As discussedin the introduction, a crawler module typically
starts o with an initial set of URLs Sp. Roughly, it rst placesSy in a queue,
where all URLs to be retrieved are kept and prioritized. From this queue, the
crawler getsa URL (in someorder), downloadsthe page,extracts any URLs in the
downloaded page, and puts the new URLs in the queue. This processis repeated
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until the crawler decidesto stop. Given the enormoussize and the changerate of
the Web, many issuesarise, including the following:

(1) What pages should the crawler download? In most cases,the crawler
cannot download all pageson the Web. Even the most comprehensie seart
enginecurrently indexesa small fraction of the entire Web [Lawrenceand Giles
1999;Bharat and Broder 1999]. Given this fact, it is important for the crawler
to carefully selectthe pagesand to visit \imp ortant" pages rst by prioritizing
the URLs in the queueproperly, sothat the fraction of the Web that is visited
(and kept up-to-date) is more meaningful.

(2) How should the crawler refresh pages? Oncethe crawler hasdownloaded
a signi cant number of pages,it hasto start revisiting the downloaded pages
in order to detect changesand refresh the downloaded collection. Because
Web pagesare changing at very di erent rates [Cho and Garcia-Molina 2000b;
Wills and Mikhailov 1999],the crawler needsto carefully decide what pageto
revisit and what pageto skip, becausethis decision may signi cantly impact
the \freshness" of the downloaded collection. For example, if a certain page
rarely changes,the crawler may want to revisit the pagelessoften, in order to
visit more frequertly changing ones.

(3) How should the load on the visited Web sites be minimized? When the
crawler collects pagesfrom the Web, it consumesresourcesbelongingto other
organizations [Koster 1995]. For example, when the crawler downloads pagep
on site S, the site needsto retrieve pagep from its le system, consumingdisk
and CPU resource. Also, after this retrieval the page needsto be transferred
through the network, which is another resourceshared by multiple organiza-
tions. The crawler should minimize its impact on these resources[RobotsEx-
clusionProtocol]. Otherwise, the administrators of the Web site or a particular
network may complain and sometimescompletely block accessby the crawler.

(4) How should the crawling pro cess be parallelized? Due to the enormous
size of the Web, crawlers often run on multiple machines and download pages
in parallel [Brin and Page 1998a; Cho and Garcia-Molina 2000b]. This par-
allelization is often necessaryin order to download a large number of pages
in a reasonableamount of time. Clearly these parallel crawlers should be co-
ordinated properly, sothat dierent crawlers do not visit the same Web site
multiple times, and the adopted crawling policy should be strictly enforced.
The coordination can incur signi cant communication overhead, limiting the
number of simultaneous crawlers.

In the rest of this sectionwe discussthe rst two issues,pageselectionand page
refresh, in more detail. We do not discussload or parallelization issues, mainly
becausemuch lessreseard has beendone on those topics.

2.1 Pageselection

As we argued, the crawler may want to download \imp ortant" pages rst, sothat
the downloaded collection is of high quality. There are three questionsthat need
to be addressed:the meaning of \imp ortance,” how a crawler operates, and how
a crawler \guesses"good pagesto visit. We discussthese questionsin turn, using
our own work to illustrate someof the possibletechniques.
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2.1.1 Importance metrics. Given a Web page P, we can de ne the importance
of the pagein one of the following ways: (These metrics can be combined, as will
be discussedlater.)

1)

(2)

Interest Driven. The goalis to obtain pages\of interest" to a particular useror
setof users. Soimportant pagesare thosethat match the interest of users. One
particular way to de ne this notion is through what we call a driving query.
Given a query Q, the importance of pageP is de ned to be the \textual sim-
ilarity" [Salton 1989] between P and Q. More formally, we compute textual
similarity by rst viewing ead documert (P or Q) as an m-dimensional vec-

vocabulary. If w; doesnot appear in the documert, then w; is zero. If it does
appear, w; is setto represert the signi cance of the word. One common way
to compute the signi cance w; is to multiply the number of times the ith word
appearsin the documert by the inversedocumert frequency (idf ) of the ith
word. The idf factor is onedivided by the number of times the word appears
in the ertire \collection," which in this casewould be the ertire Web. Then we
de ne the similarity betweenP and Q as a cosine product betweenthe P and
Q vectors[Salton 1989]. Assuming that query Q represerns the user'sinterest,
this metric shows how \relevant" P is. We usel S(P) to refer to this particular
importance metric.

Note that if we do not useidf terms in our similarity computation, the im-
portance of a page, | S(P), can be computed with \lo cal" information, i.e., P
and Q. Howewer, if we useidf terms, then we need global information. Dur-
ing the crawling processwe have not seenthe ertire collection, so we have to
estimate the idf factors from the pagesthat have beencrawled, or from some
referenceidf terms computed at someother time. We usel S{P) to refer to the
estimated importance of pageP, which is di erent from the actual importance
I S(P), which can be computed only after the entire Web has beencrawled.
Reference[Chakrabarti et al. 1999] preserts another interest-driven approac
basedon a hierarchy of topics. Interest is de ned by a topic, and the crawler
tries to guessthe topic of pagesthat will be crawled (by analyzing the link
structure that leadsto the candidate pages).

Popularity Driven. Pageimportance dependson how \p opular" a pageis. For
instance, one way to de ne popularity is to usea page'sbacklink count. (We
usethe term backlink for links that point to a given page.) Thus a Web page
P's badlinks are the set of all links on pagesother than P, which point to
P. When using badklinks as a popularity metric, the importance value of P
is the number of links to P that appear over the ertire Web. We usel B(P)
to refer to this importance metric. Intuitiv ely, a page P that is linked to by
many pagesis more important than onethat is seldomreferenced. This type
of \citation count" has beenusedin bibliometrics to ewaluate the impact of
published papers. On the Web, 1 B(P) is useful for ranking query results,
giving end-userspagesthat are more likely to be of generalinterest. Note that
evaluating | B(P) requires courting backlinks over the ertire Web. A crawler
may estimate this value with 1 BYP), the number of links to P that have been
seenso far. (The estimate may be inaccurate early on in a crawl.) Later in
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Section 5 we de ne a similar yet more sophisticated metric, called PageRank
I R(P), that can also be usedas a popularity measure.

(3) Location Driven. The I L(P) importance of pageP is a function of its location,
not of its contents. If URL u leadsto P, then IL(P) is a function of u. For
example, URLs ending with \.com" may be deemedmore useful than URLs
with other endings, or URLs cortaining the string \home" may be of more
interest than other URLs. Another location metric that is sometimesused
considersURLs with fewer slashesmore useful than those with more slashes.
Location driven metrics can be considereda special case of interest driven
ones, but we list them separately becausethey are often easyto ewaluate. In
particular, all the location metrics we have mertioned here are local sincethey
can be evaluated simply by looking at the URL u.

As stated earlier, our importance metrics can be combined in various ways. For
example,we may de ne ametric IC(P) = ky IS(P)+ kx IB(P)+ ks IL(P), for
someconstans ki, kz, k3 and query Q. This combines the similarity metric, the
badlink metric and the location metric.

2.1.2 Crawler models. Our goalis to designa crawler that if possiblevisits high
importance pageshefore lower ranked ones, for a certain importance metric. Of
course,the crawler will only have estimated importance values(e.g., | BYP)) avail-
able. Basedon theseestimates, the crawler will have to guessthe high importance
pagesto fetch next. For example, we may de ne the quality metric of a crawler in
one of the following two ways:

| Crawl & Stop: Under this model, the crawler C starts at its initial page Po
and stopsafter visiting K pages.(K isa xed numkber determined by the number
of pagesthat the crawler can download in one crawl.) At this point a perfect

highest importance value, R, is the next highest, and so on. We call pagesR;
through Rk the hot pages.The K pagesvisited by our real crawler will cortain
only M ( K) pageswith rank higher than or equal to that of Rk . (Note that
we needto know the exact rank of all pagesin order to obtain the value M.
Clearly, this estimation may not be possible until we download all pagesand
obtain the global image of the Web. Later in Section2.1.4, we restrict the entire
Web to the pagesin the Stanford domain and estimate the ranks of pagesbased
on this assumption.) Then we de ne the performance of the crawler C to be
Pcs(C) = (M 100)=K. The performanceof the ideal crawler is of course100%.
A crawler that somehav managesto visit pagesentirely at random, and may
revisit pages,would have a performance of (K 100)=T, where T is the total
number of pagesin the Web. (Each pagevisited is a hot pagewith probability
K=T. Thus, the expected number of desired pageswhen the crawler stops is
K?2=T.)

| Crawl & Stop with Threshold: We again assumethat the crawler visits K
pages. However, we are now given an importance target G, and any page with
importance higher than G is consideredhot. Let usassumethat the total number
of hot pagesis H. Again, we assumethat we know the ranks of all pagesand
thus can to obtain the value H. The performanceof the crawler, Pst (C), is the
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percertage of the H hot pagesthat have beenvisited when the crawler stops. If
K < H , then an ideal crawler will have performance(K 100+=H. If K H,
then the ideal crawler has 100% performance. A purely random crawler that
revisits pagesis expectedto visit (H=T) K hot pageswhen it stops. Thus, its
performanceis (K 100)=T. Only if the random crawler visits all T pages,is its
performance expectedto be 100%.

