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Abstract

Crawling has beena topic of considerableinterest in recert years becauseof the rapid growth of
the world wide web. In many casesiit is possibleto designmore e ectiv e crawlers which can nd

web pagesbelonging to speci ¢ topics. In this paper, we will discusssomerecen techniques for
crawling web pagesbelonging to specic topics. We discussthe following classesof techniques:
(1) Intelligent Crawling Methods: These methods learn the relationship between the hyper-link
structure/w eb page content and the topic of the web page. This learned information is utilized

in order to guide the direction of the crawl. (2) Collaborative Crawling Methods: These methods
utilize the pattern of world wide web accessesy individual usersin order to build the learning
information. In many casesuseraccesgatterns contain valuable statistical patterns which cannot
beinferred from purely linkageinformation. We will alsodiscussesomecreative ways of combining
di erent kinds of linkage- and user-cettered methods in order to improve the e ectiv enessof the
crawl. We will discusssome of the recert algorithms proposedin ead topic along with some
discussionson the directions of future researd.

1 Intro duction

In recert yearsthe world wide web has grown at a rapid pace. Currently, there are more than a
billion documerts on the web, and it continuesto grow at a paceof more than a million documerts
a day. In many cases,it is desirableto be able to nd documens belonging to specic topics.
In order to achieve this goal, a number of seard enginetechnologiessud as Y ahod, Ly cos and
AltaV ista haverecertly surfaced[30, 28, 29]. Sud technologiesprovided a limited query capability
using speci ¢ keywords or phrasesin the documert. In many cases,it may be desirableto nd
documernts on the web which satisfy particular kind of conditions suc as the overall topic of the
documert.

Recerily, a technique called focussel crawling [9] has been proposedfor automated resourcedis-
covery. The focussedcrawling technique utilizes topical locality on the web in order to perform
resourcediscovery. The ideais to start at a few well chosenpoints and maintain the crawler within
the range of these topics. Starting with this pioneering work, there has been somerecert work
[13, 22]in order to improve the e ciency of the crawl. We refer the readerto [1, 5, 7, 8, 14, 18] for



someclosely related work.

In order to de ne the relevance of a web page, a predicate may be utilized. This predicate may be
in the form of a particular set of keywords preser in the document, a particular category which is
implicitly de ned by a classi er, or a combination of the above. Someexamplesof useful predicates
are as follows:

All web pageswhich a classi er de nes in the "SPORTS" category, and which corntain the
keyword "hockey".

All web pageswhich cortain the keyword "NBA", and whoseURL endswith the extension
".uk".

The utilization of a predicate to crawl web pagesof interest is a very exible model which is often
not supported by some of the well known methods such as focussedcrawling [9]. Instead, the
focussedcrawling method usesa pre-de ned taxonomy of classesin order to perform the crawl.
Sud a procedure comeswith its disadvantages, sincethe e ectiv enessof the crawl is sensitive to
the underlying nature of the taxonomy. This greatly restricts the nature of the predicate which
are usedas queriesfor the crawling process.On the other hand, the learning methods discussedin
the paper can handle arbitrary predicatesrather than those which are drawn from a hierarchical
taxonomy.

Methods such asfocussedcrawling are essetially ad-hoc heuristics in picking a particular strategy
for the crawling processt A broader goal would be relate particular attributes of the web pageto
the predicate of interest. Such methods are referred to aslearning strategies. We will discusstwo
recert such methods in somedetail.

The rst classof methods [4] useslinkage basedinformation in order to improve the e ectiv eness
of the crawling. In these techniques, various features of the web page suc as its content, URL

extensions,and hyperlink structure may cortribute to the classi cation of a pageasa more likely

candidate for belongingto a particular topic. Sudh methods are however essetially linkage based
sincethe URL pointers play the key role in the resourcediscovery process.

The secondclassof methods [1] is user-basedsinceit utilizes patterns of userbehavior in order to
determine topics of interest. In the former case,the linkagebasedinformation is useddirectly under
the assumption that web pagesshaw topical locality. The advantages of the user-basedsystemis
that it can be e ectiv e in caseswhere it is not possibleto reliably use linkage structure in order
to seard for topical resources.This is partially becauseof the increasingnoisy nature of the links
on the web [5, 11, 16]. Sud links may correspond to banners, advertisemens and other content
which do not carry speci ¢ information about resourcediscovery. This increasednoisy behavior is
partially a result of the rapid commercialization of the world wide web. In user-cettered methods,
information from world wide web traces is utilized in order to determine the candidate pagesof
interest.

