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Abstract

XML documentsreinherentlyextremelyverbosesincethe“schema”is repeatedor every“record”
in the document. While a variety of compressorsire available to addresghis problem,they are not
designedo supportdirectqueryingof the compressedocumenta usefulfeaturefrom a databaseer
spectve. In thispaperwe proposeanew compressionool calledXG i nd, thatdirectly supportgqueries
in the compressedlomain. A specialfeatureof XGr i nd is thatthe compressedlocumentretainsthe
structureof the original document,permitting reuseof the standardXML techniquedor processing
the compressedocument.Performancevaluationover a variety of XML documentsanduserqueries
indicatesthat XGr i nd simultaneoushdeliversimproved query processingimesandreasonableom-

pressiorratios.

1 Introduction

In recentyears,the XML language[1], by virtue of its self-describingand textual nature,hasbecome
extremely popularasa mediumof dataexchangeandstorage especiallyon the Internet. To supportthis
functionality XML resortsto, in databas¢erms,storingthe “schema’with eachandevery “record” in the
document. This is in marked contrastto the traditional databasepproachof storingthe meta-dateonce
for the whole database.A consequencef XML's repeating-schemaharacteristids that documentsare
extremelyverboseascomparedo theirintrinsicinformationcontent.Thesizeincreases estimatedo beas

muchas400percen{10]!
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gzi p [6], andtherebyreducethe size of the document. An alternatve approachis to designan XML-

specificcompressor This approachwas usedin the XM | | tool, proposedrecently by Liefke and Su-
ciu[12]. XM | | achiazescompressiomatiostypically in excessof 80 percenionlarge XML documentdy
groupingsemanticallyrelateddataitemsinto “containers”andcompressingachcontainerseparatelyvith a
specializeccompressothatis idealfor thatcontainer(optional),followedby agzi p onthatcontainer For
example,themeta-datdin theform of XML tagsandattributes)andthe data(elemeniandattribute values)
arecompressedeparatelyA performancestudy[12, 13] shaved XM | | to consistentlyprovide improved
compressiomatiosascomparedo gzi p.

SinceXM | | is designedo minimize the sizeof the equivalentcompresseML, it is attractve in
termsof reducingnetwork bandwidthrequirementdor transmissiorof XML documentsand disk space
requirementsor storageof XML documentsHowever, its compressiomapproachs notintendedor directly
supportingqueryingor updatingof the compressedlocument.In fact, accomplishingsuchoperationson
XMill-compresseddocumentsvould typically entaila completedecompessionof thefile.!

The ability to performdirect queryingis importantfor a variety of applications,especiallyfor those
hostedon resource-limiteccomputingdevices suchas Palm-Tops. For example,considera vendorwho
travels aroundwith a detailedlist of her customersaandorders,in compresseXML format, on her PDA.
Shecould be reasonablyexpectedto frequently query this databasen orderto check customercontact
information, order status,delivery schedulesegtc., aswell as enterinformation aboutnen customersor
orders statusupdatesetc. If shewould needto decompresghe entiredocumengevery time shewantedan
answeror neededo make anupdate,it could be quite time-consumingandtiresome.Worse,it may even
turn out to beimpossibleto performthe decompressiosinceher device may run out of spaceto hold the
uncompressedocument!

At theotherextremeof theresourcespectrumdatawarehousestoringXML documentsnayfind that,
evenif decompressingvere available for freg directly supportingdata-intensie decisionsupportqueries
on the compressedlatamay resultin a significantimprovementin queryresponsdimes ascomparedo
qgueryingthe uncompressesersion. This is becausecompressionas highlightedin [23, 28, 29, 31, 33,
provides mary otherbenefitsapartfrom the obvious utility of reducedspace:disk seektimesarereduced
sincethe compressedatafits into a smallerphysicaldisk area;disk bandwidthis effectively increasediue
to theincreasednformationdensityof thetransferredlata;and,the memorybuffer hit ratioincreasesince

alargerfraction of thedocumennow fits in the buffer pool.

!SinceXMill compressem “chunks” of 8MB size,in principleit is possibleto separatelydecompresandqueryeachchunk—

however, therearesignificantdesignandimplementatiorcompleities involvedin this processasmentionedn [12].



Basedon the abore obserations, we proposein this papera nev compressiortool called XGrind, that
directly supportqueriesin the compressedlomain. Thatis, insteadof compressingt the granularityof
the entiredocumentjt compresseat the granularityof individual element/attribte valuesusinga context-
free compressiorschemebasedon Huffman encoding[7]. This meansthat exact-matt and prefix-matt
userqueriescanbe entirely executeddirectly on the compressedocumentwith decompressiorestricted
to only the final resultsprovided to the user? Further range or partial-matd queriesrequire on-the-fly
decompressionf only thoseelement/attribte valuesthat featurein the query predicatesnot the entire
document.

A novel and especiallyuseful featureof XGri nd is thatit retainsthe structue of the original XML
documentn thecompressedocumenglso. This meanghatthe compressedocumentanbe parsedising
exactlythesametechniqueshatareusedfor parsingtheoriginal XML documentA relatedmajorbenefitis
that XML indexes[37] canbe createdon thecompressedocumentFurther updateso the XML document
canbe directly executedon the compressedersion. Lastly, a compressedlocumentcan be checled for
validity againsthecompressesersionof its DTD. We expectthatthesepropertiesvould beof considerable
utility in practicalsettings,especiallythosehostinglarge numberof XML documentsFor example,major
repositorie®f genomicdatasuchasthe EuropearBioinformaticsinstitute(EBI) [39], allow registeredusers
to uploadnew geneticinformationto their archives. It would be extremelyusefulif suchinformationcould
becompressetly theuserandthenuploadedchecledfor validity, andintegratedwith theexistingarchies,
all operationdakingplacecompletelyin the compressedomain.

Another featureof XGri nd is that, for XML documentsadheringto a DTD, it attemptsto utilize
the informationin the DTD to enhancehe compressiorratio. For example, attribute valuesthat are of

enumerated-typarerecognizedrom the DTD andareencodedlifferently from otherattribute values.

1.2 Performance Results

We have conducteda detailedperformanceevaluationof XG i nd over a representate setof real and
syntheticXML documentsjncluding somegeneratedaccordingto the recentlyannounced{ML bench-
mark[36]. Our studyconsidersa variety of metricsincludingthe compressiomatio, the compressionime,
andthe query processingimes. Since,to our knowvledge, theredo not exist arny prior queryableXML
compressorsye have attemptedo placethe XGr i nd performanceaesultsin perspectie by comparingit

againstthe following yardsticks:(a) XM | | , with regardto the compressiomatio and compressiorime

2Notethatthis decompressiors the minimumwhich will have to be performedby ary compressiorscheme.



with regardto the queryprocessingime metric.

