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Abstract. Web crawlers have beenused for nearly a decadeas a search
engine component to create and update large collections of documents.
Typically the crawler and the rest of the search engine are not closely
integrated. If the purp oseof a search engine is to have as large a collec-
tion as possible to serve the general Web communit y, a closeintegration
may not be necessary. However, if the search engine caters to a speci�c
communit y with shared focused interests, it can take advantage of such
an integration. In this paper we investigate a tigh tly coupled system in
which the crawler and the search engine engagein a symbiotic relation-
ship. The crawler feedsthe search engine and the search engine in turn
helps the crawler to better its performance. We show that the symbiosis
can help the system learn about a communit y's interests and serve such
a communit y with better focus.

1 In tro duction

General purposesearch engineshave typically usedexhaustive crawlers to build
and update large collectionsof documents. The cost of crawling and indexing the
collections is amortized over millions of queries received by the search engines.
However, the largesize,the dynamic nature and the diversity of the Webwarrant
more focusedsolutions that allow for direct and indirect collaboration amongst
Web searchers of similar interests. Such solutions may be more scalable and
distributable while being e�ectiv e and e�cien t. They may also lead to new ways
of searching that are hard to imagine with the centralized exhaustive approach
followed by the current search engines.

Web communities with focusedinterests can be found in many professional
and casualsettings. For example, a set of software engineersat their workplace
may have very focused interests. It would not be surprising if most of their
queriesto search engineson a given day were around a narrow topic. In fact, a
small collection of Web pages(say, 50,000pages)may satisfy most of their needs
for a short period of time. However, it is non-trivial to identify a small focused
collection, out of a much larger Web, that is representativ e of a communit y's
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interests. It is alsoimportant to tweak the collection with time sothat it remains
focusedon the current interests of the communit y. Given that we have such a
collection for a communit y, a search enginethat indexesit may be able to better
serve the communit y. For example, owing to the small size of the collection,
the search enginecan be kept extremely fresh by crawling on a daily or weekly
basis. In addition, more sophisticated information retrieval, text mining and
visualization tools may be applied that are not as e�cien t and/or e�ectiv e for a
much larger corpus.Also, such a systemcan provide collaboration opportunities
betweenthe users.

If the purposeof a search engineis to have as large a collection aspossibleto
serve the general Web communit y, a closeintegration between the crawler and
the other components of the enginemay not be necessary. The main goal of the
crawler is to keepthe coverageand freshnessof the search engineindex high, and
this task is not informed by userinteractions. For this reason,the crawler and the
rest of the search enginetypically have little or no communication betweenthem.
Some search enginesmay use crawlers that focus their crawl using heuristics
similar to those usedby the search engine to rank the documents [1]. But they
do not closely integrate the crawling algorithm with the search engine.

In this paper we discussa particular Web searching model in which a topical
or focused crawler and a search engineengagein a mutually bene�cial relation-
ship in order to cater to a particular communit y of users.Speci�cally , the goal
is to incrementally re�ne a collection on a broad set of topics in order to focus
the collection on the set of topics relevant to the communit y. The 
exibilit y of
the model allows for adaptation to drifting interests in the communit y.

2 Symbiosis between Search Engine and Cra wler

The search engine-crawler1 symbiotic system could live on a large server or a
desktop machine. It could be serving a single user or a set of users.The system
tightly couplesa search engineand a crawler to learn from the userqueriesgiven
to the search engine in the recent past. A learning process,involving search
engine-crawler symbiosis, is used to prepare a focused collection that may be
better suited for queries in the near future. The processis repeated on a daily
or a weekly basis. The queriesserve as an approximation for the interests of a
set of users.We can use all or a sample of the recent queriesas representative
requests.Theserepresentativ e queriesare usedto capture a focusedset of Web
documents for answering the queries in the near future | each representativ e
query is usedas a learning opportunit y.