1We note that the focussedcrawling technique [9] also usesa classi er in the resourcediscovery process. However,
this classi er is only utilized for de ning the relevance of the web pageto a given topic. In other words, the classi er
acts as the predicate de nition for the web page. This doesnot mean that the crawler is itself a learning processin
terms of the strategy it usesfor nding candidate web pagesof interest.



In user-cenered systems, we make use of logs of user accessbehavior on public domain proxies.
An example of such a public-domain proxy is the Squid [24]. The accesspatterns (web logs) of
such proxies are publically available on the world wide web. Theselogs can be utilized in order to
determine the topical connection betweenusersand web pages. Such topical connectionscan then
be leveragedin order to compute the relevance of a given web pageto the user-sgeci ed predicate.
We note that in the secondcase,the linkage betweenweb pagesis indir ect, sinceinstead of using
URL pointers, we are using the commonality in browsing behavior in orderto nd new and relevant
web pages. We note that such a strategy sharessomeaspects of collaborative ltering techniques
[2, 26], though the aim and scope of our systemis dierent in many critical respects. Whereas
collaborative ltering is only useful in recommendingweb pageswhich are interesting to a user,
our systemis designedto nd web pagesbelongingto particular topical classesor predicates.

This paper is organized as follows. In the next section, we will discussthe basic framework which
canbe leveragedin order to createan e ectiv e crawling system. In section3, we will discussthe use
of linkagebasedtechniquesin order to perform e ectiv e crawling. In section4, we will discusshow
a user certered systemcan be createdin order to create an e ectiv e crawling system. In section 5,
we will discussmethods for combining the linkageand user-cenered systems. In section 6, we will
preser the conclusionsand summary.

2 The Learning Crawler Framew ork

The basic framework for learning basedcrawlers is illustrated in Figure 1. The technigue usesa
graph seard technique on the world wide web pages,in which the pagesare explored sequettially

in order of a structural search mechanism At ead point of the seart, a candidate list of web pages
is maintained. The pageson the candidate list are examinedin order of increasingpriority. This

priority value is calculated using a criterion which is dependert on the particular strategy being
utilized.? When a candidate web pageF is examinal, it meansthat the web pagehasalready been
accessedrom the world wide web. At this point, it is cheded whether or not the web pagesatis es
the user-de ned predicate. If suc is indeed the case,then the web pageis saved as a relevant

web page. In addition, considerablelearning information can be gleanedfrom whether or not the
web page satis es the user-de ned predicate. This learning information is stored in the statistics
K. For example, in the caseof a linkage based strategy, it may be more desirable to the set of
candidatespointed to from a web pageare utilized in order This structured sear¢&r mechanism may
vary accordingto the particular method being used.

In linkagebasedmedanisms[4], the URLSs contained in the web pageare usedasthe criterion

for expanding the candidate list. Speci cally, we chedk the URLs which are contained in that

web pageas pointers. The setof URLs N are generatedby the CreateDesendentCandidates
procedure. This procedure also computesthe priorities of the di erent web pagesusing the

appropriate criterion. We note that the criterion for linkage basedsystemsmay be di erent

than the criterion for user-centered systems.

2wWe will discussmore on the aspect of priorit y computation in later sections.



Subroutine CreateDesendentCandidate$WebPage: F, Learning Statistics:

Find all immediate descendets of F using the
appropriate criteriuon for de ning a descendeh Denote
descendets by N . Calculate the
priorit y of the candidate pagesin N
with the use of learning statistics in K.
Subroutine ExpandList(CandidateList: Cand, NewCandidates: N );
f Add those candidatesin N to Cand which
have priorit y above a user-de ned threshold; g

Algorithm  LearningCrawlerFramework(StartingSeds: S);
begin
Cand = S;
Set priority of eath elemen in Cand to 1;
while Cand is not empty do
begin
Sort Cand in order of decreasingpriorities;
Pick the rst pageF from Cand,;
Issuea get requestfor URL F on the world wide web;
if F satis es the predicate then save F;
Update learning statistics K;
N = CreateDes@ndentCandidategF , K);
ExpandList(Cand, N );
Delete F from Cand,
end;
end

K);

Figure 1: The Basic Framework for Learning Based Crawlers



In user-centered systems|[1], the behavior of usersis utilized in order to guide the resource
discovery process. This behavior may be obtained from publically available web traces. In
this case,instead of using the set of hyperlinks emanating from a web page, we usethe set of
web pageswhich are browsedby the di erent usersin order to guide the processof resource
discovery.

3 Use of Link age Based Techniques

We note that a linkage basedcrawler essetially seardesfor statistical aspects of the data which
are relevant for the purposeof crawling. These features may include the following aspects of web
pages:

The set of words in the web page.