Our experimentalresultsindicatethat XGr i nd providesa reasonablygoodcompressiomatio — on the
average aboutthree-quarterghatof XM | | , andalwaysat leasttwo-thirdsthatachieredby XM | | . Fur
ther, the compressioriime is alwayswithin afactorof two of thatof XM | | . Thesenumbersareespecially
encouraginggiven thatwe are (a) using element/attribte-gandarity compressionratherthandocument-
granularitycompression(b) usinga simple charactebasedHuffman/Arithmeticencodingschemerather
than a pattern-base@pproach,and (c) making two passever the original XML documentto provide
contet-free compression.

We hasterto mentionthattheinitial passof gatheringthe statisticsfor context-free compressiorcould
be optimizedby samplingin caseof hugeXML documentsThis would maiginally reducethe compression
ratiosandreducethecompressiotimesconsiderablyTheimplementatiordetailsof thesamplingpassneed
to beworked out.

Further notethatwhile compressioris a “one-time” operation queryingwould probablybe a repeated
occurrence-thereforearny overheadsn documentompressiotime would quickly beamortizedoverlarge
querysequences.

On the query processingront, X& i nd provides substantiallyimproved query processingimes as
comparedo Nat i ve for a variety of commonXML-QL [2] queries. For example,for an exact-match
predicateon a key field, XGr i nd doesbetterby a factorof three,on average. Similarly, even for range
queriesvhereasignificantportionof thedocumentvould necessarilppedecompresseG i nd’sresponse
timeis abouthalf thatof Nat i ve, onaverage.

In summary we presentherea nev compressiortool for XML documentghat is “query-friendly”,
makingit practicalto simultaneoushachie/e both reasonableompressiorand good query performance.

To thebestof our knowledge,thisis thefirst quantitatve work on queryableXML compression.

1.3 Organization

Theremainderof this paperis organizedasfollows: Backgroundmaterialon compressionechniquesand
theXM I | compressois providedin Section2. Thearchitecturabesignandimplementatiordetailsof our
new X& i nd compressoarepresentedn Section3. The performancenodelandthe experimentakesults
arehighlightedin Sections4 and5, respectiely. Section6 presentghe resultsof the XG- i nd tool using
the Arithmetic-Compressomoduleasagainsthe Huffman-Compressamoduleusedfor the resultsshavn
in Section5. Relatedwork on XML compressioris overvieved in Section?7. Finally, in Section8, we

summarizehe conclusionf our studyandoutlinefuture avenuego explore.



In this sectionwe overvien backgroundnaterialon compressiotechniquesandalsothe XM | | compres-
sor. We restrictour attentionto losslessompressiotiechniquesn this papersincewe expectthatfor XML
documentdatabasesyhich storemainly textual andnumericdata,only suchtechniquesanbe used.

Most losslesslatacompressioriechniquesairebasedon oneof two models:statistical or pattern.? In
statisticalmodeling,eachdistinct character of the input datais encodedwith the codeassignmenbeing
basedon the probability of the charactes appearancen the data. In contrast pattern-basedompression
schemesecognizeduplicatestringsin theinput data,andtheseduplicatesarereplaceckitherby pointersto
thefirst appearancef the string,or by anindex into a dictionarythatmapsstringsto codes.

Yetanothedimensiorof losslessompressiomlgorithmss thatthey maybeadaptive or non-adaptive.
In adaptve schemeso prior knovledgeabouttheinput datais assumed@ndstatisticsaredynamicallygath-
eredandupdatedduringthe encodingphasdtself. Onthe otherhand,non-adaptie schemesreessentially
“two-pass’over the input data: during the first pass,statisticsare gatheredandin the secondpass,these
valuesareusedfor encoding.

Most of the popularcompressiontechniquesare basedon one of the following algorithms: Huffman,
Arithmetic, LZ77 or LZ78. The Huffman codingand Arithmetic codingtechniquesmplementthe sta-
tistical model,while LZ77 and LZ78 are pattern-basedFor Huffman and Arithmetic, both adaptve and
non-adaptie flavors areavailable,whereasoththe LZ encodersaireadaptve. We describethe Huffman,

Arithmetic,andLZ77 techniquedere.

2.1 Huffman Coding

In Huffmancoding[7], themostfrequentcharactern theinputdataareassigneghortercodesandtheless
frequentcharactersreassignedongercodes.Thelongercodesareconstructeguchthatthe shortercodes
do not appearasprefixes(alsoknown asprefix-freeencoding).In particular a treeis constructedvith the
charactersf theinputalphabeftorming theleavesof thetree. Thelinks in thetreearelabeledwith either0
or 1 andthe codefor a characteis the label sequencéhatis obtainedby traversingthe pathfrom theroot
to theleaf nodecorrespondingo thatcharactein the Huffmantree.

As mentionecearlier bothadaptve andnon-adaptie versionsof Huffmancodingexist. In non-adaptie
Huffman coding,the Huffman treeis completelybuilt beforeencodingstarts,usingthe known frequeng
distribution of the charactersn the datato be compressed.The tree remainsunchangedor the entire

durationof the encodingprocess.The decodelbuilds the sametree usingthe saved frequeng distribution

3An exceptionis the classicaRun-lengthencodingschemevhich simply recognizesuccessie repetitionsof characters.



with a Huffmantreethatis built usinganassumedrequeng distribution of the charactersn theinputdata.
A commonpracticeis to assumehatall charactersare equallylikely to occur As the encodingprocess
proceedsand more datais scannedthe Huffman treeis modified basedon the dataseenup to that point.
Therefore,the Huffman tree changesdynamicallyduring the encodingphaseand the samecharactercan

have differentcodesdependingnits positionin the databeingcompresse@unlike non-adaptie Huffman).

2.2 Arithmetic Coding

A limitation of Huffman codingis that eachcharactelis encodednto an integral numberof bits. This
meanghatthe codesmay oftenbelongerthanthatstrictly requiredfor the character For example,a char
acterwith probability of occurrenced.9 canbe codedminimally in 0.135bits (from information-theoret
consideration$), but requiresl full bit in this scheme.

