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Abstract. The goal of the work presented in this paper is to obtain large
amounts of semistructured data from the web. Harvesting semistructured
data is a prerequisite to enabling large-scalequery answering over web
sources.We contrast our approach to conventional web crawlers, and de-
scribe and evaluate a �v e-step pipelined architecture to crawl and index
data from both the traditional and the Semantic Web.

1 In tro duction

The enormoussuccessof Google and similar search enginesfor the HTML web
has demonstrated the value of both crawling and indexing HTML documents.

However, recently more and more information in structured formats such as
XHTML, microformats, DC, RSS,Podcast, Atom, WSDL, FOAF, RDF/A etc.
has becomeavailable { and we expect this trend to continue. In conjunction
with Semantic Web basedRDF data, thesedata formats are poorly handled by
current search engines:for instance, query answering based on keywords does
not allow to exploit the semantics inherent to structured content. Consequently ,
current well developed and understood web crawling and indexing techniques
are not directly applicable, sincethey focus almost exclusively on text indexing.

In other words, to be able to answer queries which exploit the semantics
of Semantic Web sources,di�eren t crawling and indexing techniques compared
to conventional search enginesare necessary. The di�erences between conven-
tional crawling/indexing approaches and crawling/indexing heterogeneousse-
mantic data sourcescan be summarizedas follows:

1. URI extraction. HTML crawlers extract links from HTML pagesin order
to �nd additional sourcesto crawl. This mechanism usually does not work
as straightforwardly for structured sources,sincevery often there exists no
direct concept of a hyperlink. Therefore di�eren t methods for extracting
URIs must be found.

2. Indexing. Conventional text indexesfor the HTML web are well understood.
However, these text indexesperform poorly at capturing the structure and
semantics of heterogeneoussources,e.g., a FOAF �le or an RSS source.A
di�eren t way for indexing and integrating the various data formats is needed.



These two key di�erences illustrate the need for new approachescompared
to traditional web crawling. A pipelined document indexing infrastructure has
already beende�ned and analyzed(see[8]). However, the sameapproach is not
applicable for Semantic Web data due to the variety of stagesand di�eren t time
and spacebehavior.

The main contributions of this paper are:

{ Following the generalapproach of [8] we de�ne a pipelined approach for the
Semantic Web with respect to structured data crawling and indexing. The
pipeline can be adapted to arbitrary content.

{ We de�ne a general URI extraction method from structured sourcesthat
helps to �nd more sourcesfor indexing.

{ We describe a general representation format for heterogeneousdata on the
web which allows indexing and answering of expressive queries.

{ We describe an implementation of our pipelined architecture and determine
the optimal con�guration of the entire pipeline to maximize parallel process-
ing and crawling.

{ We evaluate the pipeline by conducting experiments on a cluster.

The remainder of this paper is organized as follows: In Section 2 we give
an overview of the architecture. Section 3 describes the processingpipeline in
detail, including complexity analysisand experimental results derived from each
individual phase.In Section 4, we analyze the results, discusstradeo�s for dis-
tributing the pipeline to multiple machines and running multiple pipelines in
parallel. Section 5 covers related work and Section 6 concludesthe paper.

2 Cra wler and Indexer Arc hitecture

When designing a crawler and indexer architecture a number of requirements
needto be taken into account:

{ Performance and scalability. The architecture needsto be as performance
oriented as possible in order to handle data on a web-scaleand keep up
with the increasein structured data sources.The systemshould scaleup by
adding new hardware { without a fundamental redesign.

{ Utilizing data from di�er ent formats and disparate sources. The system has
to syntactically transform and index data from di�eren t websourcesto arrive
at an integrated dataset.

Text indexing software pipelines have been investigated by [8] as a means
to optimize and decouplethe crawling and indexing process.The pipelined ar-
chitecture in [8] has lead to considerableperformance improvements. We have
adopted the pipelined architecture and de�ned a software pipeline for Seman-
tic Web data crawling and indexing. The idea behind a software pipeline is to
improve performanceby executing di�eren t stepsconcurrently .



Fig. 1. Five phasesfor crawling and indexing Semantic Web data.

Our crawling algorithm is an adaption of the standard breadth-�rst search
algorithm. Najork and Wiener [10] argue that breadth-�rst crawling yields high-
quality pagesearly on in the crawling process.