URL tokensfrom the candidate URL. For example, if we are looking for skiing web pages,the
word \ski" in the URL provides evidenceof the nature of that web page.

Statistics of the number of inlinking web pageswhich satisfy the predicate.

Statistics of the number of siblings of a candidate which have already beencrawled that satisfy
the predicate. A web pageis said to be a sibling of a candidate URL, when it is linked to by the
same page as the candidate. As the crawl progressesthe importance of ead of the above set of
statistics is learned by the crawler.

As discussedearlier, the statistical model maintains a dynamically updated set of statistical infor-
mation K which it haslearned during the crawl, and a set of featuresin the given web page and
computesa priorit y order for that web page using this data. As we shall seelater, the particular
priorit y order which we determine calculatesthe interest factor on the likelihood that the features
for a candidate web page make it more likely that this page satis es the predicate.

In order to calculate the priorities, we compute the ratio which signi es whether a given set of
events makesit more likely for a candidate to satisfy the user de ned predicate. We will dewvelop
somenotations and terminology in order to explain the model a little better. Let C be the event
that a crawled web page satis es the user de ned predicate. For a candidate page which is about
to be crawled, the value of P(C) is equal to the probability that the web pagewill indeed satisfy
the user-de ned predicate if it is crawled. The value of P(C) can be estimated by the fraction of
web pagesalready crawled which satisfy the user de ned predicate.

Let E be a fact that we know about a candidate URL. This fact could be of seweral types. For
example, it could be a fact about the content of the inlinking web pagesinto this candidate URL,
it could be a fact about the set of tokensin the string represening the URL, or it could be a fact
about the linkage structure of the URL. We will explore all of these options slightly later.

Our knowledgeof the evert E may increasethe probability that the web pagesatis es the predicate.
For example, considerthe casewhen the candidate URL is linked to by another web page which
belongsto the sametopic. In sud a case,it is evidert from earlier results on focused crawling
[9], that the resulting web pageis more likely to satisfy the predicate. Thus, in this case,we have



P(CJE) > P(C). In order to evaluate P(CjE), we usethe following relationship:
P(CJE) = P(C\ E)=P(E) 1)

Therefore, we have:
P(CJE)=P(C) = P(C\ E)=(P(C) P(E)) (2)

The idea is that the valuesof P(C\ E) and P(E) can be calculated using the information that
has beenaccunulated by the crawler. This is the self-learning data K which is accurrulated over
time during the crawling process.Correspondingly, we calculate the interest ratio for the evert C,
givenewvernt E asl (C;E). Therefore, we have:

I(C;E) = P(CJE)=P(C) ®3)

Note that whenthe evert E is favorable to the probability of the candidate satisfying the predicate,
then the interest ratio | (C; E) is larger than 1. Correspondingly, when the event E is unfavorable,
then this interest ratio will bein the range (0; 1). Such a situation occurswhen the event E makes
the candidate lessdesirableto crawl.

Let E;:::Ex be a setof k events. Let the composite evert E be de ned by the occurrenceof all
of these everts. In other words, we have E= E;\ Ej:::Ek. Then the composite interest ratio is
de ned asfollows:

1(C;B) = |1 1(CIEN) 4)

The composite event E is interesting when the corresponding interest ratio is larger than 1. We will
now proceedto examinethe di erent factors which are usedfor the purposeof intelligent crawling.

In order to identify the value of the content in determining the predicate satisfaction of a given
candidate page,we nd the setof words in the web pageswhich link to it (inlinking web pages). A
statistical analysisis performed on this set of words. We de ne the event Q; to be true when the
word i is presert in one of the web pagespointing to the candidate.

Let M = fi: Event Qj is trueg
Now, let us considera given word i sud that i 2 M. Therefore, the evert Q; is true. If C be
the event that a candidate URL is likely to satisfy the predicate, then let us calculate the value of
1(C;Qi):

1(C;Qi) = P(C\ Qi)=(P(C) P(Qi)) ©)
It now remainsto estimate the parameterson the right hand side of the above equation. In order to
estimate these parameters, we can only rely on the experimental evidenceof the web pageswhich
we have crawled so far. The exact details of these estimations will be discussedin a later section.