2.1.3 Ordering metrics. A crawler keepsa queueof URLs it has seenduring the
crawl, and must selectfrom this queuethe next URL to visit. The ordering metric
is used by the crawler for this selection,i.e., it selectsthe URL u sud that the
ordering value of u is the highest among all URLs in the queue. The ordering
metric can only useinformation seen(and remenbered if spaceis limited) by the
crawler.

The ordering metric should be designedwith an importance metric in mind. For
instance, if we are searding for high | B(P) pages,it makessenseto usean | BYP)
as the ordering metric, where P is the page u points to. Howewer, it might also
make senseto consideran | RYP) (the PageRankmetric, Section5), even if our
importance metric is the simpler citation count. In the next subsectionwe show
why this may be the case.

Location metrics can be useddirectly for ordering, sincethe URL of P directly
givesthe | L (P) value. However, for similarity metrics, it is much harder to devise
an ordering metric, sincewe have not seenP yet. We may be able to usethe text
that anchorsthe URL u asa predictor of the text that P might contain. Thus, one
possibleordering metric is | S(A) (for somequery Q), whereA is the anchor text of
the URL u. Reference[Diligenti et al. 2000] proposesan approach like this, where
not just the anchor text, but all the text of a page(and \near" pages)is considered
for | S(P).

2.1.4 Case Study. To illustrate that it is possibleto download important pages
signi cantly earlier when we adopt an appropriate ordering metric, we shov some
results from an experiment we conducted. To keep our experiment manageable,
we de ned the ertire Web to be the 225,000Stanford University Web pagesthat
were downloaded by our Stanford WebBasecrawler. That is, we assumedthat
all pagesoutside Stanford have \zero importance value," and that links to pages
outside Stanford or from pagesoutside Stanford do not court in pageimportance
computations. Note that sincethe pageswere downloadedby our crawler, they are
all reachable from the Stanford homepage.

Under this assumption, we experimentally measuredthe performance of vari-
ous ordering metrics for the importance metric | B(P), and we show the result in
Figure 2. In this graph, we assumedthe Crawl & Stop model with Threshold,
with threshold value G = 100. That is, pageswith more than 100 backlinks were
considered\hot,” and we measuredhow many hot pageswere downloaded when
the crawler had visited x% of the Stanford pages. Under this de nition, the total
number of hot pageswas 1,400, which was about 0:8% of all Stanford pages. The
horizontal axis represens the percertage of pagesdownloaded from the Stanford
domain, and the vertical axis shaws the percertage of hot pagesdownloaded.

In the experiment, the crawler started at the Stanford homepage(http://www.stanf
and, in three di erent experimental conditions, selectedthe next pagevisit either

ord.e du)
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by the ordering metric | R(P) (PageRank), by | BYP) (backlink), or by following
links breadth-rst (breadth). The straight line in the graph shows the expected
performanceof a random crawler.

Hot pages crawled
100%

80%
// / Ordering metric:
60% —— PageRank
— backlink
-+ breadth
40% //// — random
20% W
0% T T T T Pages crawled

0% 20% 40% 60% 80% 100%

Fig. 2. The performance of various ordering metrics for I B(P); G = 100

From the graph, we can clearly seethat an appropriate ordering metric can sig-
ni cantly improve the performanceof the crawler. For example, when the crawler
used | BYP) (backlink) asits ordering metric, the crawler downloaded more than
50% of hot pages,when it visited lessthan 20% of the erntire Web. This is a signif-
icant improvemen comparedto a random crawler or a breadth rst crawler, which
downloaded lessthan 30% of hot pagesat the samepoint. One interesting result
of this experiment is that the PageRank ordering metric, | RAR), shows better
performancethan the backlink ordering metric | BYR), even when the importance
metric is I B(R). This is becauseof the inheritance property of the PageRank
metric, which can help avoid downloading \lo cally popular" pagesbefore\globally
popular,” but \lo cally unpopular" pages. In additional experiments [Cho et al.
1998] (not described here) we study other metrics, and also obsene that the right
ordering metric can signi cantly improve the crawler performance.

2.2 Pagerefresh

Oncethe crawler has selectedand downloaded\imp ortant" pages,it hasto period-
ically refreshthe downloaded pages,sothat the pagesare maintained up-to-date.
Clearly there exist multiple ways to update the pages,and di erent strategieswill
result in di erent \freshness" of the pages. For example, considerthe following two
strategies:

(1) Uniform refresh policy: The crawler revisits all pagesat the samefrequency
f, regardlessof how often they change.

(2) Prop ortional refresh policy: The crawler revisits a page proportionally
more often, as it changesmore often. More precisely assumethat ; is the
changefrequencyof a pagee;, and that f; is the crawler's revisit frequencyfor
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€. Then the frequencyratio ;=f; is the samefor any i. For example,if page
e; changes10 times more often than pagee;,, the crawler revisits e; 10 times
more often than e,.

Note that the crawler needsto estimate ;'s for eact page,in order to implement
this policy. This estimation can be based on the change history of a page
that the crawler can collect [Cho and Garcia-Molina 2000a]. For example, if a
crawler visited/do wnloaded a page p; every day for a month, and it detected
10 changes,the crawler may reasonableestimate that ; is one changeevery 3
days. For more detailed discussionon estimation, see[Cho and Garcia-Molina
2000a].

Between these two strategies, which one will give us higher \freshness?" Also,
can we comeup with an even better strategy? To answer these questions,we need
to understand how Web pageschange over time and what we mean by \freshness"
of pages. In the next two subsectionswe go over possibleanswersto thesequestions
and compare various refresh strategies.

2.2.1 Freshnessmetric. Intuitiv ely, we consider a collection of pages\fresher"
when the collection has more up-to-date pages. For instance, considertwo collec-
tions, A and B, containing the same20 web pages. Then if A maintains 10 pages
up-to-date on average,and if B has maintains 15 up-to-date pages,we consider
B to be fresherthan A. Also, we have a notion of \age:" even if all pagesare
obsolete,we considercollection A \more current" than B, if A wasrefreshedl day
ago,and B wasrefreshedl year ago. Basedon this intuitiv e notion, we have found
the following de nitions of freshnessand ageto be useful. (Incidentally, [Co man,
Jr. et al. 1997]hasa slightly di erent de nition of freshnessput it leadsto results
that are analogousto ours.) In the following discussion,we refer to the pageson
the Web that the crawler monitors asthe real-world pagesand their local copiesas
the local pages

de ne the freshnessof the collection as follows.

De nition 1. The freshnessof a local pagee; at time t is

1 if g is up-to-date at time t

Fle:t) = 0 otherwise.

(By up-to-date we mean that the cortent of a local page equalsthat of its
real-world counterpart.) Then, the freshnessof the local collection S at time t
is

1 X
F(Sit)y= & F(e;t):
N
i=1
The freshnessis the fraction of the local collection that is up-to-date. For
instance, F (S;t) will be oneif all local pagesare up-to-date, and F (S;t) will
be zeroif all local pagesare out-of-date.

(2) Age: Tocapture\how old" the collection is, we de ne the metric ageasfollows:
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De nition 2. The ageof the local pagee; at time t is

0 if g is up-to-date at time t

Alet) = t modi cation time of e otherwise.

Then the ageof the local collection S is

1 X
A(S;t) = N A(e;t):
i=1

The ageof S tells us the average\age" of the local collection. For instance, if
all real-world pageschangedone day agoand we have not refreshedthem since,
A(S;t) is oneday.

Obviously, the freshness(and age) of the local collection may change over time.
For instance, the freshnesamight be 0.3 at one point of time, and it might be 0.6 at
another point of time. Becauseof this possible uctuation, we now compute the av-
eragefreshnessover a long period of time and usethis value asthe \representativ e"
freshnessof a collection.

De nition 3. We de ne the time averageof freshnessof pagee;, F(e), and the
time averageof freshnessof collection S, F(S), as
1 Z Z,
F(e)= lim T, F(e;tydt  F(S)= lim Tt F(S;t)dt:
The time averageof age can be de ned similarly.

Mathematically, the time average of freshnessor age may not exist, becausewe
take a limit over time. Howewer, the above de nition approximates the fact that
we take the averageof freshnessover a long period of time. Later on, we will see
that the time averagedoes exist when pageschange by a reasonableprocessand
when the crawler periodically revisits eat page.

2.2.2 Refreshstrategy. In comparing the pagerefresh strategies, it is important
to note that crawlers can download/up date only a limited number of pageswithin a
certain period, becausecrawlers have limited resources.For example, many seard
enginesreport that their crawlers typically download seeral hundred pagesper
second. (Our own crawler, which we call the WebBasecrawler, typically runs at
the rate of 50{100 pagesper second.) Depending on the pagerefresh strategy, this
limited pagedownlaad resouice will be allocatedto di erent pagesin di erent ways.
For example, the proportional refresh policy will allocate this download resource
proportionally to the pagechangerate.

Toillustrate the issues,considera very simple example. Supposethat the crawler
maintains a collection of two pages: e; and e,. Pagee; changes9 times per day
and e, changesoncea day. Our goal is to maximize the freshnessof the database
averagedover time. In Figure 3, we illustrate our simple model. For pagee;, one
day is split into 9 intervals, and e; changesonce and only once in ead interval.
However, we do not know exactly when the page changeswithin an interval. Page
e, changesonce and only once per day, but we do not know precisely when it
changes.
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v : element modification time

Fig. 3. A database with two pageswith dieren t change frequencies

Becauseour crawler is a tiny one, assumethat we can refresh one page per day.
Then what pageshouldit refresh? Should the crawler refreshe; or shouldit refresh
e? To answer this question, we needto compare how the freshnesschangesif we
pick one pageover the other. If pagee, changesin the middle of the day and if we
refresh e, right after the change,it will remain up-to-date for the remaining half
of the day. Therefore, by refreshing pagee, we get 1=2 day \b ene t"(or freshness
increase). However, the probability that e, changesbefore the middle of the day
is 1=2, sothe \exp ected bene t" of refreshinge; is 1=2 1=2 day = 1=4 day. By
the samereasoning, if we refresh e; in the middle of an interval, e; will remain
up-to-date for the remaining half of the interval (1=18 of the day) with probability
1=2. Therefore,the expectedbenet is 1=2 1=18day = 1=36 day. From this crude
estimation, we can seethat it is more e ectiv e to selecte, for refresh!