The processof crawling and indexing Semantic Webdata canbe logically split
into 5 phases,as illustrated in Figure 1. We refer to thesephasesasfetch, detect,
transform, index, and extract. During the fetch phase,the information is fetched
from the web.The detect phasedetectsthe type of the content, eg.RDF, WSDL,
GIF etc. The transform phaseis a key di�erence comparedto conventional text
indexing and translates the data into the commondata format. The index phase
builds an index, which is used during the extract phase to query for URIs to
more information sources.

We provide a rationale for someof the di�eren t phasesin more detail.
Detect A challenge in dealing with multiple data formats is to be able to

accurately detect the content type and format of documents. Most of the data
formats can be detectedby using the �le extensionor the content-t ype returned
with the headerpart of an HTTP request. In the caseof XML �les, the MIME
type and the �le extensiongive indication for XML content, but do not give any
information about whether the content is well-formed, or which schema is used.
Sometimesthis information is important, therefore the content itself has to be
investigated.

Transform Sincewe are aiming at a general indexing and querying infras-
tructure weneedmechanismsto extract information from the �les and transform
them to a structured representation. Ideally, we would like to usea declarative
transformation languageso that users can de�ne transformations without the
needto write code in a procedural language.However, the systemshould be also
able to useprocedural languagecode to extract data from binary data or natural
languagetext, ultimately arriving at a representation of the metadata.

To describe transformations in a declarative way, we decided to use XSL
Transformations (XSLT) 1. With XSLT we are able to translate arbitrary XML
content to RDF. Even though XSLT is Turing complete [5] and therefore might
be too expressive, using XSLT has the bene�t of permitting the reuseof already
available stylesheets.Besides,it is possibleto integrate GRDDL 2, a recent e�ort
which aimsat standardizing the mechanismof usingXSLT to extract information
from web pages.

Index An index over the data canbeusedto extract links and �nally perform
searches and answer queries. The index should enable keyword-basedsearches
becausethat is a good method to explore a dataset with unknown structure.

1 http://www.w3.org/TR/xslt
2 http://www.w3.org/TeamSubmiss ion/ grddl /



Equally important we require an index on the graph structure for the abilit y to
posestructured queries.

Extract For extracting URIs, we decidedto usean RDF query against the
�nal cleanedand structured dataset. We perform URI extraction at the end of
the pipeline, sinceat that stagethe indexesover a uniform representation of the
data havebeenbuilt already and we are able to extract URIs cheaply. Depending
on the crawling strategy (only crawl onesite, perform shallow crawling and only
take external links into account, etc), we can adapt queriesto extract URIs. We
needto extract links also from HTML pages,otherwise we will not discover the
URI of structured pages,since �les with structured data are currently not well
interlink ed. URIs to structured sourcesappear mainly in a href links within
HTML documents.

To be able to scale,we needto parallelize and distribute the system.Fetching
the data takesmuch lesstime than processing.Thus, we want to perform steps
in parallel, which means we have to use multiple threads that fetch data and
multiple threads that processdata etc. Communication betweenthe stepsis done
via queues.If we want to scaleup the processeven further, we replace threads
with multiple computers, queueswith remote/p ersistent queues,and pipeswith
network data transfer. As a result, weareable to speed-upthe entire processeven
more. Besides,in the distributed setup it is easy to identify bottlenecks { and
resolvethem by adding newmachinesto a phase.Another bene�t of a distributed
architecture is that it facilitates the integration of external components (i.e., web
services)into the process.

Our goal is to analyzethe complexity of the single tasks and to �nd the right
balance in server ratios to keepthe averageutilization of the servers as high as
possible. In the next section we describe each processingstep, investigate the
complexity and present experimental measurements.

3 Pro cessing Pip eline

In this section, we describe each step in the processingpipeline in detail. The
processingpipeline is composedof �v e di�eren t modules, each of which is capa-
ble of running the task in a multi-threaded fashion. First, the fetching module
downloads the content and header information of a web page. Second,the de-
tecting module determines the �le type of the web page. Third, based on the
�le type, the transformation module converts the original content into RDF.
Fourth, the indexing module constructs an index over the RDF data to enable
URI extraction. Fifth, the extracting module posesa query over the index to
extract URIs and feedsthe resulting URIs back into the pipeline.