In order to lter out the noisy words which do not carry much statistical signi cance, we calculate
the level of signi cance at which it is more likely for them to satisfy the predicate. Let n(C) be
the number of pagescrawled sofar which satisfy the userde ned predicate. Then, if N is the total
number of pageswhich have beencrawled sofar, we have n(C) = N P (C). The signi cance factor
for the event C and condition Q; is denoted by S(C; Qi) and is calculated as follows:

q
S(C;Qi) = j(P(CjQi)) P(C)= P(C) (@ P(C)=n(C))i (6)
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For some pre-de ned signi cance threshold t, we now de ne the signi cant composite ratio to
include only those terms which are in M, and for which S(C; Q;) is above this threshold. We use
the processonly on words which are presen in M. There are two reasonsfor this: (1) The words
which are not in M are often not statistically signi cant, becausemost words in the lexicon are
not in M by default. (2) The scalability of the technique is a ected by the use of an exceptionally
large number of words. The interest ratio for content basedlearning is denoted by 1;(C), and is
calculated as the product of the interest ratios of the di erent words in any of the inlinking web
pages:

1(C) = ii2miscion tl (C;Qi) (7)

The value of t denotesthe number of standard deviations by which the presenceis greater than
the meanfor the word to be useful. Under the assumption of normally distributed data, a value of
t = 2 results in about 95% level of statistical signi cance. Therefore, we chosethe value of t = 2
consistertly in all results tested.

The method discussedabove can easily be extendedto the caseof URL token basedlearning. The
tokenscontained inside a Universal ResourcelLocator (URL) may carry valuable information about
the predicate-satisfaction behavior of the web page. The processdiscussedabove for the content
of the URL can also be applied to the tokensin the URL. For example,a URL which cortains the
word \ski" in it is more likely to be a web pageabout skiing related information. Thereforewe rst
apply the step of parsing the URL. In order to parsethe URL into tokens,we usethe \." and \/"
charactersin the URL asthe separators. We de ne the event R; to be true whentokeni is presen
in the URL pointing to the candidate. As before, we assumethat the evert that the candidate
satis es the predicate is denoted by C. The interest ratio for the event C given R; is denoted by
I (C;R;). The processof actually calculating the interest ratio is exactly analogousto the caseof
content basedlearning. Therefore, we will omit the details of this aspect of the learning process.
We will denote the composite

In link basedlearning, we exploit the short range topical locality on the web. This is somewhat
similar to the focusedcrawler discussedn [9]. While the signi cance of such link basedinformation
may vary from predicate to predicate, the intelligent crawler tries to learn the signi cance of
link based information during the crawl itself. This signi cance is learned by maintaining and
updating statistical information about short-range topical locality during the crawl itself. Thus,
if the predicate shavs considerableshort-range locality, the crawler would learn this and use it
e ectiv ely. Consider, for example,when the crawler hascollectedabout 10000URLS and a fraction
of P(C) = 0:1 of them of them satisfy a given predicate. If the linkage structure were completely
random, then the expected fraction of links for which both the sourceand destination web page
satisfy the predicate is given by 1%. In reality, becauseof the short range topic locality discussed
in [9], this number may be much higher and is equalto f1 = 7%. The corresponding interest ratio
is is given by 0:07=0:01= 7. Sincethis is greater than 1, it implies a greater degreeof short range
topic locality than canbejustied by random behavior. In Table 1, we illustrate the dierent cases
for a link encourtered by the crawler for which both the inlinking and linked-to web page have
already beencrawled. The four possible casesfor the pagesare illustrated in the rst column of
the Table. The secondcolumn illustrates the expected proportion of web pagesbelongingto eadh
class,if the linkage structure of the web were completely random. At the sametime, we continue
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Table 1: Topic Locality Learning Information

Typ e of link Exp ected Actual
Pred- Pred P(C) P(C) fq
Pred- Non-Pred P(C) (1 P(C) fo
Non-Pred- Pred P(C) 1 P(C)) fa
Non-Pred- Non-Pred | (1 P(C)) (1 P(C)) fqa

to collect information about the actual number of eat of the four kinds of links encourtered. The
corresponding fractions are illustrated in Table 1.

Now, considera web pagewhich is pointed to by k other web pages,m of which satisfy the predicate,
and k m of which do not. (We assumethat these k pageshave already beencrawled; therefore
we can usethe corresponding information about their predicate satisfaction; those inlinking pages
to a candidate which have not yet been crawled are ignored in the calculation.) Then, for eah

of the m web pageswhich satisfy the predicate, the corresponding interest ratio is given by p =

f1=(P(C) P(C). Similarly, for eat of the k m web pageswhich do not satisfy the predicate, the

corresponding interest ratio is givenby g= f3=(P(C) (1 P(C)). Then, the nal interest ration

1(C) is givenby p™ o ™.