A topical crawler picks one representativ e query at a time and queries the
search engine using it. The search engine responds with the top N HITS URLs
that satisfy the query and also all the URLs that have a link to the top URLs.
This gives the crawler a seed set of URLs. The crawler then crawls up to
MAXPAGESstarting from the seedset, using the representativ e query to guide
1 Note that for the rest of the paper, we use the term \search engine" to refer to all
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itself. After MAXPAGESare crawled on a query, the search engine indexes the
new pagesretrieved. The crawler queriesthe search engineagain, with the same
representativ e query, and the stepsmentioned above repeat. This search engine-
crawler loop may continue up to MAXITER iterations or until someconvergence
level (based on a threshold THETA) is achieved in the seedsets from two con-
secutive iterations. The new pagesfrom the last iteration are added to a new
collection. The iterations are repeated for all of the representativ e queries. At
the end, the current index is deleted and the new collection is used to create a
new index. The new index is used by the search engine to answer the queries
until the entire processrepeats.

new_collection = ();
foreach query (representative_queries) {

repeat (MAX_ITERor until intersect(old_seed_set, seed_set) > THETA){
old_seed_set = seed_set;
seed_set = search_engine(query, N_HITS);
new_pages = crawler(query, seed_set, MAX_PAGES);
index(new_pages);
new_collection = add(new_collection, new_pages);

}
}
clear_index();
index(new_collection);

Fig. 1. Pseudo-code of symbiotic processbetweensearch engineand crawler

The idea is that through this symbiotic process,the crawler can exploit an
existing search engineindex in order to obtain a focusedcollection for the search
enginethat may better satisfy future user queries.

A pseudo-code illustrating this symbiotic processis shown in Figure 1. The
parametersMAXPAGES, MAXITER, THETAand the number of representativ equeries
are �xed basedon resourceavailabilit y. For example,if the systemruns on a desk-
top usedby a singleuser, then we may index a few thousand pages.On the other
hand, if the system runs on a large server with many users,it may be desirable
to index millions of pages.Once we �x the maximum number of pagesto be
indexed (MAXIN INDEX), MAXPAGEScan be derived as follows:

MAXPAGES=
MAXIN INDEX

jrepresentative queries j

where jrepresentative queries j is the number of representativ e queries. Pa-
rameterssuch asMAXITERand THETAare in
uenced by available disk spacesince
they lead to a temporary increasein sizeof the index before the new collection
is ready. The number of queriesthat are usedas representativ e queriesmay be
basedon the amount of time taken by iterations for a singlequery. One may like
to restrict the total time taken by all of the representativ e queries to, say, 12
hours (o� peak hours of a day). At the end of the processshown in Figure 1, the
newcollection to be indexedmust beof a sizelessthan or equal to MAXIN INDEX.



Hence,we maintain an upper bound on the sizeof the index usedby the search
engineto answer user queries.
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Fig. 2. Creation of a new index from an old one

Another way of looking at the processis through its temporal sequence.The
pseudo-code shown in Figure 1 may be repeated at regular intervals to create
new collections to cater to future queries.Figure 2 shows that the index at time
t is used by the processdescribed in Figure 1 to create a new index for time
t + 1. The scaleof time t could be a day, a week or a month basedon the need
for index freshness,the time available, and the maximum size of the collection
(MAXIN INDEX).

3 Implemen tation

Currently , the search engine-crawler symbiosis is implemented using a search
engine called Rosetta [5,4] and a Naive Best-First crawler [14,15]. Both the
search engine and the crawler were not built speci�cally for this application.
They have beenused before for independent searching [5] and crawling [14,15]
tasks. We want to demonstrate the use of the symbiotic model by picking an
o�-the-shelf search engineand a generic topical crawler.