To be able to pass parameters between di�eren t phases,the system needs
to store information associated with the URIs. We put the metadata associated
with a URI asRDF triples in a metadata storewhich runs on a separatemachine.

Each phase has an associated queue which contains URIs of pages to be
processed.Each phasetakes a URI from the queue, retrieves the content from



a previous phaseif necessary, processesthe content, stores the content on disk,
and puts the URI into the queuecorresponding to the next step in the pipeline.
Content is passedto successive stepsvia an Apache HTTP server.

In the following sections,we include complexity analysis and experimental
results for each step. We carried out the experiments using a random sample
of 100k URIs obtained from the Open Directory Project3. We performed all
experiments on nodeswith a singleOpteron 2.2GHz CPU, 4 GB of main memory
and two SATA 160GB disks. The machines were interconnected via a 1GBbp
network adapter on a switched Ethernet network.

3.1 Fetching Data

The functionalit y of the fetching module includes obtaining a new URI from
the queue, checking for a robots.txt �le to adhere to the Robots Exclusion
Protocol4, and fetching and storing header information and content.

After obtaining the next URI from the queue, we retrieve the robots.txt
information for the host either from the metadata store or directly from the
host. Then we determine if the fetcher is allowed to crawl the page or not. If
the URI passesthe check, we look at the content length provided by the header
information. To avoid downloading very large �les wecomparethe content-length
from the header-�eld with a given �le sizethreshold.

If the URI passesall thesechecks, we connectto the webserver and download
the content of the page.Then we store or update the headerinformation on the
metadata store. Finally, we sendthe URI to the next module in the pipeline and
return to the beginning, to poll the next URI from the queue.

To provide an estimate of the complexity of the step, let N be the size of
the documents fetched, including header information. The fetch step needsto
transfer N bytes from the Internet, which takes linear time in the size of the
content, O(N).

We veri�ed the complexity analysisexperimentally . We choserandomly 100k
URIs from ODP's collection of over 5M sites. Figure 2 shows the experimental
results for the crawling component resulting in 78038 downloaded pages(1.4
GBytes of data). The fetching component achieved an averagedownload rate of
around 600 KBytes/sec.

3.2 Detecting File T yp es

The detecting module tries to determine the exact content type of the data,
which is used in the transformation phaseto execute the right transformation
module. The type detection is basedon the information we are able to derive
from the URI, the header �elds and the content of the pageitself.

In the �rst step of the �le type detection processwe try to detect the content
typebasedon the �le extensionof the URI. The secondstepretrievesthe content-
type header�eld from the metadata store and comparesthe header�eld to a list
3 http://dmoz.org/
4 http://www.robotstxt.org/wc/e xclu sion. html
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Fig. 2. Experimental results derived from crawling 100k randomly selectedURIs.

of content types. Table 1 lists all supported content types and the information
the system needsto detect them. If one of these checks successfullydetects a
type, we can stop the processand store the type on the metadata repository. In
caseof XML content, we perform another check to �gure out the schemaof this
XML �le. In this casewe must parse the content itself.

TypeID RFC MIME media type File extension Root element

HTML 2854 text/h tml .html .htm html
XHMTL 3236 application/xh tml+xml .xhtml xhtml:html
XML 3023 text/xml application/xml .xml -
RSS2.0 - application/rss+xml .rss rss
Atom 4287 application/atom+xml .atom atom:feed
RDF 3870 application/rdf+xml .rdf rdf:RDF

Table 1. File types the system is currently able to handle.

If we detect XML content, we try to �nd out the special type of the XML
content, that is, we retrieve the content data from the �le system and parse it
with a SAX XML parser.We try to extract namespacesand root element of the
XML �le and comparethe values to the known content types. If all checks fail,
we assumean unknown or unsupported content type. Finally, we store the type
on the metadata store and forward the URI to the next pipeline module.

During the complexity analysis, we do not consider the simplest casewhere
we can detect the �le type basedon �le extension or header information. Let
N be the size of the XML document which content type we want to detect.
Parsing the XML content utilizing SAX to retrieve the root element has a time
complexity of O(N).