Finally, the sibling basedinterest ratio is basedon the idea that a candidate is more likely to
satisfy a predicate if many of its siblings alsosatisfy it. (As in [20], a parent that hasmany children
which satisfy the predicate is likely a hub and therefore a good placeto nd relevant resources.)
For instance, consider a candidate that has 15 (already) visited siblings of which 9 satisfy the
predicate. If the web were random, and if P(C) = 0:1, the number of siblings we expect to satisfy
the predicateis 15 P(C) = 1.:5. Sincea higher number of siblings satisfy the predicate (i.e. 9> 1.5)
, this is indicativ e that one or more parents might be a hub, and this increasesthe probability of
the candidate satisfying the predicate.

To compute an interest-ratio basedon this obsenation, we used the following rule: If s is the
number of siblings that satisfy the predicate, and e the expected under the random assumption,
then when s=e> 1 we have positive evidencethat the candidate will satisfy the predicate as well.
(Siblings that have not yet been visited are ignored, since we don't know whether they satisfy
the predicate.) In the example above, the interest ratio for the candidate is thus 9/1.5=6, which
suggeststhat the candidate is likely to satisfy the predicate. The sibling basedinterest ratio is
denoted by |(C).

Oncethe individual interest ratios have beencomputed, an aggregateinterest ratio canbe computed
as a (weighted) product of the interest ratios for ead of the individual factors. Equivalently, we
can combine the preferencesby summing the weighted logarithms of the individual factors.

Priority Value = log(l c(C)) + log(l 4(C)) + log(l,(C)) + log(ls(C))

If desired,it is also possibleto useweights in order to vary the importance of the di erent factors.



3.1 Utilizing User Exp eriences in Resource Discovery

In this section, we will discussthe statistical model which is usedto connect the user behavior
with the predicate satisfaction probability of the candidate web pages. As in the previous case,
the learning set K maintains the set of probabilities which indicate the user behavior during the
crawling process.We note that seeral kinds of information about the userbehavior may berelevant
in determining whether a web pageis relevant to the crawl:

Access Frequency Behavior: Since usersthat have accessedweb pagesbelonging to a
particular predicate are alsomore likely to accessther web pagesbelongingto the predicate,
this is an important factor in determining the probability that a given candidate page will
belongto the crawl topic.

Signature Features: A signature feature is described as any characteristic of a web page
such as content, vocabulary, or any other characteristic of a web page. Suc signatures are
often useful in identifying aspects which the raw frequency counts cannot provide.

Temporal Patterns of Users: A set of accesse®f web pagesare likely to create similar
accessedn the near future.

In order to calculate the priorities with the accessfrequency we compute the likelihood that the
frequency distribution of user accessesnakesit more likely for a candidate web page to satisfy
the predicate. In order to understand this point a little better, let us considerthe following case.
Supposethat we are searding for web pageson online malls. Let us assumethat only 0:1% of
the pageson the web correspond to this particular predicate. However, it may happen that the
percertage of web pagesbelongingto online malls accessedy a useris over 10%. In sud a case,it
is clearthat the useris favorably disposedto accessingveb pageson this topic. If a given candidate
web page has beenaccessedy many such usersthat are favorably disposedto the topic of online
malls, then it may be useful to crawl the corresponding web page.

In order to dewelop the machinery necessaryfor the model, we will intro duce somenotations and
terminology. Let N betotal number of web pagescrawled sofar. Let U bethe event that a crawled
web page satis es the user de ned predicate. For a candidate page which is about to be crawled,
the value of P (U) is the probability that the web pagewill indeed satisfy the user-de ned predicate.
The value of P(U) can be estimated by the fraction of web pagesalready crawled which satisfy the
userde ned predicate.

We will estimate the probability that a web page belongsto a given predicate U, given the fact
that the web page has beencrawled by useri. We shall denote the event that the personi has
accessedhe web pageby R;. Therefore,the predicate satisfaction probability is givenby P (UjR;) =

P(U\ Rj)=P(R;). We note that whenthe personi is topically inclined towards accessingveb pages
that belongto the predicate, then the value of P(UjR;) is greaterthan P(U). Correspondingly, we
de ne the interest ratio of predicate satisfaction as follows:

1% (UjRi) = P(UjRi)=P(U) (8)
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We note that an interest ratio larger than one indicates that the personi is signi cantly more
interested in the predicate than the averageinterest level of usersin the predicate. The higher
the interest ratio, the greater the topical anit y of the useri to the predicate. Similarly, an
interest ratio lessthan one indicates a negative propensity of the user for the predicate. Now, let
us consider a web page which has been accessediy the usersi;:::ix. Then, a simple de nition
of the cumulativ e interest ratio | (UjRi,;:::R;,) is the product of the individual interest ratios for
ead of the users. Therefore, we have:

1B(UjR;, :::Ri,) = [L 1 (UjRy)) (9)