3.1 Rosetta

While the architecture we describe here is not weddedto any one type of index-
ing or retrieval system or for that matter any particular approach to crawling,
the Rosetta search engineis particularly well-suited to this architecture. Rosetta
is basedon an indexing technique called ReferenceDirected Indexing (RDI) [5].
This technique is designedaround the idea that for any topic, the communit y
of Web usersinterested in that topic �nd and identify an ever-evolving body of
useful information and do so in such a way that their �ndings can be leveraged
to help the lesswell-informed �nd what they need.Rosetta useshyperlinks and
the contexts in which they are created as the basis for indexing and retrieving



documents. While many authors have intro duceda variety of ways to uselink in-
formation in search systems[6,7], Rosetta's approach is novel in the way it uses
the combined evidenceof multiple referencesto a document to both determine
the popularit y of that document and to isolate the words that best identify why
it is popular, and therefore, the queriesfor which it is most relevant. As an ex-
ample we considerwww.mayura.com, the Web site of Mayura software. Mayura
is a drawing program for the Microsoft Windows platform that allows one to
easily draw from scratch or import, modify and export images in a variety of
formats. A comparative analysis of the text in the immediate vicinit y of each
link to www.mayura.comyields the following terms amongthosemost frequently
usedin referenceto this document: Mayura, PageDraw, drawing program, Win-
dows, export , PDF, EPS. Many Web authors who have found this tool useful
have referencedits homepage.In doing so they indicate not simply that Mayura
Draw is useful in the abstract, but that it is useful for a very speci�c set of rea-
sons,among them those identi�ed by the terms listed above. Di�eren t referrers
to a document tend to emphasizemany of the samefeatures of that document.
As a result someof their terms naturally overlap. If many referrers use a par-
ticular term in referenceto a document, it is quite likely that searchers will use
that term in queriesfor the information the document contains. Rosetta indexes
each document in its collection incrementally as it discovers referencesto these
documents in pagesgathered by the crawler. The RDI technique is something
like a voting mechanism which usesterms found in the immediate vicinit y of
a hyperlink to a document. It treats each referring page as a voter permitted
one vote for each index term used in referenceto a document. Continuing with
the Mayura example, the following lists the top 10 index terms extracted for
www.mayura.comfrom the four referring pages.The number of votes indicates
the number of pagesthat use each term in the immediate vicinit y of a link to
www.mayura.com.

TERM V OTES
Ma yura Dra w 4
dra wing program 4
format 4
illustrations 3
Windo ws 3
PDF 3
EPS 3
... ...

Rosetta usesthe number of votesfor a term asa measureof term frequencyin
a weighting metric similar to TFIDF [19]. In other work [5], we have found that
the combined evidencefrom multiple contexts in which a document has been
referred is an extremely accurate identi�er of good index terms for a document,
much better in fact, than measuresof word use within the document itself [4].
In addition, inherent in the model is a measureof relative importance among
all documents indexed by the sameterms. The number of votes an index term
receives indicates not only the relative value of that term in association with a
particular document, but also the number of referrers that have chosento direct
their readersto that document versusanother.



3.2 Naiv e Best-First Cra wler

The Naive Best-First crawler usesthe cosinesimilarit y betweena pageand the
query to scorethe URLs in the page.This similarit y measureis basedon simple
term frequency, however commonterms are con
ated using a standard stemming
algorithm [18].The crawl frontier with unvisited URLs is kept asa priorit y queue
basedon the score.Every time the crawler needsto fetch a page, it picks the
best one in the queue. In our previous evaluation studies, we have found the
Naive Best-First crawler to be a strong competitor among other algorithms for
short crawls of a few thousand pages,on generalcrawling tasks [14,15].

The crawler can have a number of threads that sharea single crawl frontier.
Each thread picks the best URL to crawl from the frontier, fetches the corre-
sponding page, scoresthe unvisited URLs within the page and adds the URLs
to the frontier at appropriate positions. We allow the crawler to spawn as many
as 75 threads and the maximum sizeof the frontier is set to 10,000.In order to
avoid inundating any Web server with requests, the frontier enforcesthe con-
straint that every batch of D URLs fetched from it are from D di�eren t server
host names(D = 50). Due to the multi-threaded nature of the crawler and the
enforced ethics the crawler does not follow a strict best �rst order. Also, the
multiple threads make the crawler behave like a Best-N-First crawler where N
is related to the number of threads. Best-N-First crawler is a generalizedversion
of Naive Best-First crawler that picks N best URLs to crawl at a time [17].
We have found Best-N-First (with N = 256) to perform well, especially when
performanceis measuredthrough recall of relevant pages[15].