Of course,in practice, we do not know for surethat pageswill changein a given
interval. Furthermore, we may alsowant to worry about the age of data. (In our
example, if we always visit e,, the ageof e; will grow inde nitely .)

In [Cho and Garcia-Molina 2000c], we have studied a more realistic scenario,
using the Poissonprocessmodel. In particular, we can mathematically prove that
the uniform policy is always superior or equal to the proportional one, for any
number of pages,change frequencies,and refreshrates, and for both the freshness
and the age metrics, when page changesfollow Poissonprocesses.For a detailed
proof, see[Cho and Garcia-Molina 2000c].

In [Cho and Garcia-Molina 2000c]we alsoshow how to obtain the optimal refresh
policy (better than uniform or any other), assumingpage changesfollow a Poisson
processand their change frequenciesare static (i.e., do not changeover time). To
illustrate, in Figure 4 we show the refreshfrequenciesthat maximizesthe freshness
value for a simple scenario. In this scenario, the crawler maintains 5 pageswith
changerates, 1;2;:::;5 (times/day), respectively, and the crawler can download 5
pagesper day. The graph in Figure 4 shows the neededrefreshfrequency of a page
(vertical axis) as a function of its change frequency (horizontal axis), in order to
maximize the freshnessof the 5 page collection. For instance, the optimal revisit
frequency for the pagethat changesoncea day is 1:15 times/day. Notice that the
graph does not monotonically increaseover change frequency and thus we need
to refresh pageslessoften if the pageschangetoo often. The pageswith change
frequency larger than 2:5 times/day should be refreshedlessoften than the ones
with changefrequency 2 times/day. When a certain pagechangestoo often, and if
we cannot maintain it up-to-date under our resourceconstraint, it is in fact better
to focus our resourceon the pagesthat we can keeptrack of.

Figure 4 is for a particular 5-pagescenario,but in [Cho and Garcia-Molina 2000c]
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Fig. 4. change frequency vs. refresh frequency for freshnessoptimization

we prove that the shape of the graph is the samefor any distribution of change
frequenciesunder the Poissonprocessmodel. That is, the optimal graph for any
collection of pagesS is exactly the sameas Figure 4, exceptthat the graph of S is
scaledby a constart factor from Figure 4. Thus, no matter what the scenario,pages
that changetoo frequertly (relativeto the available resources)should be penalized
and not visited very frequertly.

We can obtain the optimal refreshpolicy for the agemetric, asdescribed in [Cho
and Garcia-Molina 2000c].

2.3 Conclusion

In this section, we discussedhe challengesthat a crawler encourters whenit down-
loads large collections of pagesfrom the Web. In particular, we studied how a
crawler should select and refreshthe pagesthat it retrievesand maintains.

There are, of course, still many open issues. For example, it is not clear how a
crawler and a Web site can negotiate/agree on a right crawling policy, sothat the
crawler doesnot interfere with the primary operation of the site, while downloading
the pageson the site. Also, existing work on crawler parallelization is either ad hoc
or quite preliminary, sowe believe this issueneedsto be carefully studied. Finally,
some of the information on the Web is now \hidden" behind a seard interface,
where a query must be submitted or a form lled out. Current crawlers cannot
generatequeriesor Il out forms, sothey cannot visit the \dynamic" content. This
problem will get worseover time, as more and more sites generatetheir Web pages
from databases.

3. STORAGE

The page repository in Figure 1 is a scalable storage system for managing large
collections of Web pages. As shown in the gure, the repository needsto perform
two basicfunctions. First, it must provide an interfacefor the crawler to store pages.
Second, it must provide an e cient accessAPI that the indexer and collection
analysis modules can use to retrieve the pages. In the rest of the section, we
presert somekey issuesand techniquesfor such a repository.
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3.1 Challenges

A repository managesa large collection of \data objects", namely, Web pages. In
that sense,it is conceptually quite similar to other systemsthat store and manage
data objects (e.g., le systemsand databasesystems). However, a Web repository
does not have to provide a lot of the functionality that the other systemsprovide
(e.g., transactions, logging, directory structure) and instead, can be targeted to
addressthe following key challenges:

Scalabilit y: It must be possibleto seamlesslydistribute the repository across
a cluster of computers and disks, in order to cope with the size of the Web (see
Section 1).

Dual access modes: The repository must support two di erent accessmodes
equally e cien tly. Random accessis usedto quickly retrieve a speci ¢ Web page,
given the page'sunique identi er. Streaming access is usedto receiwe the erntire
collection, or somesigni cant subset, as a stream of pages.Random accesss used
by the query engineto sene out caced copiesto the end-user. Streaming access
is used by the indexer and analysis modulesto processand analyze pagesin bulk.

Large bulk updates: Sincethe Web changesrapidly (seeSection1), the reposi-
tory needsto handle a high rate of modi cations. As new versionsof Web pagesare
received from the crawler, the spaceoccupied by old versionsmust be reclaimedt
through spacecompaction and reorganization. In addition, excessie conicts be-
tweenthe update processand the applications accessingpagesmust be avoided.

Obsolete pages: In most le or data systems, objects are explicitly deleted
when no longer needed. However, when a Web page is removed from a Web site,
the repository is not notied. Thus, the repository must have a medanism for
detecting and removing obsoletepages.

3.2 Designinga distributed Web repository

Let us considera genericWeb repository that is designedto function over a cluster
of interconnected storage nodes There are three key issuesthat a ect the charac-
teristics and performanceof such a repository:

[P agedistribution acrossnodes
|Ph ysical page organization within a node
|Up date strategy

3.2.1 Pagedistribution policies. Pagescan be assignedto nodesusing a number
of dierent policies. For example, with a uniform distribution policy, all nodes
are treated identically. A given page can be assignedto any of the nodesin the
system, independent of it's identier. Nodes will store portions of the collection
proportionate to their storage capacities. In contrast, with a hash distribution
policy, allocation of pagesto nodeswould depend on the pageidenti ers. In this
case,a pageidenti er would be hashedto yield a nodeidenti er and the pagewould
be allocated to the corresponding node. Various other policies are also possible.
In [Hirai et al. 2000], we present qualitativ e and quartitativ e comparisonsof the
uniform and hash distribution policiesin the corntext of a Web repository.

1Some repositories might maintain a temporal history of Web pagesby storing multiple versions
for each page. We do not consider this here.
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3.2.2 Physical page organization methads. Within a single node, there are three
possible operations that could be executed: page addition/insertion , high-speed
streaming, and random page access Physical page organization at eact node is a
key factor that determineshow well a node supports ead of these operations.

There are seweral options for page organization. For example, a hash-basedor-
ganization treats a disk (or disks) as a set of hash buckets, eadh of which is small
enoughto t in memory. Pagesare assignedto hash buckets depending on their
page identi er.  Since page additions are common, a log-structured organization
may also be advantageous. In this case,the ertire disk is treated as a large con-
tiguous log to which incoming pagesare appended. Random accessis supported
using a separate B-tree index that maps pageidenti ers to physical locations on
disk. One canalsodevisea hybrid hashed-logorganization, where storageis divided
into large sequettial \extents," as opposedto buckets that t in memory. Pages
are hashedinto extents, and ead extent is organizedlike a log-structured le. In
[Hirai et al. 2000]we compare these strategiesin detail, and Table 1 summarizes
the relative performance. Overall, a log-basedscheme works very well, except if
many random-accesgequestsare expected.

Log-structur ed | Hash-based | Hashed-log
Streaming performance ++ +
Random accessperformance + ++ +
Page addition ++ +

Table 1. Comparing page organization methods

3.2.3 Update strategies. Since updates are generatedby the crawler, the design
of the update strategy for a Web repository dependson the characteristics of the
crawler. In particular, there are at least two ways in which a crawler may be
structured:

Batch-made or Steady crawler: A batch-mode crawler is periodically executed,
say onceevery month, and allowed to crawl for a certain amount of time (or until
a targeted set of pageshave beencrawled) and then stopped. With such a crawler,
the repository receivesupdates only for a certain number of days every month. In
cortrast, a steady crawler runs without any pause,cortin uously supplying updates
and new pagesto the repository.

Partial or Complete crawis: A batch-mode crawler may be con gured to either
perform a complete crawl every time it is run, or recrawl only a speci c set of pages
or sites. In the rst case,pagesfrom the new crawl completely replace the old
collection of pagesalready existing in the repository. In the secondcase,the new
collection is created by applying the updates of the partial crawl to the existing
collection. Note that this distinction betweenpartial and complete crawls doesnot
make sensefor steady crawlers.