The above de nition treats all usersin a uniform way in the computation of the interest ratio.
Howewer, not all interest ratios are equally valuable in determining the value of a user to the
crawling process. This is becausewe needa way to lter out those userswhoseaccessbehavior
variesfrom averagebehavior only becauseof random variations. In orderto measurethe signi cance
of an interest ratio, we usethe following computation:

_JP(UjR;)) P(U)j

TR = Poty @ pop=

(10)

We note that the denominator of the above expressionis the standard deviation of the average
of N independen identically distributed bernoulli random variables, eath with succesgrobability
P (U). The numerator is the di erence betweenthe conditional probability of satisfaction and the
unconditional probability. The higher this value, the greater the likelihood that the evert R;; is
indeedrelevant to the predicate. We note that this value of T(U; R, ) is the signi cance factor which
indicates the number of standard deviations by which the predicate satisfaction of U is larger than
the averageif the useri; hasbrowsedthat web page. In the computation of the interest ratio of a
candidate page, we useonly those usersij for which T(U;R;;) t for somethreshold® t.

We note that the nature of proxy tracesis inherently sparse. As a result, in many cases,a single
user may not accesstoo many documerts in a single trace. Therefore, a considerableamount of
information in the trace can be broken up into signatures which are particular characteristics of
di erent web pages. Sud signaturesmay be chosenacrossthe ertire vocabulary of words (content),
topical categoriesbasedon scansacrossthe world wide web, or other relevant characteristics of
web pages.

The use of such characteristics is of tremendousvalue if the signaturesare highly correlated with

the predicate. For example,if the documert vocabulary is usedasthe relevant signature, then even
though there many be billions of documerts acrossthe world wide web, the number* of relevant

wordsis only of the order of a hundred thousand or so. Therefore, it is easierto nd su cien t overlap
of signaturesacrossusersin the crawling process.This overlap helpsin reducing the feature space
su cien tly, sothat it is possibleto determine interesting patterns of user behavior which cannot
be discernedonly by using the patterns in terms of the individual web pages. The processfor

3For the purpose of this paper, we will use a threshold of t = 2 standard deviations in order to make this
determination.
4This assumesthat the documents are in English and stop-words/rare words have been removed.
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nding the signature speci ¢ interest ratio | 5F (UjR;, :::R;,) is quite analogousto that of nding
the user-speci ¢ interest ratio. More details on the method of nding the signature speci ¢ interest
ratio may be found in [1].

The web pagesaccessedy a given user often show considerabletemporal locality. This is because
the browsing behavior of a userin a given sessionis not just random but is highly correlated in
terms of the topical subject matter. Often usersthat browse web pagesbelongingto a particular
topic are likely to browse similar topics in the near future. This information can be leveragedin
order to improve the quality of the crawl.

In order to model this behavior, we will de ne the conceptof temporal locality region of a predicate
U by TL(U). To do so,we will rst de ne the temporal locality of eadh web page accessA. The
temporal locality of a web pageaccessA is denotedby TLR (A) and is the n pagesaccesseckither
strictly before or strictly after A by the same user, but not including A. Now let us say that
A1:::An bethe set of accessesvhich are known to belongto the predicate U. Then the temporal
locality of the predicate U which is denotedby T L(U) is de ned asfollows:

TL(U) = [ [, TLR(A) (11)

Let f1 be the fraction of web pagesbelongingto T L(U) which also satisfy the predicate. Further-
more, let f, be the fraction of web pagesoutside T L(U) which satisfy the predicate. Then, the
overall interest ratio for a web pagebelongingto TL(U), is given by:

I TL(U) = f1=P(V) (12)

Similarly, the Interest Ratio for a web pagewhich doesnot belongto the temporal locality of U is
given by:

I TL(U) = f,=P(V) (13)

We note that in most casesthe value of f 1 is larger than P(U), whereasthe value of f, is smaller
than P(U). Correspondingly, the interest ratios are larger and smaller than one respectively. For
a given web page, we chek whether or not it belongsto the temporal locality of a web page
which satis es the predicate. If it does,then the corresponding interest ratio is incorporated in the
computation of the importance of that predicate.

The dierent factors discussedabove can be utilized in order to create a composite interest ratio
which measuresthe value of the di erent factors in the learning process.We de ne the composite
interest ratio asthe product of the interest ratios cortributed by the di erent factors. Therefore,
the combined interest ratio |1 ©(U) for a web pagewhich hasbeenaccessedy usersi; ::: iy is given

by:
1€U) = 1THU) 15F(UjR;, :::Ry,) 1B(UjRi, :::Ryy) (14)
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This composite interest ratio re ects the overall predicate satisfaction probability of a web page
basedon its characteristics.