4 Evaluation

We want to investigate the use of search engine-crawler symbiosis in capturing
communit y interests. The initial collection for the search enginemay be gener-
ated by using the bookmark �les of the usersand doing a Breadth-First crawl
until a certain number of pages(MAXIN INDEX) have beenretrieved.

4.1 Comm unit y and Queries

We used a portion of the Open Directory Project2 (ODP) as the basis for this
simulation. In particular, we usedthe \Business/E-commerce" category to sim-
ulate a communit y. This category, being only two levels deep in the hierarchy
of ODP topics, is su�cien tly broad to enable the simulation of a communit y of
peoplewith many shared interests and many individual interests as well. From
\Business/E-commerce" we used the root category and all sub-categoriesthat
have at least 10 external URLs. We assumethat our �ctitious communit y's inter-
estslie within the categoriesselected.As seedURLs usedto begin the simulation
weselectedasmany as�v eURLs at random from each of the included categories.

2 http://dmoz.org



In bootstrapping a search enginefor a real communit y such URLs might be ac-
quired from the Web browserbookmarks of membersof that communit y or from
a pool of URLs listed on a communit y resourcepageof somekind. Throughout
the rest of the paper we will refer them as bookmark URLs.

Having selected the bookmark URLs, we then collected a pool of queries
to represent the individual inquiries of our communit y during a period of one
work week(�v e days). ODP editors include a brief summary of each URL listed
within a givencategory. Weusedthesesummariesto derivephrasesthat simulate
user queries.We �rst split the summariesinto tokensusing a set of stop words
as delimiters, keeping only tokens with 2, 3, or 4 words for further processing.
Next, we manually �ltered the tokens to remove those that were incoherent
groups of words representativ e of the type of errors made by such a shallow
parsing technique. This processleft us with nearly 1200queries.The queriesthus
obtained form the query pool for the simulation to follow. Finally, we associated
each query with the ODP category from which it was derived. This knowledge
wasnot madeavailable to the system,but wasusedto provide an understanding
of the context of the query during the evaluation phase.

4.2 Sim ulation

We simulated 5 days of the search engine-crawler system at work. The ini-
tial collection was created for day 1 using a Breadth-First crawl that retrieved
MAXIN INDEX= 100; 000pagesfrom the Webstarting from the bookmark URLs.
To simulate a day of usagewe randomly picked 100queriesfrom the query pool.
At the end of each simulated day, we ran the symbiotic processdescribed in
Section 2 using all 100 queries to create a new index for the next day. For this
simulation we set the MAXPAGES(maximum pagesper query iteration) parame-
ter to 1000pages,the maximum number of iterations is MAXITER= 3, and the
number of top URLs usedasseedsfor each iteration, N HITS= 25. Owing to the
small MAXITER, we do not check for convergencein the current simulation.

In real-world usesuch a processmay run during the o�-p eakhours(overnight)
sothat the new index is ready beforethe next morning. In fact, the implemented
system using the Rosetta search engineand the Naive Best-First crawler takes
around 11 hours to complete the processof shifting from the old index to a new
one (Figure 2) using a 1Ghz pentium I I I IBM Thinkpad running the Windows
2000operating system.Note that the current Rosetta implementation has fore-
gone someparallelization and other optimizations for easeof implementation.
Hence,we can speedup the processeven further after someoptimization.

4.3 Performance Metrics

The purposeof this technology is to incrementally re�ne a collection on a broad
set of topics in order to focus the collection on the set of topics relevant to a
particular communit y. To test the degreeto which the system meets this ob-
jective we measuredthe relative performanceas it progressedthrough the �v e
days of simulation. We choseto treat the system as a black-box, and measure



the performanceof the search enginein responseto queriesfrom each of the �v e
days, becausethis is the way an end-userexperiencesthe merits of the system.