Depending on thesetwo factors, the repository can chooseto implement either in-
place update or shadoving. With in-place updates, pagesreceived from the crawler
are directly integrated into the repository's existing collection, possibly replacing
older versions. With shadowing, pagesfrom a crawl are stored separatefrom the
existing collection and updatesare applied in a separatestep. As shawn in Figure 5,
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the read nodes contain the existing collection and are usedto serviceall random
and streaming accessrequests. The update nodes store the set of pagesretrieved
during the latest crawl.

The most attractiv e characteristic of shadowing is the complete separation be-
tween updates and read accesses.A single storage node does not ever have to
concurrertly handle pageaddition and pageretrieval. This avoids con icts, leading
to improved performance and a simpler implemertation. On the downside, since
there is a delay betweenthe time a pageis retrieved by the crawler and the time
the pageis available for accessshadoving may decreasecollection freshness.

In our experience,a batch-mode crawler generatingcomplete crawls matcheswell
with a shadawing repository. Analogously, a steady crawler can be better matched
with arepository that usesin-place updates. Furthermore, shadoving hasa greater
negative impact on freshnesswith a steady crawler than with a batch-mode crawler.
For additional details, see[Cho and Garcia-Molina 2000b].

Node manager - Read nodes

Update nodes = N

""""""""""""" [ o ) E

= = ,

Crawler
1

Fig. 5. WebBase repository architecture

3.3 The Stanfad WebBaserepositary

To illustrate how all the repository factors t in, we briey describe the Stanford
WebBaserepository, and the choicesthat were made. The WebBaserepository
is a distributed storage system that works in conjunction with the Stanford We-
bCrawler. The repository operates over a cluster of storage nodes connected by
a high-speed communication network (see Figure 5). The repository employs a
node manager to monitor the individual storage nodesand collect status informa-
tion (such as free space,load, fragmentation, and number of outstanding access
requests). The node managerusesthis information to cortrol the operations of the
repository and schedule update and accessrequestson ead node.

Each pagein the repository is assigneda unique identi er, derived by computing
a signature (e.g., chedksum or cyclic redundancy ched) of the URL assaiated with
the page. However, a given URL can have multiple text string represenations. For
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example, http:// WWW.STANFOBR.EDJ:80/ and http://www.stan ford. edu repre-
sen the sameWeb pagebut would give rise to di erent signatures. To avoid this
problem, the URL is rst normalized to yield a canonicalrepresenation [Hirai et al.
2000]. The identi er is computed as a signature of this normalized URL.

Sincethe Stanford WebCrawler is a batch-mode crawler, the WebBaserepository
employs the shadowing technique. It can be con gured to usedierent page or-
ganization methods and distribution policies on the read nodesand update nodes.
Hence,the update nodescan be tuned for optimal pageaddition performanceand
the read nodes, for optimal read performance.

3.4 Conclusion

The pagerepository is an important componert of the overall Web seard architec-
ture. It must e cien tly support the dierent accesspatterns of the query engine
(random access)and the indexer modules (streaming access).lt must also employ
an update strategy that is tuned to the characteristics of the crawler.

In this section,we focusedon the basicfunctionalit y required of a Web repository.
However, there are a number of other features that might be useful for specic
applications. Below, we suggestpossibleenhancemets:

Multiple media types: Sofar, we have assumedthat Web repositories store only
plain text or HTML pages. However, with the growth of non-text cortent on
the Web, it is becomingincreasingly important to store, index, and seard over
image, audio, and video collections.

Adv anced streaming: In our discussionof streaming access,we have assumed
that the streaming order wasnot important. This is su cien t for building most
basicindexesincluding the text and structure indexesof Figure 1. However, for
more complicated indexes, the ability to retrieve a speci ¢ subset (e.g., pages
in the \.edu" domain) and/or in a specied order (e.g., in increasing order by
citation rank) may be useful.

4. INDEXING

The indexer and collection analysis modulesin Figure 1 build a variety of indexes
on the collected pages. The indexer module builds two basic indexes: a text (or
cortent) index and a structure (or link index). Using these two indexes and the
pagesin the repository, the collection analysis module builds a variety of other
useful indexes. Below, we will presert a short description of ead type of index,
concertrating on their structure and use.

Link index: To build a link index, the crawled portion of the Web is modeled
as a graph with nodes and edges. Each node in the graph is a Web page and a
directed edgefrom node A to node B represerts a hypertext link in pageA that
points to pageB. An index on the link structure must be a scalableand e cien t
represenation of this graph.

Often, the most common structural information usedby seard algorithms [Brin
and Page 1998b;Kleinberg 1999]is neightorhood information, i.e., given a pageP,
retrieve the setof pagespointed to by P (outward links) or the set of pagespointing
to P (incoming links). Disk-basedadjacencylist represenations [Aho et al. 1983]
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of the original Web graph and of the inverted Web graph? can e cien tly provide
accessto such neighborhood information. Other structural properties of the Web
graph can be easily derived from the basic information stored in these adjacency
lists. For example,the notion of sibling pagesis often usedasthe basisfor retrieving
pages\related" to a given page (see Section5). Such sibling information can be
easily derived from the pair of adjacencylist structures described above.

Small graphsof hundredsor eventhousandsof nodescanbee cien tly represered
by any one of a variety of well-known data structures [Aho et al. 1983]. However,
doing the samefor a graph with seweral million nodesand edgesis an engineering
challenge. Bharat et al. [1998]describethe Connectivity Server, a systemto scalably
deliver linkage information for all pagesretrieved and indexed by the Altavista
seard engine.

Text index: Even though link-based techniques are usedto enhancethe qual-
ity and relevance of seart results, text-based retrieval (i.e., searding for pages
cortaining some keywords) continues to be the primary method for identifying
pagesrelevant to a query. Indexesto support suc text-based retrieval can be im-
plemerted using any of the accessmethods traditionally usedto seard over text
documernt collections. Examples include sux arrays [Manber and Myers 1990],
inverted les or inverted indexes [Salton 1989; Witten 1994], and signature les
[Faloutsosand Christodoulakis 1984]. Inverted indexeshave traditionally beenthe
index structure of choice on the Web. We will discussinverted indexesin detail
later on in the section.

Utilit y indexes: The number and type of utilit y indexes built by the collec-
tion analysis module depends on the features of the query engine and the type of
information used by the ranking module. For example, a query engine that al-
lows seardesto be restricted to a speci ¢ site or domain (e.g., www.stanford.edu )
would benet from a site index that maps eadh domain name to a list of pages
belonging to that domain. Similarly, using neighborhood information from the
link index, an iterativ e algorithm (seeSection5) can easily compute and store the
PageRank[Brin and Page1998b]assaiated with ead pagein the repository. Such
an index would be usedat query time to aid in the ranking of seard results.

For the rest of this section, we will focus our attention on text indexes. In
particular, we will addressthe problem of quickly and e cien tly building inverted
indexesover Web-scalecollections.

4.1 Structure of an invertedindex

An inverted index over a collection of Web pagesconsistsof a set of inverted lists,
one for eat word (or index term). The inverted list for a term is a sorted list of
locations where the term appearsin the collection. In the simplest case,a location
will consistof a pageidenti er and the position of the term in the page. However,
seard algorithms often make useof additional information about the occurrenceof
terms in a Web page. For example, terms occurring in bold face (within <B>tags),
in sectionheadings(within <H1>or <H2*ags), or asanchor text might be weighted
di erently in the ranking algorithms. To accommalate this, an additional paylocad
eld is addedto the location entries. The payload eld encaleswhatever additional

2In the inverted Web graph, the direction of the hypertext links are reversed.
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information needsto be maintained about ead term occurrence. Given an index
term w, and a corresponding location |, we refer to the pair (w;l) as a posting for
w.

In addition to the inverted lists, most text-indexes also maintain what is known
as a lexioon. A lexicon lists all the terms occurring in the index along with some
term-level statistics (e.g., total number of documerts in which a term occurs) that
are usedby the ranking algorithms [Salton 1989; Witten 1994].

4.2 Challenges

Conceptually, building an inverted index involves processingead pageto extract
postings, sorting the postings rst on index terms and then on locations, and nally
writing out the sorted postings as a collection of inverted lists on disk. For rela-
tively small and static collections, asin the ervironments traditionally targeted by
information retrieval (IR) systems,index build times are not very critical. However,
when dealingwith Web-scalecollections, naive index build schemesbecomeunman-
ageableand require huge resourcesoften taking days to complete. As a measureof
comparisonwith traditional IR systems,our 40 million page WebBaserepository
(Section 3.3) represerts lessthan 4% of the publicly indexable Web but is already
larger than the 100GB very large TREC-7 collection [Hawking and Craswell 1998],
the bendimark for large IR systems.

In addition, since content on the Web changesrapidly (see Section 1), periodic
crawling and rebuilding of the index is necessaryto maintain \freshness." Index
rebuilds becomenecessarybecausemost incremertal index update techniques per-
form poorly when confronted with the huge wholesalechangescommonly obsened
betweensuccessie crawls of the Web [Melnik et al. 2001].

Finally, storage formats for the inverted index must be carefully designed. A
small compressedindex improves query performance by allowing large portions
of the index to be cached in memory. Howewer, there is a tradeo between this
performance gain and the corresponding decompressionoverhead at query time
[Mo at and Bell 1995;NgocVo and Mo at 1998;Witten 1994]. Achieving the right
balance becomesextremely challenging when dealing with Web-scalecollections.

4.3 Indexpartitioning

Building a Web-scaleinverted index requiresa highly scalableand distributed text-
indexing architecture. In such an environment, there are two basic strategies for
partitioning the inverted index acrossa collection of nodes [Martin et al. 1986;
Ribeiro-Neto and Barbosa1998; Tomasicand Garcia-Molina 1993].