Arithmetic codingattemptgo addressheabove shortcomingof Huffmancoding.Here,thecompressed
versionof the input datais representedby the interval betweentwo real numbersof arbitrary precision,
(z,y), where0 < z < y < 1. At thestart,therangeis initialized to the entireintenval [0,1), andthis range
is progressiely refined. During the encodingprocess,eachcharacteris assignedan intenal within the
currentrange thewidth of theinterval beingproportionalto the probability of occurrencef thatcharacter
Therangeis thennarraved to that portion of the currentrangewhich is allocatedto this character So, as
encodingproceedaindmoredatais scannedthe intenval neededo representhe databecomesmallerand
smaller andthe numberof bits neededo specifythe intenal gronvs. The morelikely characterseducethe
rangdessthantheunlikely characterandhenceaddfewer bitsto thecompressedata. Theimplementation
detailsof this schemeaaregivenin [8, 26].

Arithmetic coding also hasadaptve and non-adaptie versions,in exactly the samemanneras that

describedpreviously for Huffmancoding.

2.3 LZ77Coding

The LZ77 coding[9] is usedin popularcompressionoolssuchasgzi p. Here,theinput datais scanned
sequentiallyandthelongestrecaynizedinputstring (thatis, a stringwhich alreadyexistsin the stringtable)
is parsedoff eachtime. The recognizedstring is thenreplacedby its associatedode. Eachparsednput
string, whenextendedby its next input charactergives a string thatis not yet presentin the string table.

This new stringis addedto the stringtableandis assigned uniquecodevalue. In this mannerthe string

4Informationcontentof a characteis its entopy= —p.logap., Wherep, is the probability of its occurrence.



the samestringtableasthe encodemndconstructst incrementallyin a similar manner

24 TheXMill Compressor

The XM | | [12, 13] compressorepresentsasmentionedn the Introduction,the state-of-the-arin XML
compressionln XMill' sdocumenimodel,eachXML documenis composeaf threekindsof tokens:tags,
attributes,anddatavalues.Thesetokensareorganizedasatree,with internalnodesbeinglabeledwith tags
or attributes,andleaveslabeledwith datavalues. The pathto a datavalueis the sequencef tags, (and,
possiblyoneattribute) from theroot to the datavaluenode.

For theabove kind of documentsXM | | operatesn thefollowing manner:First, meta-datan theform
of XML tagsandattributesis compressedeparatelffrom the data,whichis the setof stringsformedfrom
elementcontentand attribute values. Second,semanticallyrelateddataitems are groupedinto “contain-
ers”. For example,all <name> dataitemsform onecontainerwhile all <phone > itemsform a second
container This is anextensionto the semi-structuredlomainof the notion of column-wiseor domain-wise
compressiorthatis well-known in relationalDBMS (seee.q.[3], 34]). The motivation for suchsemantic
groupingis thatdatabelongingto the samegroupwill usuallyhave similar characteristicand canthere-
fore be compressetbetterthandatasequencethathave only syntacticproximity. Third, eachcontaineris
compressedeparatelywith a specializedcompressothatis ideal for that container For example,a delta
(difference)compressomay be usedfor a containerhostingintegersthattypically have moderatechanges
from onevalueto the next, while a run-lengthencodemay be usedfor domainswith a very limited setof
values(e.g.,"Male” or“Female”for agenderlement) Finally, theoutputsof all containersareindividually
compressedsinggzi p, whichasmentionedabove, is baseconLZ77, andtheresultsareconcatenatethto
asingleXML file.

To implementtheabove controlflow, the XML documents parseddy a hand-crafteBAX (SimpleAPI
for XML) parser[35] that sendsa streamof tokensto a path processqrwhich assignseachtokento an
appropriatecontainerandcontainersarethencompressethdependentlyvith their associatedompression
mechanism.

A performancestudy over a wide variety of XML documentshaved XM | | to consistentlyprovide
improved compressiomatiosascomparedo usingplaingzi p, sincegzi p treatsthe entirefile asa con-

tinuousstreamof bytesanddoesnot associata@ry semanticsith the contents.



In this section,we first describethe designfeaturesof our new XML compressorXG i nd, which are
intendedto ensureboth good query performanceand reasonableompressiorratios. We then presentits

architecturabndimplementatiordetails.

3.1 Compression Techniques

XG i nd useddifferenttechniquegor compressingneta-datagcnumerated-typattribute values,and(gen-

eral) element/attribte values respectiely. Thesetechniquesredescribedelow:

3.1.1 Meta-Data Compression

XG i nd follows the XM | | compressiorapproachof separatingstructurefrom content. The methodto
encodemeta-datas similarto thatin XM | | , andis asfollows: Eachstart-tagof anelementis encodedy
a‘T’ followed by its uniqueelement-id.Eachend-tagis encodedoy a‘/ ’. Eachattribute nameis encoded

by thecharactet A’ followed by its uniqueattribute-id.

3.1.2 Enumerated-type Attribute Value Compression

Enumerated-typattribute valuesarea commonoccurencen XML documentsFor example,the statesof
a country or the setof departmentsn a compan, or the setof zipcodes,areall instancesf frequently
occuringenumerated-typattribute values. This knowledgeis often capturedn the DTD itself. XGri nd
identifiessuchenumerated-typattributesby examiningthe DTD of thedocumentandencodesheir values

usingasimplelog, K encodingschemeo represenanenumeratediomainof K values.

3.1.3 General Element and Attribute Value Compression

While the abore schemesaterto meta-datandenumerated-typattribute values,we now move onto the
compressionechniqueor generaklementandattribute values,which typically form the bulk of the XML
document.

GivenXGr i nd’sgoalof efficiently queryingcompresseXML documentsa context-freecompression
schemas required.Thatis, a compressiorschemen which the codeassignedo a stringin the document,
is independentf its point of occurrencen the document.This featureallows us, givenanarbitrarystring,
to locateoccurrencesf thatstringin the compressedocumentirectly, without decompressing. Thisis
doneby first compressinghe querystring (expresseasa pathexpressionandsearchingor occurrencesf

its correspondingncodedsequencén thecompressedocument.



to a dataitem is dependenbn the entire contentsof the documentprior to the occurenceof the dataitem.
Thatis, only with acompletedecompressionf the prior contentss it possibleto decodea givensequence.
Ontheotherhand,contet-free codingof stringsis possiblewith thenon-adaptiveversionsof compression
algorithmslike Huffman coding and Arithmetic coding. To supportthe non-adaptie feature,two passes
have to be madeover theinput XML documentasdiscussedn the previous section:thefirst to collectthe
statisticsandthe secondo do theactualencoding.