To judge the search engineresults for hundreds of queriesover 5 days would
be a time consuming task. Hence,we decidedto useonly a sampleof the daily
queriesfor our evaluation. Twelve test subjects evaluated �v e to ten queriesran-
domly selectedfrom the 100 (20 per day) samplequeriesusedin the evaluation.
The test subjects are graduate students in a class on information technology;
they were awarded extra credit for participating in the study. We asked the
subjects to determine the relevanceof the top ten search results for each query
basedon the context in which the query originated. As we mentioned earlier,
the context for each query wasprovided as the category in the ODP from which
the query was drawn. The subjects were asked to browse the relevant category
in order to acquire an understanding of the meaning of each query. This step is
important becauseno real-world user submits a query to search engineunlessa
speci�c set of circumstanceshas motivated the needfor information. Note that
the search results for the same query on two di�eren t days in this evaluation
were going against two di�eren t indexes. We maintained the indexes as they
existed on each of the �v e days and submitted the queries sampled from that
day against that day's index. To avoid manual bias in evaluation, we hid any
information that would have indicated on which day the query originated.

Based on the binary relevance assessments obtained from the subjects, we
computed the precision P among the top 10 hits returned by the search engine
for each query. We average this performance measureover the sample queries
for each day, and plot the mean performanceover time.

In addition to the black-box approach mentioned above, we want to evaluate
the quality of the collections created by the crawler. We would like to quantify
a new collection's abilit y to satisfy the queries to follow. Note that precision
P is not only a�ected by the collection quality but also by the quality of the
indexing and the ranking mechanism. Here, we want to isolate the quality of the
collection as it was created by the crawler. This also givesus an idea about the
performanceof the crawler. A way to measurea new collection's quality is by
calculating the averagecosinesimilarit y betweenthe pagesin the collection and
a representation (centroid) of the queriessubmitted on the corresponding day. To
represent a day's queries,we simply concatenatethem. Note that the collection
is created before the queries are submitted to the system (see Figure 2). We
measurethe averagecosinesimilarit y betweenthe collection and the queriesas
follows:

S(C; q) =
1

j C j

X

p2C

vq � vp

k vq k � k vp k

where C is a collection of pagesfor a particular day, q is the concatenatedquery
text for the sameday, vq and vp are TFIDF [19] basedvector representations of
the concatenatedqueriesand the pagerespectively, vq � vp is the inner product
of the two vectors, and k v k is the Euclidean norm of the vector v.



4.4 Results

We �rst present the results of the study in which we measuresearch engineper-
formanceacross�v e days of simulation using the metric P de�ned in Section4.3.
Figure 3 (a) depicts the �v e valuesfor P asjudged by our test subjects, averaged
over 20 queriesper day. For the initial collection the system retrieved approxi-
mately 3.5 relevant documents among the top ten search results on average.
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Fig. 3. (a) P over �v e days of simulation (b) The ratio of precision to cost of gathering
and maintaining the collection for each day of the simulation. The error bars correspond
to � 1 standard error.

Performancedropped slightly on the secondand third days of the simulation.
As a reasonfor this we speculate that initially , the system may have over�t its
collection to the set of queriesfrom day oneand possibly day two. We have seen
this type of behavior before in other work on systemsthat learn the interests
of their users[16]. Finally, this evaluation suggeststhat after the initial decline
in performance,P improves to a level greater than that found with the initial
collection. However, statistical signi�cance of this preliminary result does not
allow for a de�nitiv e con�rmation; further experiments are required, both with
more extensive evaluations (more queries) and over a longer period of time.