In the local inverted le (I F_) organization [Ribeiro-Neto and Barbosa 1998],
ead node is responsible for a disjoint subset of pagesin the collection. A seardh
query would be broadcastto all the nodes, ead of which would return disjoint lists
of pageidenti ers cortaining the seard terms.

Glokal inverted le (I Fg) organization [Ribeiro-Neto and Barbosa 1998] parti-
tions on index terms sothat ead query sener storesinverted lists only for a subset
of the terms in the collection. For example, in a systemwith two query seners A
and B, A could store the inverted lists for all index terms that beginwith characters
in the ranges[a-q] whereasB could store the inverted lists for the remaining index
terms. Therefore, a seard query that asksfor pagescontaining the term \pro cess"
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would only involve A.

In [Melnik et al. 2000], we describe certain important characteristics of the | F
strategy, such as resilienceto node failures and reduced network load, that make
this organization ideal for the Web seard ervironment. Performance studies in
[Tomasicand Garcia-Molina 1993]alsoindicate that | F| organization usessystem
resourcese ectiv ely and provides good query throughput in most cases.
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Fig. 6. WebBase indexing architecture

4.4 WebBaseText-IndexingSystem

Our experiencein building a text index for our WebBaserepository servesto illus-
trate the problems facedin building a massiwe index. Indeed, our index was built
to facilitate tests with dierent solutions, so we were able to obtain experimental
results that show someof the tradeo s. In the rest of this subsectionwe provide
an overview of the WebBaseindex and the techniques utilized.

4.4.1 System overview. Our indexing system operates on a shared-nothing ar-
chitecture consisting of a collection of nodes connected by a local area network
(Figure 6). We identify three typesof nodesin the system? The distributors are
part of the WebBaserepository (Section 3) and store the collection of Web pages
to be indexed. The indexers execute the core of the index building engine. The
nal inverted index is partitioned acrossthe query servers using the | F| strategy
discussedin Section 4.3.

The WebBaseindexing system builds the inverted index in two stages. In the
rst stage, eadh distributor node runs a distributor processthat disseminatesthe
pagesto the indexers using the streaming accesamode provided by the repository.

SWe shall discuss the statistician later, in Section 4.4.3.
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Each indexer receivesa mutually disjoint subsetof pagesand their assiated iden-
tiers. The indexers parse and extract postings from the pages,sort the postings
in memory, and ush them to intermediate structures (sorted runs) on disk.

In the secondstage, these intermediate structures are merged together to cre-
ate one or more inverted les and their assaiated lexicons. An (inverted file,
lexicon) pair is generatedby merging a subset of the sorted runs. Each pair is
transferred to one or more query seners depending on the degreeof index replica-
tion.

4.4.2 Parallelizing the index-builder. The coreof our indexing engineis the index-
builder processthat executeson ead indexer. We demonstrate below that this
processcan be e ectiv ely parallelized by structuring it as a software pipeline.

loading processing flushing
o
1 H stripping, sorting i
2 | tokenizing | rat: 1 V| cat 2
3 rat H dog: 1 | dog: 1
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Fig. 7. Dieren t phasesin generating sorted runs

The input to the index-builder is a sequenceof Web pagesand their assciated
identi ers. The output of the index-builder is a set of sorted runs, ead containing
postings extracted from a subset of the pages. The processof generating these
sorted runs can logically be split into three phasesas illustrated in Figure 7. We
refer to thesephasesasloading, processing and ushing. During the loading phase,
somenumber of pagesare read from the input stream and stored in memory. The
processingphaseinvolves two steps. First, the pagesare parsed, tokenized into
individual terms, and stored as a set of postingsin a memory bu er. In the second
step, the postings are sorted in-place, rst by term, and then by location. During
the ushing phase,the sorted postingsin the memory bu er are saved on disk as
a sorted run. These three phasesare executed repeatedly until the entire input
stream of pageshas beenconsumed.

Loading, processingand ushing tend to use disjoint sets of system resources.
Processingis obviously CPU-intensive, whereas ushing primarily exerts secondary
storage, and loading can be done directly from the network or a separate disk.
Therefore, indexing performance can be improved by executing thesethree phases
concurrertly (seeFigure 8). Sincethe execution order of loading, processingand
ushing is xed, thesethree phasestogether form a software pipeline.

The goal of our pipelining technique is to designan execution schedule for the
di erent indexing phasesthat will result in minimal overall running time. Our
problem di ers from a typical job schealuling problem [Chakrabarti and Muth ukr-
ishnan 1996]in that we can vary the sizesof the incoming jobs i.e., in every loading
phasewe can choosethe number of pagesto load.

Consider an index-builder that usesN executionsof the pipeline to processthe
ertire collection of pagesand generate N sorted runs. By an exeution of the
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Fig. 8. Multi-threaded execution of index-builder

pipeline, we refer to the sequencef three phaseg loading, processing,and ushing
| that transform someset of pagesinto a sorted runyLet Bi, i = 1:::N, be the
buer sizesusedduring theseN executions. The sum  [L; Bi = Bowl is xed for
a given amourt of input and represens the total sizeof all the postings extracted
from the pages.

In [Melnik et al. 2000], we show that for an indexer with a single resource of
ead type (single CPU, single disk, and a single network connection over which to
receive the pages),optimal speedupof the pipeline is achieved whenthe bu er sizes
are identical in all executionsof the pipeline,i.e., B = By:::= By = BwN+a'. In
addition, we show how bottleneck analysiscan be usedto derive an expressionfor
the optimal value of B in terms of various system parameters. In [Melnik et al.
2000], we also extend the model to incorporate indexers with multiple CPU's and
disks.

Exp erimen ts: We conducted a number of experiments using a single index-
builder to verify our model and measurethe e ectiv e performance gain achieved
through a parallelized index-builder. Figure 9 highlights the importance of the
theoretical analysis as an aid in choosing the right bu er size. Even though the
predicted optimum sizedi ers slightly from the obsened optimum, the di erence
in running times betweenthe two sizesis lessthan 15 minutes for a 5 million page
collection. Figure 10 shows how pipelining impacts the time taken to processand
generatesorted runs for a variety of input sizes. Note that for small collections of
pages,the performancegain through pipelining, though noticeable, is not substan-
tial. This is becausesmall collections require very few pipeline executionsand the
overall time is dominated by the time required at startup (to load up the bu ers)
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and shutdown (to ush the bu ers). Our experiments showed that in general, for
large collections, a sequettial index-builder is about 30{40% slower than a pipelined

index-builder.
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4.4.3 E cient glolal statistics collection. As mertioned in Section4, term-level*
statistics are often usedto rank the seard results of a query. For example, one
of the most commonly used statistic is inverse document frequency or IDF. The
IDF of aterm w, is de ned aslog d[\‘—w, where N is the total number of pagesin the
collection and d, is the number of pagesthat contain at least one occurrence of
w [Salton 1989]. In a distributed indexing system, when the indexesare built and
stored on a collection of machines, gathering global (i.e., collection-wide) term-level
statistics, with minimum overhead, becomesan important issue[Viles and French
1995].

Some authors suggestcomputing global statistics at query time. This would
require an extra round of communication among the query serers to exchange
local statistics®. However, this communication adverselyimpacts query processing
performance, especially for large collections spread over many servers.

Statistics-collection  in WebBase: To avoid this query time overhead, the
WebBaseindexing system precomputesand stores statistics as part of index cre-
ation. A dedicated serer known as the statistician (seeFigure 6) is usedfor com-
puting statistics. Local information from the indexersis sert to the statistician as
the pagesare processed.The statistician computesthe global statistics and broad-
caststhem badk to all the indexers. Theseglobal statistics are then integrated into
the lexicons during the merging phase,when the sorted runs are mergedto create
inverted les (seeSection4.4.1). Two techniquesare usedto minimize the overhead
of statistics collection.

| Avoiding explicit I/O for statistics: To avoid additional I/O, local data is sert to
the statistician only when it is already available in memory. We have identi ed
two phasesin which this occurs: ushing | when sorted runs are written to
disk, and merging | when sorted runs are mergedto form inverted lists. This
leadsto the two strategies, FL and ME, described below.

| Local aggegation: In both FL and ME, postingsoccur in at least partially sorted
order, meaningmultiple postingsfor aterm passthrough memoryin groups. Suc
groups are condensedinto (term, local aggegated information) pairs which are
sern to the statistician. For example,if the indexer's bu er has 1000individual
postings for the term \cat", then a single pair (\cat", 1000) can be sen to
the statistician. This technique greatly reducesthe communication overhead of
collecting statistics.

ME Strategy: sending local information during merging. Summaries
for ead term are aggregatedas inverted lists are created in memory, and sert
to the statistician. The statistician receivesparallel sorted streamsof (term, local-
aggegate-information) valuesfrom ead indexer and mergesthese streamsby term,
aggregating the sub-aggregatesfor ead term. The resulting global statistics are
then sert badk to the indexers in sorted term order. This approad is ertirely
stream based, and does not require in-memory or on-disk data structures at the

4Term-level refers to the fact that any gathered statistic describes only single terms, and not
higher level entities such as pagesor Web sites.

5By local statistics, we mean the statistics that a query server can deduce from the portion of the
index that is stored on that node.
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statistician or indexer to store intermediate results. However, the progressof each
indexer is synchronized with that of the statistician, which in turn causesindexers
to be synchronized with ead other. As a result, the slowest indexer in the group
becomesthe bottleneck, holding badc the progressof faster indexers.