In principle, we could usea singlecharacteffrequeng distribution for the entiredocument.However,
in X& i nd, we computea sepaate frequeng distribution table for ead elementand non-enumerated
attribute. Themotivationfor this approachs thatdatabelongingto the sameelement/attribte is usuallyse-
manticallyrelatedandis expectedo have similar distribution. For example datasuchastelephonenumbers
or zipcodeswill becomposedxclusively of digits. Therefore the characteristicef eachelement/attribte
are reflectedmore accuratelyand the smoothingout of the peculiaritiesof a particularelement/attribte
(which mayhapperin the caseof a singledocument-widdrequengy distribution) is prevented.?

Sincewe expectthatquerieswill typically have predicateselatedto element/attribte values,we com-
pressatthelevel of individual element/attribte values.This is doneduringthe secondhassusingthe setof
frequeng tablesgeneratedluringthefirst pass.

With theabove schemegueriescanbe carriedout over the compressedocumentwithout fully decom-
pressingit. To be more precise,exact-matt and prefix-matt userqueriescanbe completelycarriedout
directly on the compressedlocumentwhile range or partial-matd queriesrequireon-the-flydecompres-

sionof only the element/attribte valuesthatarepartof the querypredicates.

3.2 Homomor phic Compression

The mostnovel featureof the XGr i nd compressois that its output, like its input, is semi-structugd in
nature. In fact, the outputcompressediocumentcan be viewed asthe original XML documentwith its
tagsandelement/attribte valuesreplacedby their correspondingencodings.The advantageof doingsois
thatthe variety of efficient techniquesvailablefor parsing/queryindKML documentsanalsobe usedto
processhe compesseddocument Second,indexes suchasthoseproposedn [37], cannow be built on
the compressediocumentin similar mannerto thosebuilt on regular XML documents.Third, updatesto
the XML documentcanbe directly executedon the compressedersion. Finally, a compressedocument
canbe checled for validity againstthe compressedersionof its DTD, without having to resortto ary

decompressiorgsshavn by thefollowing property

5This s similarto collectingcolumnor domainstatisticsfor compressioin anRDBMS [34].



the XGrind encodingschemefor the meta-dataand enumeated-typeattribute values. Let hx (D) denote
thecompessedTD and hy(X) denotethe compessedXML document.Thefollowing propertyis a con-

sequencefthe“context freeness’of the compessionschemeandthe semi-structued nature of the output.
X isvalid for D < hx(X) isvalid for hx (D).

In otherwords,the XGr i nd compressediocuments valid with respectto its associatedompressed
DTD. The proof for this follows from the closureof regularlanguagesnd context-free languagesunder

homomorphismandunderinversehomomorphismg§11].

3.3 System Architecture

The architectureof the XGr i nd compressorlongwith the informationflows is shavn in Figurel. The
XGrind kernel moduleis the heartof the compressorlt startsoff by invoking the DTD Parser, which
parsesheDTD of theinput XML documentinitializesfrequencyablesfor ead elemenbrnon-enumerated
attribute,andpopulatesasymbokablefor attributeshaving enumerated-typealues.Thekerneltheninvokes
the XML Parser, which scanghe XML documentandpopulateshe setof frequeng tableswhich contain
statistics(in the form of frequenciesof characteroccurrencesjor eachelementand non-enumeratedt-
tribute. The kerneltheninvokesthe XML Parserfor a secondtime to constructa tokenizedform — tag,
attribute, or datavalue— of the XML document.Thetokensaresuppliedin streamingashionto the kernel

which calls,for eachtokenbasednits type,oneof thefollowing encoders:

Enum-encoder module if thetokentypeis meta-dataor an enumerated-typdataitem. Eachstart-tagof
anelements encodedoy a“‘T’ followed by its uniqueelement-id.Eachend-tagis encodediy a‘/ .
Eachattribute nameis encodedy thecharactetA’ followed by its uniqueattribute-id. As mentioned
earlier this coding schemds similar to thatusedby XM | | . Enumerated-typattribute valuesare

codedusingthe symboltableinformation.

Huffman-Compressor module 6

for non-enumeratedataitems. This moduleimplementshe non-adaptie Huffman codingcompres-
sion scheme.It encodesachelement/attribte valuewith the help of its associatedHuffman tree,
which is constructedrom the assoiciatedrequeny tables. The last byte of the encodedsequence

is paddedwith* 0’ s (' bi t s), andescapedothatthe compressekML documenicanbe parsed

5We alsohave the Aritchmetic-Compressamodulethatimplementsthe non-adaptie Arithmetic codingcompressiorscheme.

We do not mentionthe Arithmetic-Compressadetailsin thetext to avoid repetition.
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<I'- student.xnm -->
<STUDENT rollno = "604100418" >
<NAME>Pankaj Tol ani </ NAVE>
<YEAR>2000</ YEAR>
<PROG>M E</ PROG>
<DEPT nane = " Conputer _Sci ence_and_Aut omati on"/>

</ STUDENT>

Figure2: An XML fragment of the Student database

without ambiguity Escapings donesothatthe demilterdoesnot appeaiin the compressetkxt and

henceit canbe extractedanddecompressedithout ambiguity

The compresseautputof the abosre encodersalongwith the variousfrequeng andsymboltables,is
calledtheCompessednternal Repesentatior{CIR) of thecompressoandis fedto the XM L -Gen module,
which corvertsthe CIR into a semi-structuredompresse®ML document.This corversionis doneonthe

fly duringthe secondpasswhile thedocumenis beingcompressed.

3.4 Compression Example

We now demonstratégheworking of XGr i nd with anexample.Considelan XML documenfragmentalong
with its DTD asshawvn in Figures2 and 3, respectiely. Thedocumentepresents studentdatabasevith
five elements STUDENT, NAVE, YEAR, PROGandDEPT. The STUDENT elementhasar ol | no attribute,
while DEPT hasanane attribute of enumerated-type.