Figure 3 shows the experimental results for the �le type detection phase.
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Fig. 3. Experimental results for detecting �le types.

3.3 Transforming to RDF

For transforming the content into the common data format RDF, the system
applies di�eren t transformation modules depending on the type of the content.
The transformation phasecan be split into two steps: (i) conversion from non-
XML data, such as HTML, into XML by using user speci�ed transformation
tools and (ii) transformation of XML data to RDF via XSLTs and xsltproc5.
For a given URI we retrieve the content type, which has been added in the
detect phase,from the metadata store. Depending on the result of the query, we
executedi�eren t transformation modules on the content. Naturally , if the data
format is already RDF, we can skip the transforming step.

To transform non-XML data, we can call out to external services which
convert the data directly into XML or RDF. At the moment our support for non-
XML data consistsonly of cleaningup HTML using the tool Tidy 6 running asa
cgi-bin on a HTTP server, but various external servicesfor extracting metadata
from e.g. image or video �les can be easily plugged in.

To transform XML data, we usexsltproc with an XSLT from the �le system,
depending on the type identi�er of the page.We usean XSLT that transforms
RSS 2.0 and Atom to RDF7. We also developed an XSLT 8 which transforms
XHTML pagesinto an RDF representation based on RDFS, DC, and FOAF
vocabularies.In this stylesheetwe extract from a HTML document the following
information: title, email addresses,images,and relative and absolute links and
their anchor labels.

After the URI passessuccessfullyall transformation steps,we passit to next
step of the pipeline.

5 http://xmlsoft.org/XSLT/
6 http://tidy.sourceforge.net/
7 http://www.guha.com/rss2rdf/
8 http://sw.deri.org/2006/05/tr ansf orm/xhtml 2rdf .xsl



The worst casescenariowhen performing the transforming step is in dealing
with HTML documents, becausewe must �rst passthe content to Tidy and then
perform the XSLT transformation. Imagine a document of size N and a XSLT
stylesheetof sizeM. We assumeTidy takestime linear to the sizeof the content
O(N). The worst-casecomplexity for XPATH has shown to be O(N 4 � M 2) [5],
however, for a large fragment called Core XPath the complexity is O(N*M). Our
XHTML XSLT usesonly simple Core XPath queries, therefore the worst-case
complexity for the step is O(N*M).

Figure 4 shows the experimental results for the transformation component
utilizing the xhtml2rdf.xsl and rss2rdf.xsl stylesheets.Using 200threads as
in all other tests, the transformation performancedecreasedrapidly after around
13k pagesbecausethe machine wasassignedwith too many transformation tasks
and had to swap. Therefore we plotted only the �rst 60 minutes of running
time. We repeated the tests with only 50 threads to not overload the machine.
In the end, the transformation step yields 907Mbytes of XHTML resulting in
385Mbytes RDF/XML.
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Fig. 4. Experimental transformation performance using 50 and 200 threads.

3.4 Building Indexes

We summarize the index organization and building processhere. For a more
detailed description of the index organization we refer the interested reader to a
previous paper [6]. Pleaseobserve that we operate on an extension of the RDF
data model which includes the notion of context to store the provenanceof RDF
triples. Tracking provenanceis achieved by adding a fourth �eld and therefore
using quadruples.

The goal of the index structure is to support e�cien t evaluation of select-
project-join queries.The selectionoperation enablesthe retrieval of quads,given
any combination of subject, predicate,object, and context. To be able to perform



the quad retrieval with just oneindex lookup, the index organization usesa com-
plete index on quadswhich coversall 16 possibleaccesspatterns on quadruples.
Conceptually, we have (key, value) pairs stored in a B+ tree, which allows to
perform lookups { especially pre�x and range lookups { on keys.We alsousean
inverted index on string literals to allow to search the index via keyword-based
searches.

The index structure contains two setsof indexes:the Lexicon coversthe string
representation of the graph, and the Quad Index covers the quads. The Lexicon
maps valuesof resourcesand literals to objects identi�ers (OIDs) using two B+
tree indexes for node/OID mapping. In addition we employ an inverted index
for string literals. The quad index covers the triples of the graph plus context.
We useconcatenatedkeyson all combinations of subject, predicate, object, and
context and therefore are able to retrieve any combination with a single index
lookup without performing joins.