Figure 1lillustrates the ME strategy for computing the valueof d \, (i.e., the total
number of documerts containing w) for ead term, w, in the collection. The gure
shows two indexers with their assaiated set of postings. Each indexer aggregates
the postings and sendslocal statistics (e.g., the pair (cat,2) indicates that the rst
indexer has seen2 documerts cortaining the word “cat’) to the statistician.

<cat: (1,2)] (cat, 1)
dog:(1,3)| (dog. 1)
cat: (2,4 cat. 4
<cat: 53,1; (cat, 2) cat| ?? cat| 4 / dog: 4
<rat: (4,2) | (rat, 2) dog| ?? dog| 4 rat: 2
rat: (5,3) rat | ?? rat
(dog, 1)
(dog:(6,3) —— /| Hash table Hash table cat: 4
cat:(7,1) | (cat, 1) dog: 4
< dog:(7,2)| (499-2) /  statistician Statistician
dog:(8,1)
Indexers During processing i> After processing Indexers
(sorted runs) (lexicon)

Fig. 12. FL strategy

FL Strategy: sending local information during ushing. As sorted runs
are ushed to disk, postings are summarizedand the summariessert to the statisti-
cian. Sincesorted runs are accessedequetially during processing.the statistician
receives streams of summariesin globally unsorted order. To compute statistics
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from the unsorted streams, the statistician keepsan in-memory hash table of all
terms and their related statistics, and updates the statistics as summaries for a
term are received. At the end of the processingphase, the statistician sorts the
statistics in memory and sendsthem back to the indexers. Figure 12 illustrates the
FL strategy for collecting page frequency statistics.

In [Melnik et al. 2001], we preseri and analyze experiments that compare the
relative overheacP of the two strategies for dierent collection sizes. Our studies
show that the relative overheadsof both strategiesis acceptably small (lessthan
5% for a 2 million page collection) and exhibit sub-linear growth with increasein
collection size. This indicates that certralized statistics collection is feasible even
for very large collections.

| | Phase | Statistician load | Memory usage | Parallelism |

ME | merging + + +
FL ushing ++

Table 2. Comparing strategies

Table 2 summarizesthe characteristics of the FL and ME statistics gathering
strategies.

4.5 Conclusion

The fundamertal issuein indexing Web pages,when compared with indexing in
traditional applications and systems, is scale. Instead of represering hundred
or thousand node graphs, we needto represent graphswith millions of nodesand
billions of edges.Instead of inverting 2 or 3 gigabyte collectionswith a few hundred
thousand documerts, we needto build inverted indexesover millions of pagesand
hundreds of gigabytes. This requires careful rethinking and redesignof traditional
indexing architectures and data structures to achieve massiwe scalability.

In this section, we provided an overview of the di erent indexesthat are normally
usedin a Web seard service. We discussedhow the fundamental structure and
content indexes as well as other utilit y indexes (such as the PageRankindex) t
into the overall seard architecture. In this context, we illustrated some of the
techniques that we have deweloped as part of the Stanford WebBase project to
achieve high scalability in building inverted indexes.

There are a number of challengesthat still needto be addressed.Techniquesfor
incremertal update of inverted indexesthat can handle the massiwe rate of change
of Web content are yet to be deweloped. As new indexes and ranking measures
are invented, techniquesto allow such measuresto be computed over massiwe dis-
tributed collections needto be deweloped. At the other end of the spectrum, with
the increasingimportance of personalization, the ability to build someof thesein-
dexesand measureson a smaller scale(customizedfor individuals or small groupsof
usersand usinglimited resources)lsobecomedmportant. For example,Haveliwala

5Relativ e overhead of a strategy is given by TZT—Tl where T» is the time for full index creation
with statistics collection using that strategy, and T; is the time for full index creation with no
statistics collection
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[1999] discussessometechniques for e cien tly evaluating PageRankon modestly
equipped machines.

5. RANKING AND LINK ANALYSIS

As shown in Figure 1, the Query Engine collects seart terms from the user and
retrievespagesthat are likely to be relevant. As mentioned in Section 1, there are
two main reasonswhy traditional Information Retrieval (IR) techniques may not
be e ective enoughin ranking query results. First, the Web is very large, with
great variation in the amount, quality and the type of information presen in Web
pages. Thus, many pagesthat contain the seard terms may be of poor quality or
not relevant.

Second,many Web pagesare not su cien tly self-descriptive, sothe IR techniques
that examinethe contents of a pagealone may not work well. An often cited exam-
ple to illustrate this issueis the seart for \search engines"[Kleinberg 1999]. The
homepagesof most of the principal seard enginesdo not cortain the text \search
engine". Moreover, Web pagesare frequertly manipulated by adding misleading
terms sothey are ranked higher by a seard engine (spamming). Thus, techniques
that basetheir decisionson the cortent of pagesalone are easyto manipulate.

The link structure of the Web cortains important implied information, and can
help in Itering or ranking Web pages. In particular, a link from pageA to page
B can be considereda recommendation of page B by the author of A. Some
new algorithms have beenproposedthat exploit this link structure | not only for
keyword seardiing, but also other tasks like automatically building a Yahoo-like
hierarchy, or identifying communities on the Web. The qualitativ e performance of
thesealgorithms is generally better than the IR algorithms sincethey make use of
more information than just the contents of the pages. While it is indeed possibleto
in uence the link structure of the Web locally, it is quite hard to do soat a global
level. Solink analysis algorithms that work at a glokal level are relatively robust
against spamming.

The rest of this sectiondescribestwo interesting link basedtechniques| PageR-
ank and HITS. Somelink basedtechniques for other tasks like page classi cation
and identifying online communities are also discussedbrie y .

5.1 PageRank

Pageet al. [1998]de ne a global ranking scheme, called PageRank, which tries to
capture the notion of \imp ortance" of a page. For instance, the Yahoo! homepage
is intuitiv ely more important than the homepageof the Stanford Database Group.
This dierence is re ected in the number of other pagesthat point to these two
pages, that is, more pagespoint to the Yahoo homepagethan to the Stanford
Databasegroup homepage.The rank of pageA could thus be de ned asthe number
of pagesin the Web that point to A, and could be usedto rank the results of a
seard query. (We usedthe samecitation ranking schemefor | B(P) in Section2.)
Howewer, citation ranking does not work very well, especially against spamming,
sinceit is quite easyto arti cially createa lot of pagesto point to a desired page.
PageRankextendsthe basiccitation idea by taking into considerationthe impor-
tance of the pagesthat point to a givenpage. Thus a pagereceivesmore importance
if Yahoo points to it, than if someunknown pagepoints to it. Citation ranking, in
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cortrast, doesnot distinguish betweenthesetwo cases.Note that the de nition of
PageRankis recursive| the importance of a pageboth depndson and in uenc es
the importance of other pages.

5.1.1 Simple PageRank. We rst presen a simple de nition of PageRankthat
capturesthe above intuition, and discussits computational aspects, before describ-
ing a practical variant. Let the pageson the Web be denoted by 1;2;:::;m. Let
N (i) denote the number of forward (outgoing) links from pagei. Let B(i) denote
the set of pagesthat point to pagei. For now, assumethat the Web pagesform
a strongly connectedgraph (every page can be reached from any other page). (In
Section5.1.4 we discusshow we can relax this assumption.) The simple PageRank
of pagei, denotedby r(i), is given by

X
ri) = r()=N(@):
i2B(i)
The division by N (j) captures the intuition that pageswhich point to pagei
evenly distribute their rank boost to all of the pagesthey point to. In the language
of linear algebra [Golub and Loan 1989],this can be written asr = ATr, wherer

given by, a; = 1=N (i), if pagei points to pagej, and a;; = O otherwise. Thusthe
PageRankvector r is the eigervector of matrix AT corresponding to the eigervalue
1. Sincethe graph is strongly connected,it can be shown that 1 is an eigernvalue
of AT, and the eigenvector r is uniquely de ned (when a suitable normalization is
performed and the vector is non-negative).

5.1.2 Random Surfer Model. The de nition of simple PageRanklends itself to
an interpretation basedon random walks | called the Random Surfer model in
[Pageet al. 1998]. Imagine a personwho surfs the Web by randomly clicking links
on the visited pages. This random sur ng is equivalent to a random walk on the
underlying link graph. The random walk problem is a well studied combinatorial
problem [Motwani and Raghavan 1995]. It canbe shown that the PageRankvectorr
is proportional to the stationary probability distribution of the random walk. Thus,
the PageRankof a pageis proportional to the frequencywith which arandom surfer
would visit it.

5.1.3 Computation of PageRank. As indicated in Section 5.1.1, the PageRank
computation is equivalent to computing the principal eigervector of the matrix AT
de ned above. One of the simplest methods of computing the principal eigernvector
of a matrix is called power iteration.” In the power iteration, an arbitrary initial
vector is repeatedly multiplied with the given matrix [Golub and Loan 1989]un-
til it corvergesto the principal eigervector. The power iteration for PageRank
computation is given below.