While not signi�cant in terms of P, this result is perhaps stronger than it
may �rst appear, becausethe system achieves this level of P with a collection
that is over one-third smaller than the collection from the �rst day of the simu-
lation. The sizeof the collection decreasesfrom approximately 100,000pageson
the �rst day to approximately 65,000pageson the �fth day. This is due to the
crawler becomingmore focusedas a result of its interaction with the search en-
gine. More speci�cally , asthe crawler exploresregionsof the Web near the search
results for a query, it �nds many URLs encountered in crawls for other queriesas
well. Becausewe do not store the sameURL in a collection more than once,any
redundancy in the information gathered for a day results in a reduction in the
sizeof the collection. While this may alsonegatively a�ect generalizationperfor-
manceduring the initial phaseof the symbiotic process(Figure 3 (a)), it a�ords
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Fig. 4. (a) Relevance of the collection as a whole to the queries submitted on each of
the �v e days (b) Performance on queries that occurred on more than one day.

signi�cant e�ciency gains in terms of saved disk space,crawling and indexing
time, and bandwidth. To quantify such gain, we look at the ratio of average
precision over the relative sizeof the collection or cost. The cost of a collection
is equal to the size of the collection divided by MAXIN INDEX(100,000pages).
The plot in Figure 3 (b) indicates that from a perfomance/costperspective, the
symbiotic system can lead to substantial bene�ts.

Next, we measuredthe cosinesimilarit y, S(C; q), betweenthe collection for a
given day and the queriesfor that day. Figure 4 (a) plots the ratio of S(C; q) to
S1(C; q) for day one.Over time, the crawler with the help of the search engine,is
able to fetch pagesthat are lexically more similar to the queriesof the day. The
error bars on the plot are extremely small and hencenot clearly visible. Hence,
we �nd signi�cant improvement in collection quality over the simulation period.

On further analysis, we found that 10 queries appeared more than once in
the manually evaluated set of queries. We plotted the metric P for each of
the repeating queriesagainst the days on which they appeared (Figure 4 (b)).
We noticed that for most of the queries the value of P improved with time.
In particular, there are queries for which no result was found the �rst time
they appeared,but on subsequent occurrencethe system found several relevant
results. On average the system found 4.5 more relevant results for repeating
queriesbetweenthe �rst and the last time they were submitted to the system.

5 Related Work

The large sizeand the dynamic nature of the Web has prompted many di�eren t
e�orts to build focusedsearch engines[10,12]. While we too attempt to build a
focusedsearch engine,our approach is adaptive to the changing interests of the



user(s). Furthermore, it tightly couplesthe search engine and the crawler, and
is generalenoughthat it can be applied to any topic.

Referential text has been used to �nd Web sites [9], categorize pages [2]
and crawl pages [11]. Despite the active use of referential text for variety of
information retrieval tasks, no onehasyet demonstratedthe e�ectiv enessof this
technique for general-purposesearch. There is a large and growing body of work
on topical or focusedcrawlers (e.g.,[11,8,13]). Such crawlers usevariety of lexical
and/or link-based cueswithin Web pagesto guide their path.

Our work alsorelatesto collaborative �ltering [3] sincethe queriessubmitted
by the users,help in preparing the collection for similar queriesby other users
in the future.

6 Conclusions

The purposeof the symbiotic systemwe describe here is to incrementally re�ne
a broad collection in order to bring into focus the set of topics relevant to a
particular communit y. While moreexperimentation is neededto makeany strong
claims about the bene�ts to end users, the work presented here demonstrates
that in a short amount of time, the type of symbiotic systemwe have developed
can eliminate much of the irrelevant information from an initial collection and
thereby achieve the desiredfocus.It is important to note that the system,though
it learns from the behavior of its users, does so implicitly , requiring no e�ort
beyond the type of simple searchesthey are already doing.

One obvious extensionto the work is to integrate the crawler and the engine
further. For example, the crawler's best �rst strategy could be basedon TFIDF
similarit y rather than just TF. A generic crawler does not have the luxury of
an IDF index becausethe collection is not yet available. In our model however
the collection indexed by the enginein the previous iteration can be usedby the
crawler in the current iteration to generate IDF weights that can improve its
link scores.In addition, the crawler could tap into the more global information
available to the search engine | such as good hubs and multiple contexts. On
a di�eren t note, the proposedsymbiotic model can be distributed on a larger
Peer-to-Peer (P2P) search system which can bring in added opportunities for
identifying and connecting communities of users.
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