When the indexer receivesa quad for indexing, it �rst performs lookups for
each element of the quad in the Lexicon to either retrieve its OID or assigna
new OID. New OIDs are assignedmonotonically for each new quad element. In
casethe element is a string literal, we include the string literal in the inverted
index. Next, the keys for the quad are constructed based on the OIDs of the
individual elements of a quad. Given our index organization with concatenated
keys and pre�x lookups, we only needsix indexesto cover all 16 quad patterns
[6]. In total, given our index organization, there are 6 keysfor insertion into the
6 indexes.

The two indexes mapping from quad element values and back are imple-
mented in Berkeley DB JE9. Additionally , we store string literals in Apache
Lucene10 for textual search. The quad indexes are maintained in Berkeley DB
as well, with one index acting as the primary index and �v e secondaryindexes,
to implement a complete index on quadruples.

Since index construction is technically involved, we will describe the time
complexity in more detail. Let N be the sizeof the input in RDF/NTRIPLES,
NL the number of Lexicon entries, NK the number of words per Lexicon entry ,
M L the order of the Lexicon B trees, NT the number of quadruplesand M T the
order of the B+ tree with respect to the quads.First, the systemperforms OID
lookups/assignments in the Lexicon which is largely determined by the input
sizeof the data O(N � 4� 2� logM L NL ), next createsa text index in Luceneover
the newly added string literals which takesO(NL � NK ) time, and �nally adds
the quads into the respective B+ trees O(N � 6 � logM T NT ).

Figure 5 shows the experimental results for constructing the index on the
26906 pagesthat were transformed without errors resulting in 76.3MBytes of
data in RDF/NTRIPLES format (and a total of 571915triples).

9 http://www.sleepycat.com/prod ucts /bdbj e.ht ml
10 http://lucene.apache.org/
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Fig. 5. Performance for indexing the syntactically integrated dataset.

3.5 Extracting URIs

To feed the processingpipeline with new URIs we have to extract URIs from
the indexed content, which is done in the extracting module. The processcan
be divided into two steps. The �rst step is to extract URIs from the data and
the secondstep is to �lter the URIs to make sure only URIs matching speci�ed
criteria get processed.

To extract new URIs we executea query on the index for typical link predi-
catessuch as rdfs:seeAlso and rss:link . We are able to perform conjunctive
queries, which are evaluated by translating a N3QL11 query expression to a
relational algebra expressionto an executablequery plan.

If an extracted URI is to be added to the queue,we passthis URI through
the installed �lter. In this �lter we can restrict which URI should be sent to
the fetching module. If we want to crawl only a domain or a set of domains, we
can �lter the addition of URIs using regular expressions.Theseexpressionsare
stored in memory. It is also possibleto add new expressionsduring the runtime
to the �lter.

The main functionalit y for the link extraction phase is the processingof
(conjunctive) queriesutilizing the index. Let NL the number of Lexicon entries,
M L the order of the Lexicon B+ trees, NT the number of quadruples, M T the
order of the B tree with the quads,M the number of conjuncts in the query, and
R the result size. We �rst sort the conjuncts starting with the conjunct which
contains the least number of variables taking O(M logM ) time, then detect the
join conditions (similar to union-�nd) O(M lgM =2), translate the elements of the
quadsto OIDs which can be donein O(4 � M � logM L NL ), perform the selections
on the index and index nestedloops joins, O(logM T NT

M ), and �nally translate
the resulting OIDs to element values,which takesO(R � logM L NL ).

Figure 6 shows the experimental results for the extraction component. We
discussthe results of all phasesin the next section.

11 http://www.w3.org/DesignIssue s/N3QL.ht ml
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Fig. 6. Experimental link extraction performance.

4 Analysis and Tradeo�s

In the following we analyze the performance results for the �v e phasesof the
pipeline processand discusstwo questions: i) how to distribute the individual
phasesto remove potential bottlenecks and fully utilize the processingpower
of each machine and ii) how to run multiple pipelines in parallel to achieve a
throughput of the total system which can be calculated by: number of pipelines
* pipeline throughput.