For the abore documentthe XGrind Kernelmoduleinvokesthe DTD Parsermoduleto examinethe
DTD for enumerated-typattributesandstoregheirvaluesin its symboltable. It alsoinitializesthefrequngy
tablesfor the elementsand non-enumeratetlype attibutesin the XML document. In our example, the
attribute name alongwith its list of valuesis insertedin the symboltable. The XGrind Kernelmodule
next callsthe XML Parsemwhich scangheinput XML documenandcollectsthe statisticsfor eachelement
and attribute type. A secondscanof the input XML documentis nov madeand a streamof tokensis
returnedto the kernel during this pass. Dependingon the type of the token, the appropriatecompressor
for it is called. Thatis, for all the tags,attributes,andenumerated-typattribute values,the Enum-encoder

moduleis invoked, while the Huffman-Compressomoduleis invoked for the restof the dataitems. The

"The underscorein the enumeratedialuesin Figure3 arenecessangsthe currentXML standard1] doesnot allow white

spaceasavalid charactein anenumeratedtring.
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<I'- DID for the Student database -->

<! ELEMENT STUDENT ( NAME, YEAR, PROG DEPT) >

<I ATTLI ST STUDENT rol I no CDATA {REQUI RED>

<! ELEVMENT NAME ( jPCDATA) >

<! ELEMENT YEAR ( {PCDATA) >

<! ELEMENT PROG ( {PCDATA) >

<! ELEMENT DEPT EMPTY>

<I ATTLI ST DEPT nane (Conputer _Sci ence_and_Aut omati on
| Electrical Comuni cati on_Engi neering

| Electrical Engineering

| Super conput er Educati on_And_Research Centre)

Figure3: DTD for the Student database

TO AO nahuf(604100418)
T1 nahuf( Pankaj Tol ani) /
T2 nahuf(2000) /
T3 nahuf(M E) /

w N

T4 Al enunf Conput er _Sci ence_and_Aut onation) /

Figure4: Abstract view of the compressed XML document

outputof this togetherwith all the meta-tablegthatis, the symboltable alongwith the frequeng tables
containingthe statistics)formsthe CIR. This is givenasinput to the XML-Gen modulewhich outputsthe
final semi-structuredompressedocumentAn abstractiew of the outputcompressedocumenis shavn
in Figure4.

Here,the tag STUDENT is encodedasTO, NAME asT1, YEAR asT2, PROGasT3 andDEPT asT4.
All endtagsareencodedas’/’. Theattributesr ol | no andnane areencodedasAO andAl, respectrely.
nahuf( s) denotegheoutputof theHuffman-Compressanodulefor aninputdatavalues, while enung s)

denotegheoutputof the Enum-encodemodulefor aninputdatavalues, whichis anenumeratedittribute.
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of validity with respecto thecompresse®TD.

3.5 Query Processing

Thecompressed-domagueryprocessingengineconsistof alexical analyzerthatemitstokensfor encoded
tags,attributes,anddatavalues,anda parser built ontop of this lexical analyzethatdoesthe matchingand
dumpingof thematchedrecords”(whichin the XML world, would be semi-structuredreefragments) As
all thetokensarebyte-alignedthe lexical analyzerthattokenizesthe CIR is ableto operateon a byte-by-
bytebasis.This meanso bit-by-bit operationsarenecessaryconsiderablyspeedingip thelexical analysis.
The parserwhich makesa depth-first-searclraversalof the XML documentmaintainsinformationabout
its currentlocation(path)in the XML documentndthe contentf thesetof XML nodeshatit is currently

processing.

e For exact-matchor prefix-matchqueriesthe querypathandthe querypredicateareconvertedto the
compressed-domaiguialent. At the time of parsingthe compressed-domagruvalent,whenthe
currentpathmatcheshe querypath,andthe compressedatavalue matchesghe compressedjuery
predicatethe parsemutputsthe matchedecordandhalts. Note thatthe compressed-domajattern-
matchis alsoa byte-by-bytecomparisonandnot a bit-by-bit pattern-matchwhich would be highly
inefficient. In fact, the matchingrequiresmuchlesswork in the compressedomain,asthe number

of bytesaremuchfewer in thecompressedersion.

e For rangeor partial-matchqueries,only the query pathis compressedAt the time of parsingthe
compressed-domaiequivalent, whenthe currentpath matcheghe querypath, the datavalueis de-
compresse@dndusedfor evaluatingthe match. This decompressiors requiredsincecompression
schemewe useis not“order preserving’(i.e. giventwo stringss; , se andtheirrespecite codewords
c1, ¢, thensy > s9 A ¢1 > ¢2). Only therecordswhoseelement/attribte valuesfall in therangeare

fully decompresseandreturnedo theuser

3.6 Implementation

We have implementedhe XGr i nd toolin C++. The SAX API [35] XML Parserprovidedin [14] wasused
for implementinghe XML Parsemodule while Lex andYaccwereusedfor implementingheDTD Parser
module.We wrote our own non-adaptie Huffman-Compressamodule andparsetfor the semi-structured

compresseXML documeniagain,usingLex andYacc).

14



In this section,we describeour experimentalsetupto evaluateXG i nd. We evaluatedXGr i nd on a
representate setof realandsyntheticXML documentsincluding onegenerate@ccordingto therecently
announcedXML benchmarl36]. Since,to our knowledge,theredo not exist any prior queryableXML
compressorsye have attemptedo placethe XGr i nd performanceesultsin perspectie by comparingit
againstthe following yardsticks:(a) XM | | , with regardto the compressiomatio and compressiorime
metrics,and(b) Nat i ve, a parsemwhich directly operatesn the original uncompresseXML document,
with regardto the query processingime metric. Our experimentswere conductedon a PIIl, 700 MHz

machine runningLinux (TurboLinux6.0),with 64 MB mainmemoryand18 GB local IDE disk.

4.1 XML Documents

XML document Size Records | Scaleup | Depth | Elems | Attrs | Enums
xmlbenchmark | 1.119GB 1 1 8 77 16 0
conferences | 382MB 1.04M 10 3 25 5 0
journals 294MB 0.76M 11 3 15 2 0
shalespeare 161MB 740 22 6 22 0 0
Xpress 361MB 0.70M 1 4 24 0 0
studentl 960MB 5M 1 3 6 2 1
student4 1.375GB 5M 1 3 7 5 4

Tablel: Statistics of the data sets

Thedetailsof the XML documentsonsideredn our studyaresummarizedn Tablel. Thesi ze field
refersto the total disk spaceoccupiedby the documentither ecor ds field indicatesthe numberof top-
level recordsin thedocumentthe scal eup field indicatesthe numberof timesthe original file hasbeen
concatenatedthe dept h field indicatesthe maximumlevel of nesting;theel ens, attrs andenuns
fieldsindicatethe numberof elementsattributesandenumerated-attrilies respectiely, in thedocument.