(1) s any random vector

“The power iteration is guaranteed to converge only if the graph is aperiodic. (A strongly con-
nected directed graph is aperiodic if the greatest common divisor of the lengths of all closed walks
is 1.) In practice, the Web is always aperiodic.
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Fig. 13. (a) Simple PageRank (b) Modied PageRank with d = 0:8

To illustrate, Figure 13(a) shows the PageRankfor a simple graph. It is easy
to verify that this assignmem of ranks satis es the de nition of PageRank. For
instance, node 2 has a rank of 0:286 and two outgoing links. Half of it's rank
(0:143) ows to node 1 and half to node 3. Since node 3 has no other incoming
links, its rank is what is received from node 2, i.e., 0:143. Node 1 receives 0:143
from 2, plus 0:143=2 from node 3, plus 0:143=2 from node 5, for a total of 0:286.
Note that node 1 has a high rank becauseit hasthree incoming links. Node 2 has
the samehigh rank becauseanyone who visits 1 will also visit 2. Also note that
the ranks over all nodesadd up to 1:0.

5.1.4 Practical PageRank. Simple PageRankis well de ned only if the link graph
is strongly connected. However, the Web is far from strongly connected(see Sec-
tion 1). In particular, there are two related problems that arise on the real Web:
rank sinks and rank leaks.

Any strongly (internally) connectedcluster of pageswithin the Web graph from
which no links point outwards forms a rank sink. An individual pagethat does
not have any outlinks constitutes a rank leak. Although, technically, a rank leak
is a special caseof rank sink, a rank leak causesa dierent kind of problem. In
the caseof a rank sink, nodes not in the sink receive a zero rank, which means
we cannot distinguish the importance of such nodes. For example, supposethat in
Figure 13(a) we remove the 5! 1 link, making nodes4 and 5 a sink. A random
surfer visiting this graph would eventually get stuck in nodes4 and 5; i.e., nodes1,
2 and 3 would have rank 0 (and nodes4 and 5 would have rank 0:5). On the other
hand, any rank reaching a rank leak is lost forever. For instance, in Figure 13(a), if
we remove node 5 (and all links assaiated with it), node 4 becomesa leak. This
leak causesall the ranks to evertually corvergeto 0. That is, our random surfer
would evertually reach node 4 and will never be seenagain!

Page et al. [1998] suggesteliminating these problems in two ways. First, they
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remove all the leak nodeswith out-degree0.8 Second,in order to solve the problem
of sinks, they introducea decay factor d (0 < d < 1) in the PageRankde nition. In
this modi ed de nition, only afraction d of the rank of a pageis distributed among
the nodesthat it points to. The remaining rank is distributed equally among all
the pageson the Web. Thus, the modi ed PageRankis

X
r@i)=d rONG) + @ d=m;
j2B(i)
where m is the total number of nodesin the graph. Note that Simple PageRank
(Section 5.1.1) is a special casethat occurswhend = 1.

In the random surfer model, the modi cation models the surfer getting \b ored"
occasionallyand making a jump to a random pageon the Web (instead of following
a random link from the current page). The decay factor d dictates how often the
surfer gets bored.

Figure 13(b) shows the modi ed PageRank(for d = 0:8) for the graph of Fig-
ure 13(a) with the link 5! 1 removed. Nodes4 and 5 now have higher ranks than
the other nodes,indicating that surferswill tend to gravitate to 4 and 5. However,
the other nodeshave non-zeroranks.

5.1.5 Computational Issues. In order for the power iteration to be practical, it
is not only necessarythat it corvergesto the PageRank, but also that it does so
in a few iterations. Theoretically, the convergenceof the power iteration for a
matrix depends on the eigenvaluegap which is de ned asthe dierence between
the modulus of the two largest eigervalues of the given matrix. Pageet al. [1998]
claim that this is indeedthe case,and that the power iteration cornvergesreasonably
fast (in around 100 iterations).

Also, note that we are more interested in the relative ordering of the pages
induced by the PageRank (since this is usedto rank the pages),than the actual
PageRankvaluesthemselves. Thus we can terminate the power iteration oncethe
ordering of the pagesbecomesreasonably stable. Experiments [Haveliwala 1999]
indicate that the ordering induced by the PageRank corvergesmuch faster than
the actual PageRank.

5.1.6 Using PageRank for keywod searching. Brin and Page[1998a]describe a
prototype seard enginethey developed at Stanford called Google (which has sub-
sequetly becomethe seart engine Google.com). Google usesboth IR techniques
and PageRankto answer keyword queries. Given a query, Google computesan IR
scorefor all the pagesthat contain the query terms. The IR scoreis combined with
the PageRankof these pagesto determine the nal rank for this query.®

We presert a few top results from a seard in Google for \ja va".

8 eak nodes will thus get no PageRank. An alternativ e would be to assumethat leak nodes have
links back to all the pagesthat point to them. This way, leak nodes that are reachable via high
rank pageswill have a higher rank than leak nodes reachable through unimp ortant pages.
9Google also uses other text-based techniques to enhance the quality of results. For example,
anchor text is considered part of the page pointed at. That is, if a link in page A with anchor
\Stanford Univ ersity" points to page B, the text \Stanford Univ ersity" will be considered part of
B and may even be weighted more heavily than the actual text in B.
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java.sun.com The source of Java Technology
javaboutique.internet.com The Java Boutique
www.sun.com/java Java Technology
WWW.java-pro.com Java Pro

www.microsoft.com/java/default .htm  Home Page{ Micr osoft Technologies for Java

5.2 HITS

In this section, we describe another important link basedseard algorithm, called
HITS (Hypertext Induced Topic Seard). This algorithm was rst proposed by
Kleinberg [1999]. In contrast to the PageRanktechnique, which assignsa global
rank to every page, the HITS algorithm is a query dependert ranking technique.
Moreover, instead of producing a singleranking score,the HITS algorithm produces
two, the authority and the hub score.

Authority pagesare those most likely to be relevant to a particular query. For in-
stance,the Stanford University homepageis an authority pagefor the query \Stan-
ford University", while somepagethat discusseshe weather at Stanford would be
lessso. The hubpagesare pagesthat are not necessarilyauthorities themsehesbut
point to seweral authority pages. For instance, the page\searchenginewatch.com”
is likely to be a good hub pagefor the query \search engine" sinceit points to sev-
eral authorities, i.e., the homepagesof searh engines. There are two reasonswhy
one might be interestedin hub pages.First, thesehub pagesare usedin the HITS
algorithm to compute the authority pages. Second,the hub pagesare themselesa
useful set of pagesto be returned to the userin responseto the query [Chakrabarti
et al. 1998].

How are the hub and authority pagesrelated? The hub pagesare onesthat point
to many authority pages. Conversely one would also expect that if a pageis a
good authority, then it would be pointed to by many hubs. Thus there exists a
mutually reinforcing relationship between the hubs and authorities: an authority
pageis a pagethat is pointed to by many hubs and hubs are pagesthat point to
many authorities.'? This intuition leadsto the HITS algorithm.

5.2.1 The HITS Algorithm. The basicidea of the HITS algorithm is to identify
a small subgraph of the Web and apply link analysison this subgraphto locate the
authorities and hubs for the given query. The subgraphthat is chosendependson
the userquery. The selectionof a small subgraph (typically a few thousand pages),
not only focusesthe link analysis on the most relevant part of the Web, but also
reducesthe amount of work for the next phase. (Since both the subgraph selection
and its analysisare done at query time, it is important to complete them quickly.)

Identifying the focusel sulgraph. The focusel sulgraphis generatedby forming a
root setR - arandom set of pagescontaining the given query string, and expanding
the root setto include the pagesthat arein the \neighborhood" of R. The text index
(Section 4) can be usedto construct the root set!' The algorithm for computing
the focusedsubgraphis as follows:

10|nterestingly, mutually reinforcing relationships have been identied and exploited for other
Web tasks, seefor instance [Brin 1998].

1n [Klein berg 1999], Alta vista is used to construct the root set in the absence of a local text
index.
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(1) R setoft pagesthat contain the query terms (using the text index).
2 s R.
(3) for eath pagep2 R,

(@) Include all the pagesthat p points to in S.

(b) Include (up to a maximum d) all pagesthat point to pin S.

(4) The graph induced by S is the focusedsubgraph.

The algorithm takes as input the query string and two parameterst and d.
Parametert limits the sizeof the root set, while parameter d limits the number of
pagesaddedto the focusedsubgraph. (This latter cortrol limits the in uence of an
extremely popular page like www.yahoo.comif it were to appear in the root set.*
The expandedset S should be rich in authorities sinceit is likely that an authority
is pointed to by at least somepagein the root set. Likewise,a lot of good hubs are
alsolikely to beincluded in S.

Link Analysis. The link analysis phaseof the HITS algorithm usesthe mutually
reinforcing property to identify the hubs and authorities from the expandedset S.
(Note that this phaseis oblivious to the query that was usedto derive S.) Let
the pagesin the focusedsubgraph S be denotedas1;2;:::;n. Let B(i) denotethe
set of pagesthat point to pagei. Let F(i) denote the set of pagesthat the page
i points to. The link analysis algorithm producesan authority scorea; and a hub
scoreh; for each pagein setS. To begin with, the authority scoresand the hub
scoresare initialized to arbitrary values. The algorithm is an iterativ e one and it
performs two kinds of operations in ead step, called | and O. In the | operation,
the authority scoreof ead pageis updated to the sum of the hub scoresof all pages
pointing to it. In the O step, the hub scoreof eat pageis updated to the sum of
authority scoresof all pagesthat it points to. That is,

X
| step: a = h;
i2B(i)
X
O step: h; = a
j2F (i)

The | and the O stepscapture the intuition that a good authority is pointed to by
many good hubs and a good hub points to many good authorities. Note incidentally
that a pagecan be, and often is, both a hub and an authority. The HITS algorithm
just computestwo scoresfor eat page,the hub scoreand the authority score. The
algorithm iterativ ely repeatsthe | and O steps, with normalization, until the hub
and authority scorescorverge:

(1) Initialize a;, hj (1 i n) to arbitrary values.
(2) Repeat until convergence,

(&) Apply the | operation.
(b) Apply the O operation.