4 On the Merits of Combining User and Link age Information for
Topical Resource Discovery

In the previous sections,we discussedmethods for crawling with the utilization of userand linkage
information. In this section, we will discussmethods for combining the two, It turns out that a
method which conbines user and linkage information is much more e ectiv e than one which uses
only oneof the two. In order to achieve this, the systemcan nd all the web pageswhich are linked
to by a predicate-satisfying web page and added to the candidate list. As a result, the list Cand

becomesa combination of candidatesfor which we may have either web log accessnformation or

linkageinformation. In addition, we needto make changesto the processof calculation of priorities.

In [4], we discussedthe computation of interest ratios which are analogousto those discussedin

this paper using purely linkage basedinformation. Let |“(U) be the interest ratios computed for

a candidate page using the method in [4]. Let | ©(U) be the corresponding user-basedinterest
ratio. As discussedearlier, not all web pageshave both linkage basedand user-basedinformation

assaiated with them. Therefore, when sud information is not available, the corresponding value
for I-(U) or I (V) is setto one. Sincethe URL for a candidate pageis discovered either from the

content of a web pageor from the web log, at least one of theseinterest ratios can be calculated
e ectiv ely. The overall interest ratio is de ned by | ©(U) 1-(U). We will seethat the combination

of the linkage and user-basedsystemsis very powerful in practice in improving the quality of the

crawl. This is becausethe user behavior quickly identies the most popularly visited resources
which often link to a large number of closelyrelated pages. Thesepagesare addedto the candidate
list. The addition of sudh candidatesfacilitates the discovery of someof those rarely accessedveb
pageswhich may not be found in the traces. Thesein turn help in the discovery of more topically

inclined usersand vice-versa. In other words, someresourcescan be more easily crawled from the

user information, whereasothers require linkage information. These interest ratios thus act in a
complimentary way in nding promising candidates during the resourcediscovery process. As a
result, the system works better than one which is deweloped using either purely user or purely

linkageinformation.

The systemwasimplemented on an AlX 4.1.4systemwith 100MB of main memory and 2GB SCSI
drive. The results were tested using two kinds of traces:

Squid Proxy Traces: Thesetraces are available from [25], and re ect the web pageaccess
behavior acrossa wide spectrum of userson the internet. Each of these traces corntained
between 100,000to 1000,000user accesses.

IBM Proxy Traces: Thesetraces re ect the accessbehavior of IBM employeesand are
stored at the IBM Raleigh site. Each of thesetraces contain about 100,000accessesand are
ead basedon a single day of accesshehavior.
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Figure 2: Performanceof Collaborative and Intelligent Crawler (Predicate is category \SPORTS")
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The performance of the crawler was characterized by using the harvest rate P (U), which was the
percertage of web pagescrawled that satisfy the predicate. In order to illustrate our results, we
will presernt the lift curve which illustrates the gradual improvemert of the harvest rate with the
number of URLs crawled. Initially , the crawling systemis slow to nd relevant web pages,but as
the crawl progresses,t gradually learns the propensities of the usersin terms of their predicate
satisfaction probability. This improves the computation of the interest ratios of the candidate
web pagesover time. Correspondingly, the percertage of the candidates crawled belonging to the
predicate increasesas well.

First, we presert the results which illustrate the comparisonsbetweena purely linkagebasedcrawler
(intelligent crawler) and a user-basedcrawler (collaborative crawler). In Figure 2, we have illus-
trated an example of a lift curve which shaws the crawling performance of the system over time.
In this case,the predicate is the web pagesbelongingto category \SPORTS" as predicted by the
classi er discussedn [3]. The initial behavior of the crawler systemis random, but asit encourters
web pagesbelonging to the predicate, the performance quickly improves. In the same chart, we
have alsoillustrated the performance of the intelligent crawler algorithm from [4]. The intelligent
crawler algorithm was run using v e di erent starting points and the best of theselift curves(as
indicated by the value of P(U) at the end of the crawl) was used. It is interesting to seethat even
a single execution of the collaborative crawler was signi cantly more e ectiv e than even the best
of v e executionsof the intelligent crawler.

We have illustrated the performance of the collaborative crawler in Figure 3. In this case,the
predicate is the category \AR TS". As in the previous case, we have plotted the curve for the
intelligent crawler for the best of v e executionsof the algorithm. Again, the collaborative crawler
hasa much greater harvestrate than the intelligent crawler. Another interesting di erence between
the collaborative and intelligent crawler is that the harvest rate of the intelligent crawler varies
signi cantly over the crawl. This tendsto indicate that the information available in web pagelinks
may not be very robust in always providing considerably e ectiv e information for the crawling
process.