TheXML documentsisedn our studycover avarietyof sizesdocumentharacteristicandapplication

domainsandarelistedbelow:

xmlbenchmark: This documentwvasgeneratedisingthe recentlyannouncedKML benchmarkdatagen-
erator xm gen [36]. It is deeply-nestedndhasa large numberof elementsandattributes. Here,

elementvaluesareoftenlong textual passages.
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archive [40]. SinceDTDs are not available for thesedocumentswe createdthe DTDs ourseles.
However, we hastento addthat this is not strictly requiredsincethe XGr i nd tool works without a
DTD also—the only impactis thatthe compressiortimeswill increasemaiginally, becausewithout
the DTD, internalfrequeng statisticshashtableswill have to be createdon-the-flyduringtheinitial

passasthe XML documenis beingparsed.

shakespeare: Thisdocuments thepublicly availableXML versionof theplaysof Shalespearg41]. Here,

elementvaluesareoftenlong textual passages.

xpress. Thisdocuments obtainedrom thepublicly availableHamRadiodatabasef theUS Governments
FederalCommunication€ommissior{42]. Thisreal datasethasthe highestpercentagef meta-data

content(70%)amongsthe setof XML documentsve considethere.

studentl: This is a syntheticallygeneratedXML documentthat representsa databaseof studentinfor-
mation. The DTD for this documenthasone attribute — name(of the department)- which is an
enumeratedype. The studentnameganelementin this XML documenwith PCDATA content)are
generatedy concatenatingvords from the ispell spellcheckr dictionary and are not just random

text.

student4: Thisis alsoa syntheticallygeneratecKML documentsimilar to studentl exceptthatthe DTD

hasfour enumeratedttributes— year(of registration),name(of thecourse) name(of thedepartment),

andname(of theprevious school).

Thereasorthatwe have scaledup (by concatenationomeof the above documentss to ensurehatour
resultsscaleto the large XML documentghatareexpectedio be commonplacen the future, especiallyin
the bio-informaticsdomain. We hastento addthat we alsoran our experimentson the original(unscaled)
versionof thesedocumentsandtheresultsareconsistentvith thosepresentedhere. Thereforethescale-up
doesnot prejudiceour numbersn aryway.

Samplefragmentof the XML documentareshavn in theappendix.

4.2 Performance Metrics

Compression Metrics:
Onthecompressioside,we compareXG i nd’scompessiorratiosandcompessiontimeswith that

of XM I | . Thesemetricsarelistedbelow:
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sizeof (original file)
Compression Ratio Factor (CRF) : This representshe compressiomatio of XGr i nd normalized

tothatof XM | | andis definedasCRF — C1eXGrind.
CRxwrin

Compression Time (CT) : Thisis thetime takento compresghe XML file.
Compression Time Factor (CTF) : Thisrepresentthecompressiotime of XGr i nd normalizedo

thatof XM | | andis definedasCTF — CLXGrind.
CTx wmin

Query Metrics:
Onthequeryside,we compareXG i nd’s queryresponseimeswith thatof Nat i ve. Thecompari-

sonmetricsarelisted below:

Query Response Time (QRT) : Thisis total time requiredto executea userquery(in seconds).

Query Speedup Factor (QSF) : This representsthe query responsetime speedupobtained by

XG i nd normalizedto thatof Nat i ve andis definedas@QSF = M
QRTxGrind

4.3 XML Queries

For evaluatingqueryresponsegimes,we usearepresentate subsefrom the“TenEssentiaKML queries”
describedn [3]. Thesequeriesaredescribedelown, andarepresentedisingthe XML-QL querylanguage

constructg3].

Exact-match queries: A sampleexact-matchqueryis shovn in Figure5. This queryextractsthe nameof
the studentwhoseroll number(which is a “key” value)equals123456789.We evaluatedthe query
performancedor randomlypositionedrecordsover the entire documentand presentthe resultshere
for theaveragecase.For thesequeriesthe parseraisedin X& i nd andNat i ve wereinstrumented

to stopwhenthedesiredpatternwasfound.

Rangequeries: A samplerangequeryis shavn in Figure 6, which extractsall studentsvhosedate of
joining is betweerthe years1998and2001. We evaluatea wide rangeof queryselectvities in our

experiments.

Delete queries: This querydeletesthe recordof the studentwhoseroll number(which is a “key” value)
equalsl23456789Again, we evaluatedthe queryperformancdor randomlypositionedrecordsover

theentiredocumentindpresentheresultsherefor the averagecase.
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CONSTRUCT <student roll no=$r> {
VWHERE
<student rollno=123456789>
<nanme>$n</ name>
<year >$y</ year >
<dept nane=%$d>
</student> I N "student.xm",
CONSTRUCT <nane>$n</ nanme>

} </ student>

Figure5: XML-QL exact-match query

CONSTRUCT <student roll no=$r> {
WHERE
<student roll no=$r>
<nanme>$n</ name>
<year >$y</ year >
<dept nane=%$d>
</student> IN "student.xm",
$y > 1998 and $y < 2001
CONSTRUCT <nane>$n</ name>

} </ student >

Figure6: XML-QL range query

5 Reaults

In this section,we presentthe resultsfor the datasetsand queriesdescribedn the previous section. We
presentthe resultsfor the compressiormetricsfirst, followed by the query metrics. The resultsshavn
herearefor the Huffman-Compressamodule. We club the resultsfor the Arithmetic-Compressomodule
in Section6 to avoid confusion. Also theseperformancenumbersare not of muchinterest,asthe query

responsgimesaremuchhigherfor the maiginalimprovementsn compressiomumbers.
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Document CRxGrind | CRxMmin | CRF
xmlbenchmark 55.03 70.95 0.78
conferences 57.44 84.61 0.68
journals 57.85 85.59 0.68
shalespeare 54.96 74.12 0.74
Xpress 76.85 93.54 0.82
studentl 77.13 91.74 0.84
student4 82.12 93.87 0.87
Average 0.77

Table2: Comparison of compression ratios

5.1 Compression Metrics
511 Compression Ratio

The compressiomratios (CRs) for XGri nd and XM | | and the associateccompressiorratio factors
(CRF's) for the seven XML documentsare shavn in Table 2. Basedon thesestatistics,we make the

following obserations:

e As expected XGr i nd haslower compressiomatio than XM | | , but the importantpoint is thatits
CRF is, ontheaverageabout77%thatof XM | | . Also, theworstcaseis within 68% of XM | | .
Theseresultswere also alsotrue for a variety of otherdocumentghat we consideredbut are not

describedheredueto spacdimitations)in our experimentevaluation.

e Theresultsfor st udent 1 andst udent 4 shav thatthe compressiomatio for XG i nd improves
with increasén the numberof enumerateattributes. Experimentsith otherdocumentalsoshaved
similar results. Sincewe expecta significantusageof enumeratedttributesin reallife XML docu-
ments,XG i nd’s compressiomatioswill probablybe betterin practicethanthoseshavn here,that

is, thevaluespresentedhereare“consenative”.