Currently , the transform phaserepresents the bottleneck in the pipeline and
can only processa fraction of the pagesdelivered by the fetch and detect phase.
The random sampleof URIs are biasedtowards HTML data, which meansthat
during the transform phasealmost every pagehasto be processed.If we are able
to reduce the amount of HTML and XML sourcesand increasethe amount of
RDF sources,the transform phasehas to processlesspagesand as a result the
throughput (in terms of time per page) increases.However, given the fact that
the majorit y of content on the web is in HTML format, we have to distribute
the transform component to achieve acceptableperformance.

Assumingan architecture asdescribed in this paper, we candistribute phases
by just adding more machines. Pagesare assignedto nodes using a hash func-
tion. In initial experiments we observed that we can scaleup the fetch step by
a constant factor if we add more fetcher machines and all fetcher nodes take
URIs concurrently from the queue.The caseis a bit di�eren t for the transform
step; here, we employ one thread pool with individual threads which retrieve
a URI from the previous step in the pipeline and invoke Tidy and XSLT op-
erations on cgi-bins running on a web server. In other words, while the other
phasesemploy a pull model, inside the transform component tasks are pushed
to external processors.We chosethe push model becausethe abilit y to include
external transformation serviceswas a requirement.

Figure 7 shows the performanceresults where all stepsand external proces-
sors run on one node, where one node was used for the steps and two nodes



for external processors(1+2), and the casewherefour external processors(1+4)
wereused.Why wasthe scale-upnot constant in the number of machinesadded?
The reasonis that the hash function assignsthe pagesequally to the external
processors.In casea single pagetakesa very long time to process,the external
processornode cannot keepup with the assignedoperations and at somepoint
in time needsto swap, which leadsto a decreasein performance.
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Apart from the issuesdescribed for the transform steps, we claim all other
steps can be scaledby a constant factor (number of machines added) using a
hash function to distribute URIs to nodes since URIs in those phasescan be
processedindependently . Table 2 shows the throughput in pagesper secondfor
each phase,and a ratio that determineswhich fraction of the stream (assuming
that the fastest component determinesthe throughput) one node can process.

Phase Servers Pages/secRatio.

fetch 1 38 0.082
detect 1 460 1.0
transform 1 5 0.011
transform 1+2 13 0.028
transform 1+4 21 0.045
index 1 92 0.2
extract 1 260 0.565

Table 2. The number of servers and the achieved performance. Ratio is calculated
basedon the fasted phase (1 = 460 pages/sec).



To be able to scale up the system even further, we can just employ more
pipelinesand achieve a total throughput which can be calculated by multiplying
the number of pipelineswith the throughput achieved on onepipeline. The limit
is then only determinedby how many resources(Internet bandwidth and number
of machines) are available.

5 Related Work

There are two typesof related work to our framework: the �rst consist of large
scaleweb crawling and indexing systems,and the secondare systemsextracting
information from semistructured sources.

Crawler frameworks such as UbiCrawler [2] or Mercator [7] are focusedon
the performanceof the crawling step only. Google [3] handlesHTML and some
link structure. We focus lesson crawling but on detecting Semantic Web data,
the transformation of XHTML and XML to RDF and the indexing.

A few e�orts have beenundertaken to extract structured content from web
pages,but thesee�orts di�er considerably in scale.Fetch Technologies'wrapper
generation framework12 and Lixto [1] are examplesof commercially available in-
formation extraction tools. Lixto de�nes a full-
edged visual editor for creating
transformation programs in their own transformation language,whereaswe use
XSLT as transformation languageand focus on large-scaleprocessingof data.
Fetch (similarly [9]) combine wrapper generation and a virtual integration ap-
proach, whereaswe usea data warehousingapproach and thereforeneedscalable
index structures.

SemTag (Semantic Annotations with TAP) [4] perform mostly text analysis
on documents, albeit on a very large scale. In contrast, we extract structured
information from documents and XML sources,and combine the information
with RDF �les available on the web.

6 Conclusion

We have presented a distributed system for syntactically integrating a large
amount of web content. The steps involved are crawling the web pages,trans-
forming the content into a directed labelled graph, constructing an index over
the resulting graph, and extracting URIs that are fed back into the pipeline. We
have shown both theoretical complexity and experimental performance of the
�v e-steppipeline. We are currently working on performing a long-term continu-
ous crawl and testing the system on larger datasets.
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