It is useful to measurethe behavior of the crawler when linkage and user information are com-
bined. Even though the information from the web traces turns out to be valuable in nding the
most popular resources,its performancecan be improved further with the incorporation of linkage
information. This helpsin nding resourceswhich are not quite as popular, but are often relevant
to the predicate. In Figures 4 and 5, we have illustrated the harvest rate of the collaborative
and intelligent crawlers, together with a crawler which combines the two piecesof information. In
Figure 4, the predicate correspondsto the category \COMPUTERS" and containing the keyword
\viruses".

In Figure 5, the predicate correspondsto the AUTOMOTIVE categoryand cortaining the keywords
\T oyota Corolla". In both casesthe combined crawler performs better than a crawler employing
purely trace-basedor linkageinformation. This behavior seemedo be consistent over awide variety
of experimerts that we performed. This behavior seemsto be a little surprising, since one would
normally expect that the lift curve for the combined system ought to be the average of the two
individual systems.
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On examining the web pagesobtained from the crawl, we discovered that both the trace-based
and the linkage-basedsystemsdiscovered web pageswhich the other could not discover. Corre-
spondingly, many web pageshad a high interest ratio usingthe linkagebasedcomputation, whereas
others had a high interest ratio using the trace basedcomputation. The noise-reductionmethodol-

ogy built into the interest ratio computation ensuresthat at ead instant in time, the best criterion

is used. In many casesthe web pagesdiscovered by the linkage basedmethodology would provide
information about new usersthat often accesspredicate speci ¢ web pages. In other cases,the

web pagesdiscovered using traces provided valuable hyperlinks to other predicate-relevant web
pages. This complemenary relationship resulted in a system which was better than either purely

trace-basedor linkage-basedsystems.

4.1 Reuse of crawler learning information

We note that the crawler systemdiscussedin this paper learns from the user behavior in the web
traces, which are usually available in large quantities on a daily basis. As the set of pagesavailable
on the web changeover time, it may be desirableto perform the samequery repeatedly in order to
discover the most recen resources. It is possibleto leveragethe information gained from a given
crawl in order to improve the e ectiv enessof subsequeh crawls. This is becausemany of the user
accesspatterns and interests are consistert over time, and provide valuable hints to the resource
discovery process.In Figure 6, we have illustrated the performanceof the collaborative crawler by
using two tracesfrom the IBM proxy sener. In this case,the predicate correspondsto the category
\SPORTS" containing the keyword \basketball". The traces were separatedby a period of about
6 months, as a result of which many of the user domains and web pagesin one trace were not
preseri in the other. We note that the processof reusing learned information from a given crawl is
not speci ¢ to the collaborative crawling method, but can also be easily extendedto linkagebased
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Figure 7: Reuseof crawler learning information (Predicate is category\AR TS" containing keyword
\gallery™)

methods.

Howewer, even this partial relevancewas su cien t to signi cantly improve the quality of the web
pagesobtained over a crawl which started from scratch. The crawl started with the a nities of the
usersfrom the previous trace in order to decidethe priority of the web pagesto be crawled.

In Figure 7, we have illustrated similar results for the predicate corresponding to the category
\AR TS" and containing the keyword \gallery". Again, the reuseof crawler learning information
signi cantly improvesthe performance of the crawl. It is clear from Figures 6 and 7, that when
the information from one trace is usedin the second,the performance of the crawler is improved
substartially during the initial learning phase. This property is valuable in building an incremertal
crawler in which similar kinds of resourcesoften have to be repeatedly crawled over di erent periods
of time. As discussedn recert researd [19], such queriesare useful becauseof the rapidly ewolving
nature of the world wide web. The system of this paper provides a useful technique to resolve suct
qgueriese ectiv ely.

5 Conclusions and Summary

In this paper we discusseda number of learning techniques for topical resourcediscovery. Specif-
ically, we discussedthe collaborative crawler and the intelligent crawler which are techniques for
utilizing learning methods for resourcediscovery. The results illustrate that while user-exgeriences
provide a richer ability to perform the learning, the combination of userand linkagebasedmethods
tend to be more e ectiv e than either. This is becausethe combination is able to capture those
kinds of web pagesthat either of the techniquescannot do alone. We note that the learning system
discussedin this paper is also applicable to an environment in which the web pagesewlve over
time. In such cases,the system can leveragethe information learned about user behavior in a
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given crawl in order to improve the e ectiv enessof subsequeh crawls. We also showed that the
collaborative crawling system can be combined with a linkage based system in order to create a
crawler which is more e ectiv e than either a purely linkage or trace-basedsystem.
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