5.1.2 Compression Time

The compressiortime performanceof XGr i nd is shavn in Table 3, andcomparedwith thatof XM | | .
Fromthevaluesin thetable,we seethatXGr i nd’scompressiottime is alwayswithin abouttwicethetime
takenby XM | | . Thisis not surprising,asthe XGr i nd compressiorschemds two-pass,asagainstthe

one-passompressioschemausedn XM | | . Also, for thexmlbenbimarkandshalespeae datasetsyhich
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Document CTxGrind (in secs)| CTxnun (in secs)| CTF
xmlbenchmark 1246 878 1.41
conferences 442 222 1.99
journals 344 170 2.02
shalespeare 183 125 1.46
Xpress 353 182 1.93
studentl 978 471 2.07
student4 1328 647 2.05
Average 1.83

Table3: Comparison of compression times

havelongertext passageshe XGr i nd compressiotime is within aboutoneanda half timesthetime taken
by XM | | . Thisis becauseéhe XM | | pattern-basedompressiorschemeurnsoutto be computationally
costlierthanthe simplecharactebasedencodingusedin XG i nd for suchlong text segments.

Finally, notethat while documentcompressions usually a “one-time” operation,queryingthe docu-
mentis arepeatedccurrence- therefore the extracompressionime overheadf XG i nd will bequickly

amortizedrom its benefitswith regardto queryperformancegescribedext.

5.2 Query Metrics

We now move on to the query perfomancecomparisons. Here, we comparethe QRTs of XGri nd
(QRTx gring) With thatof Nati ve (QRTI'naive), fOr exact-match,range-matchand deletequeries,re-

spectvely.

5.21 Exact-Match query

For exact-matchgueries asampleof whichwaspresentedn Figure5, theaveragequeryresponsgimesare

shawvn in Table4. Theinferencesve make from theresultsarethefollowing:

o First, QRTxGrina < QRTnative iN all thecasesandthisis madeexplicit in the QSFcolumn,which
measureshe relatve speedup of XGri nd w.r.t. Nati ve. The minimum QSFfor for XGri nd is

about2 timesandis typically muchhigher overall averagingaround3.

e Second@QRTxgring (@swell as@QRTnative) IS muchlessthanthetimeit takesXM | | orgzi p to

decompresthe XML documentasshavn in Table5. So,if atool like XM | | orgzi p wereto be
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Document QRTxGrind(in secs) | QRTNative(in secs) | QSF
xmlbenchmark 80 185 2.00
conferences 27 68 2.51
journals 21 53 2.52
shalespeare 14 31 2.21
Xpress 20 73 3.65
studentl 46 184 4.00
student4 50 250 5.00
Average 312

Table4: Exact-Match Query Performance

Document XMill decompression time(in secs) | gzip decompression time(in secs)
xmlbenchmark 663 488
conferences 151 145
journals 116 107
shalespeare 71 65
Xpress 125 73
studentl 288 336
student4 428 479

Table5: Decompression Times

usedfor compressionandevenif therewereanalgorithmthattakeszeo timeto executeexact-match
queriesover anuncompresseXML documentQ) RT'xaring Would still performsubstantiallybetter
thanXM || or gzi p. Further XG i nd would alsorequirelessspaceto processthe querythan

XM Il orgzi p.

5.2.2 Rangequery

For rangequeries a sampleof which waspresentedn Figure6, the queryresponseimesfor a spectrunof
answerselectvities (1%, 10%, and50%) areshavn in Table6. Here,we considerselectvity with respect
to the numberof top-level nodes.Hence this experimentis not meaningfulfor xmlbentimark sinceit has
only onetop-level node.However, it is straightforvard to extendour experimentgo lower-level nodes.

Theinferencesve make from theresultsin Table6 arethefollowing:
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Document % Selectivity | QRTxGrind(in secs) | QRTNative(in secs) | QSF
xmlbenchmark - - - -

conferences 1 71 136 1.92

10 87 150 1.72

50 153 205 1.34

journals 1 54 106 1.96

10 64 117 1.83

50 115 162 1.41

shalespeare 1 27 57 2.11

10 35 66 1.89

50 65 88 1.35

Xpress 1 43 139 3.23

10 58 150 2.59

50 125 255 2.04

studentl 1 138 364 2.64

10 166 390 2.35

50 292 540 1.85

student4 1 140 497 3.55

10 172 549 3.19

50 319 751 2.35

Table6: Range Query Performance

% Selectivity | Average QSF (over all documents)

1 2.56
10 2.26
50 1.72

Table7: Range Query Aver age Performance

o QRTxcrinda € QRTNative fOr all selectiities over all the documents.This is madeexplicit in the
Average QSF valuesshavnin Table7, whichaveragesheperformancdor agivenselectvity across
all thedocumentsNotethatfor 1% and10%selectvity, which aretypically thetypesof queriesseen
in practice theaveragamprovements above 2.25timesw.r.t. Nat i ve. Further evenfor aselectvity

ascoarseas50 %, theimprovementis by over 70 percent.
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Document QRTxGrind(in secs) | QRTNative(in secs) | QSF
xmlbenchmark 318 743 2.33
conferences 109 285 2.61
journals 84 284 2.61
shalespeare 45 107 2.37
Xpress 62 266 4.29
studentl 174 783 4.50
student4 191 1035 541
Average 344

Table8: Delete Query Performance

For deletequeries the averagequeryresponsdimesareshovn in Table8. Theinferencesve make from

theresultsarethefollowing:

o QRTxcrind € QRT native for all thedocumentandthisis madeexplicit in the QSFcolumns shaw-
ing aminimum speedugdor X& i nd of about2 timesandtypically muchhigher overall averaging

about3.5.

6 Resultsusing Arithmetic-Compressor

Here,we presentheresultsfor the samedatasetsandqueriesfor the XG i nd tool usingthe Arithmetic-
Compressomoduleand comparethesequalitatively with thosefor the XG i nd tool usingthe Huffman-

Compressomodule.