123everal heuristics can also be used to eliminate non-useful links in the focused subgraph. The
reader is referred to [Klein berg 1999] for more details.
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Fig. 14. HITS Algorithm

An exampleof hub and authority calculation is shown in Figure 14. For example,
the authority scoreof node 5 can be obtained by adding the hub scoresof nodesthat
point to 5 (i.e., 0:408+ 0:816+ 0:408) and normalizing this value by the combined
hub scores(i.e., (0:408% + (0:816)% + (0:408).

The hub and authority valueshave interesting mathematical properties just asin
the caseof PageRank. Let A, m bethe adjacencymatrix of the focusedsubraph.
The (i;j)" entry of A equalsl if pagei points to pagej, and O otherwise. Let

h = ATa respectively. A simple substitution shaws that the nal corverged hub
and authority scoressatisfy a = c;AATa and h = c,AT Ah (the constarts being
added to accourt for the normalizing step). Thus the vector of authority scores
and the vector of hub scoresare the eigervectors of the matrices AAT and ATA
respectively. The link analysisalgorithm presenied aboveis a simple power iteration
that multiplies the vectorsaandh by AAT and AT A respectively without explicitly
materializing them. Thusthe vectorsa and h are the principal eigervectorsof AAT
and AT A respectively. Just asin the caseof PageRank, the rate of cornvergence
of the hub and authority scoresdependson the eigervalue gap. The order of hubs
and authority pagesinduced by the hub scoresand the authority scorescorverges
much faster (around 10 iterations) than the actual valuesthemseles.
Interestingly, the idea of using the hubs to identify the authorities does not
have a close analog in other hyperlinked researti communities like bibliometrics



34 Arasu et al.

[Eggheand Rousseaul990;Gar eld 1972;Pinski and Narin 1976]. Kleinberg[1999]
arguesthat in bibliometrics one authority typically acknowledgesthe existenceof
other authorities. But the situation is very di erent in the caseof the Web. One
would scarcelyexpect the homepageof Toyota to point to the homepageof Honda.
However, there are likely to be many pages(hubs) that point to both Honda and
Toyota homepages,and these hub pagescan be usedto identify that Honda and
Toyota homepagesare authorities in the sametopic, say \automobile companies."

We concludeour discussionof HITS algorithm with a sampleresult for the query
\java", borrowed from [Kleinberg 1999].

Authorities

www.gamelan.com/ Gamelan

java.sun.com/ Javasoft homemge
www.digitalfocus.com/digitalfo cus/ fag/h owda.ht ml  Java Developer: Howdo | ...
lightyear.ncsu.uiuc.edu/ srp/java/javabooks.html The Java Book Pages
sunsite.unc.edu/javafag/javafa g.ht ml comp.lang.java FAQ

5.3 Other Link BasedTechniques

We have looked at two di erent link basedalgorithms that can be usedfor support-
ing keyword basedquerying. Similar link basedtechniques have beenproposedfor
other tasks on the Web. We briey mention someof these.

Identifying communities. The Web has a lot of online communities | a set of
pagescreated and used by people sharing a common interest. For instance, there
is a set of pagesdewoted to datataseresearch, forming the databasereseart com-
munity. There are thousands of such communities on the Web ranging from the
most exotic to the mundane. An interesting problem is to identify and study the
nature and ewlution of the online communities | not only are these communities
useful information resourcesfor people with matching interests, but also because
such a study shedslight on the sociological ewvolution of the Web. Gibson et al.
[1998] obsene that the communities are characterized by a certral \core" of hub
and authority pages. Kumar et al. [1999] note that this dense, nearly bipartite
graph induced by the edgesbetween the hubs and the authorities is very likely
to contain a bipartite core| a completely connectedbipartite graph. They have
discovered over 100,0000nline communities by enumerating such bipartite cores,a
processwhich they call trawling.

Finding Related Pages. A problem with keyword searding is that the user has
to formulate his query using keywords, and may have di cult y in coming up with
the right words to describe his interest. Seard enginescan also support a di erent
kind of query called the nd related query, or query by example. In this kind of
query, the user givesan instance, typically a Web page, of the kind of information
that he is seeking. The seard engine retrieves other Web pagesthat are similar
to the given page. This kind of query is supported, for instance, by Google and
Netscape's What's Related service.

A nd-related query could be answered with traditional IR techniquesbasedon
text similarity. Howewver, on the Web we can again exploit link structure. The
basicidea is that of cocitation. If a pageA points to two pagesB and C, then it is
more likely that B and C are related. Note that the HITS algorithm implicitly uses
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cocitation information (a hub \co cites" authorities). Kleinberg[1999]suggeststhat
a simple modi cation of the HITS algorithm can be usedto support the nd related
qguery. Dean and Henzinger [1999] proposetwo algorithms for nd related query,
namely the Companion algorithm which extendsthe Kleinberg'sidea, and the Coc-
itation algorithm which usesa simple cocitation count to determine related pages.
They nd that both theselink basedalgorithms perform better than Netscape's
service,with the Companion algorithm being the better of the two.

Classi cation and Resouice Compilation. Many seard portals like Yahoo! and
Altavista have a hierarchical classi cation of (a subsetof) Web pages. The user
can browsethe hierarchy to locate the information that he is interested in. These
hierarchies are typically manually compiled. The problem of automatically clas-
sifying documerts basedon someexample classi cations has beenwell studied in
IR. Chakrabarti et al. [1998]have extendedthe IR techniquesto include hyperlink
information. The basic idea is to use not only the words in the documert but
also the categoriesof the neighboring pagesfor classi cation. They have showvn
experimertally that their technique enhancesthe accuracy of classi cation.

A related problem that has beenstudied is that of automatic resouicee compila-
tion [Chakrabarti et al. 1998; Chakrabarti et al. 1998]. The emphasisin this case
is to identify high quality pagesfor a particular category or topic. The algorithms
that have been suggestedare variations of the HITS algorithm that make use of
the content information in addition to the links.

5.4 Conclusionand Future Directions

The link structure of the Web cortains a lot of useful information that can be
harnessedto support keyword searding and other information retrieval tasks on
the Web. We discussedtwo interesting link analysis techniques in this section.
PageRankis a global ranking schemethat can be usedto rank seard results. The
HITS algorithm identi es, for a given seard query, a set of authority pagesand a
set of hubpages. A complete performanceevaluation of theselink basedtechniques
is beyond the scope of this paper. The interested reader is referred to [Amento
et al. 2000] for a comparison of the performance of di erent link based ranking
techniques.

There are many interesting researt directions to be explored. One promising
direction is to study how other sourcesof information, like query logs, and click
streams can be used for improving Web searding. Another important researd
direction is to study more sophisticated text analysis techniques (such as Latent
Semartic Indexing [Dumais et al. 1988]) and explore enhancemets for thesein a
hyperlinked setting.

6. CONCLUSION

Searding the World-Wide Web successfullyis the basisfor many of our information
tasks today. Seard enginesare thus increasingly being relied upon to extract just
the right information from a vast number of Web pages. The enginesare being
asked to accomplishthis task with minimal input from users, usually just one or
two keywords.

In Figure 1 we have shavn how such enginesare put together. Seweral main func-
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tional blocks make up the typical architecture. Crawlerstravel the Web, retrieving
pages. These pagesare stored locally, at least until they can be indexed and ana-
lyzed. A query enginethen retrieves URLs that seemrelevant to user queries. A
ranking module attempts to sort thesereturned URLs sud that the most promising
results are presened to the user rst.

This simple set of mechanisms requires a substartial underlying design e ort.
Much of the design and implementation complexity stems from the Web's vast
scale. We explained how crawlers, with their limited resourcesin bandwidth and
storagemust use heuristics to ensurethat the most desirable pagesare visited, and
that the seart engine'sknowledge of existing Web pagesstays current.

We have shonvn how the large-scalestorage of Web pagesin seard enginesmust
be organizedto match a seard engine'scrawling strategies. Such local Web page
repositories must also enableusersto accesgpagesrandomly, and to have the ertire
collection streamedto them.

The indexing process,while studied extensively for smaller, more homogeneous
collections, requires new thinking when applied to the many millions of Web pages
that seard enginesmust examine. We discussedhow indexing can be parallelized,
and how neededstatistics can be computed during the indexing process.

Fortunately, the interlink ed nature of the Web o ers special opportunities for
enhancing seard engine performance. We introduced the notion of PageRank, a
variant of the traditional citation count. The Web's link graph is analyzed, and
the number of links pointing to a pageis taken asan indicator of that page'svalue.
The HITS algorithm, or "Hubs and Authorities' is another technique that takesad-
vantage of Web linkage. This algorithm classi esthe Web into pagesthat primarily
function as major information sourcesfor particular topics (authority pages),and
other pages,which primarily point readersto authority pages(hubs). Both PageR-
ank and HITS are usedto boost seard selectivity by identifying “important' pages
through link analysis.

A substartial amount of work remains to be accomplished, as seard engines
hustle to keepup with the ever expanding Web. New media, sudh as imagesand
video, posenew challengesfor seart and storage. We have o ered an intro duction
into current seard enginetechnologies,and have pointed to seweral upcoming new
directions.
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