6.1 Compression Metrics
6.1.1 Compression Ratio

The compressionratios (CRs) for XGri nd and XM | | and the associatedccompressiorratio factors
(CRFs)for thesaven XML documentsareshovn in Table9. Basedon thesestatistics,andby comparing
thesewith theresultsof the XGr i nd tool usingthe Huffman-Compressamodule,we obsenre thatthereis
justamaiginalincreasen compressiomatiosin all casesThisis dueto thefactthatwe useelement/attribte

granularitycompressionandin mostcaseghe numberof bits saved in Arithmetic compressiormsagainst
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Document CRxGrind | CRxMmin | CRF
xmlbenchmark 55.0 70.95 0.78
conferences 57.6 84.61 0.68
journals 58.0 85.59 0.68
shalespeare 55.0 74.12 0.74
Xpress 76.9 93.54 0.82
studentl 77.5 91.74 0.84
student4 82.4 93.87 0.87
Average 0.77

Table9: Comparison of compression ratios

Huffman compressiomake up the last byte of the compressedext, which is finally paddedwith 'O’ bits
(in both casespeforewriting in the CIR. Note, the paddingis donefor efficient tokenizingof the CIR at

decompression/quetime usingbyte operations.

6.1.2 Compression Time

Document CTxGring (in secs)| CTxwin (in secs)| CTF
xmlbenchmark 1800 878 2.05
conferences 973 222 4.38
journals 745 170 4.38
shalespeare 441 125 3.52
Xpress 418 182 2.29
studentl 1438 471 3.09
student4 2000 647 3.09
Average 3.25

Table10: Comparison of compression times

Thecompressiotime performancef XG i nd is shavn in Table10,andcomparedvith thatof XM | | .
ComparingC'T F'swith thatfor Huffman-CompressdrasedXG i nd compressosuggesthatthecompres-

siontimesaremuchhigher for amarginal increasen compressiomatiosshavn earlierin this section.
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We now move on to the query perfomancecomparisons. Here, we comparethe QRTs of XGri nd

(QRTx Gring) With thatof Nat i ve (Q RTnaive), fOr exact-matchandrange-matclyueriesrespecirely.

6.2.1 Exact-Match query

Document QRTxGrind(in secs) | QRTNative(in secs) | QSF
xmlbenchmark 80 185 2.00
conferences 26 68 2.61
journals 20 53 2.65
shalespeare 13 31 2.38
Xpress 20 73 3.65
studentl 46 184 4.00
student4 50 250 5.00
Average 3.18

Tablel1l: Exact-Match Query Performance

For exact-matchqueries,the query responsdimes using the Arithmetic-Compressoare similar to that
usingthe Huffman-Compressamodule. This is becausalecompressiofwhich is costlierfor Arithmetic
Compressiormscomparedo Huffmancompressionijs doneonly for onerecordqualifying the exact-match
guerypredicate Apartfrom decompressiorthework donein both casess almostthe same(mostof which

is comparingbytesin thecompressed-domain).

6.2.2 Rangequery

The performancdor rangequeriesusingthe Arithmetic-Compressomoduleis muchworsecomparedo
thoseusingthe Huffman-Compressomodule. The queryresponsdimesaremorefor XGr i nd thanNa-

t i ve in mostcasesThisis becaus¢heArithemetic-Compressanoduleis muchslowverthantheHuffman-
Compressomodule,asthe computationsn the implementatiorof rithmetic compressiorare muchmore

involvedthanthatin theimplementatiorof Huffmancompression.
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Document % Selectivity | QRTxGrind(in secs) | QRTNative(in secs) | QSF
xmlbenchmark - - - -
conferences 1 172 136 0.79
10 222 150 0.67
50 459 205 0.44
journals 1 130 106 0.81
10 165 117 0.70
50 345 162 0.46
shalespeare 1 62 57 0.91
10 110 66 0.60
50 195 88 0.45
Xpress 1 102 139 1.36
10 150 150 1.00
50 375 255 0.68
studentl 1 340 364 1.07
10 420 390 0.92
50 876 540 0.61
student4 1 345 497 1.44
10 435 549 1.26
50 957 751 0.78
Table12: Range Query Performance
% Selectivity | Average QSF (over all documents)

1 1.06

10 0.85

50 0.57

7 Related Work

Table13: Range Query Aver age Per formance
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Given the tremendousspurt in popularity of XML over the last two years, it is not surprising that
compressionof theseverbosedocumentshas also startedattracting attention. On the researchfront,
apartfrom XMill, the only other compressiortool that we are aware of is Millau [15], which is de-

signedfor efficient encodingand streamingof XML structures. This tool is designedfor small XML




few companies- for example,ht t p: // www. xm zi p. comhtt p://ww. i ct conpr ess. comand
http://ww. dbxm . com— which claim to have XML compressioriools. As mentionedn [12], the
xm zi p toolfromht t p: / / www. X zi p. comrunsout of memoryon large documentsThetool from
http://ww. i ct conpress. comclaimsto provide significantly more compressiorthan XMill, but

they do notconsidertheissueof beingquery-friendly

8 Conclusions

In this paperwe have consideredfor thefirst time, theproblemof developingXML compressiomlgorithms
thatpermitqueryingto be directly carriedout on the compressedocument.To this end,we developedan
algorithm called XGr i nd, which is built arounda non-adaptie Huffman encoderthat supportscontext-
free decompressioat the token granularity XGri nd alsohasa specialencoderfor enumeratedypes,a
frequentoccurrencan XML documents. The mostnovel featureof XGri nd, however, is its guarantee
that the compressedlocumentretainsexactly the samesemi-structuredayout as the original document.
This facilitatesthe use of similar parsingtechniquedor both versions. More importantly it permitsus
to build indexes directly on the compressedlocumentwhich we expectto be a major value-additionin
practice. Anothernice side-efect of XGrind’s token-granularity contet-free, compressiorschemes that
the compresseXXML documentis moretolerant to transmission disk errorsascomparedo XM | | or
gzi p, and hencethe compressiorschemes more robust We evaluatedXG i nd’s query performance
againsfNat i ve andtheresultandicatesubstantiallymprovedqueryresponséimes.Further thesebenefits
wereobtainedwhile simultaneouslyachiezing compressiomatiosthatarecomparablevith thatof XM | | .

Next, we planto investigatethefollowing interestingssues:

¢ Usingtheinformationin theDTD correspondingo the XML documentit is possibleto determinghe
elementghathave afixed-schemavithoutary {*/+/?} modifiersfor thenestedelementsThis malkes
it possibleto avoid repeatingthe schemain the compressediocumentfor fixed-schemalements.
We expectthatthis will improve thecompressiomatiosof XG' i nd evenfurther, without having ary

retrogadeeffect onits queryperformance.

e Therecently-proposedkML Schemd4] exposesthe datatypesof the elements.We could usethis

informationto employ specializeccontext-free compressorfor specificdatatypes.

e Theinitial passof gatheringthe statisticsfor context-free compressiorcould be optimizedby sam-

pling in caseof hugeXML documents.This would maginally reducethe compressiomatios and

27



beworkedout.
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