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Abstract

XML documentsareinherentlyextremelyverbosesincethe“schema”is repeatedfor every“record”

in the document. While a variety of compressorsareavailable to addressthis problem,they arenot

designedto supportdirectqueryingof thecompresseddocument,a usefulfeaturefrom a databaseper-

spective. In thispaper, weproposeanew compressiontool calledXGrind, thatdirectlysupportsqueries

in the compresseddomain. A specialfeatureof XGrind is that the compresseddocumentretainsthe

structureof the original document,permitting reuseof the standardXML techniquesfor processing

thecompresseddocument.Performanceevaluationover a varietyof XML documentsanduserqueries

indicatesthatXGrind simultaneouslydeliversimprovedqueryprocessingtimesandreasonablecom-

pressionratios.

1 Introduction

In recentyears,the XML language[1], by virtue of its self-describingand textual nature,hasbecome

extremelypopularasa mediumof dataexchangeandstorage,especiallyon the Internet. To supportthis

functionality, XML resortsto, in databaseterms,storingthe“schema”with eachandevery “record” in the

document.This is in marked contrastto the traditionaldatabaseapproachof storing the meta-dataonce

for the whole database.A consequenceof XML’s repeating-schemacharacteristicis that documentsare

extremelyverboseascomparedto their intrinsic informationcontent.Thesizeincreaseis estimatedto beas

muchas400percent[10]!
�
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Oneapproachto addressthe verbosityproblemis to utilize a standardtext compressor, for example,

gzip [6], and therebyreducethe sizeof the document. An alternative approachis to designan XML-

specificcompressor. This approachwas usedin the XMill tool, proposedrecentlyby Liefke and Su-

ciu [12]. XMill achievescompressionratiostypically in excessof 80percenton largeXML documentsby

groupingsemanticallyrelateddataitemsinto “containers”andcompressingeachcontainerseparatelywith a

specializedcompressorthatis idealfor thatcontainer(optional),followedby agzip on thatcontainer. For

example,themeta-data(in theform of XML tagsandattributes)andthedata(elementandattributevalues)

arecompressedseparately. A performancestudy[12, 13] showedXMill to consistentlyprovide improved

compressionratiosascomparedto gzip.

SinceXMill is designedto minimize the sizeof the equivalent compressedXML, it is attractive in

termsof reducingnetwork bandwidthrequirementsfor transmissionof XML documents,anddisk space

requirementsfor storageof XML documents.However, its compressionapproachisnot intendedfor directly

supportingqueryingor updatingof the compresseddocument.In fact, accomplishingsuchoperationson

XMill-compresseddocumentswould typically entailacompletedecompressionof thefile.
�

The ability to performdirect queryingis importantfor a variety of applications,especiallyfor those

hostedon resource-limitedcomputingdevices suchas Palm-Tops. For example,considera vendorwho

travels aroundwith a detailedlist of her customersandorders,in compressedXML format, on her PDA.

Shecould be reasonablyexpectedto frequentlyquery this databasein order to checkcustomercontact

information, order status,delivery schedules,etc., as well as enterinformation aboutnew customersor

orders,statusupdates,etc. If shewould needto decompresstheentiredocumentevery time shewantedan

answeror neededto make anupdate,it could bequite time-consumingandtiresome.Worse,it mayeven

turn out to be impossibleto performthedecompressionsinceherdevice may run out of spaceto hold the

uncompresseddocument!

At theotherextremeof theresourcespectrum,datawarehousesstoringXML documentsmayfind that,

even if decompressingwereavailable for free, directly supportingdata-intensive decisionsupportqueries

on the compresseddatamay result in a significantimprovementin queryresponsetimesascomparedto

queryingthe uncompressedversion. This is becausecompression,ashighlightedin [23, 28, 29, 31, 33],

providesmany otherbenefitsapartfrom theobvious utility of reducedspace:disk seektimesarereduced

sincethecompresseddatafits into a smallerphysicaldisk area;disk bandwidthis effectively increaseddue

to theincreasedinformationdensityof thetransferreddata;and,thememorybuffer hit ratio increasessince

a largerfractionof thedocumentnow fits in thebuffer pool.�
SinceXMill compressesin “chunks” of 8MB size,in principleit is possibleto separatelydecompressandqueryeachchunk–

however, therearesignificantdesignandimplementationcomplexities involvedin thisprocess,asmentionedin [12].
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1.1 The XGRIND Query-friendly Compressor

Basedon the above observations,we proposein this papera new compressiontool calledXGrind, that

directly supportqueriesin the compresseddomain. That is, insteadof compressingat the granularityof

theentiredocument,it compressesat thegranularityof individual element/attributevaluesusinga context-

freecompressionschemebasedon Huffman encoding[7]. This meansthatexact-match andprefix-match

userqueriescanbeentirely executeddirectly on thecompresseddocument,with decompressionrestricted

to only the final resultsprovided to the user.
�

Further, range or partial-match queriesrequireon-the-fly

decompressionof only thoseelement/attribute valuesthat featurein the query predicates,not the entire

document.

A novel andespeciallyuseful featureof XGrind is that it retainsthe structure of the original XML

documentin thecompresseddocumentalso.Thismeansthatthecompresseddocumentcanbeparsedusing

exactly thesametechniquesthatareusedfor parsingtheoriginalXML document.A relatedmajorbenefitis

thatXML indexes[37] canbecreatedon thecompresseddocument.Further, updatesto theXML document

canbe directly executedon the compressedversion. Lastly, a compresseddocumentcanbe checked for

validity againstthecompressedversionof its DTD. Weexpectthatthesepropertieswouldbeof considerable

utility in practicalsettings,especiallythosehostinglargenumberof XML documents.For example,major

repositoriesof genomicdatasuchastheEuropeanBioinformaticsInstitute(EBI) [39], allow registeredusers

to uploadnew geneticinformationto theirarchives.It would beextremelyusefulif suchinformationcould

becompressedby theuserandthenuploaded,checkedfor validity, andintegratedwith theexistingarchives,

all operationstakingplacecompletelyin thecompresseddomain.

Another featureof XGrind is that, for XML documentsadheringto a DTD, it attemptsto utilize

the information in the DTD to enhancethe compressionratio. For example,attribute valuesthat areof

enumerated-typearerecognizedfrom theDTD andareencodeddifferentlyfrom otherattributevalues.

1.2 Performance Results

We have conducteda detailedperformanceevaluationof XGrind over a representative set of real and

syntheticXML documents,including somegeneratedaccordingto the recentlyannouncedXML bench-

mark[36]. Our studyconsidersa varietyof metricsincludingthecompressionratio, thecompressiontime,

and the query processingtimes. Since,to our knowledge, theredo not exist any prior queryableXML

compressors,we have attemptedto placetheXGrind performanceresultsin perspective by comparingit

againstthe following yardsticks:(a) XMill, with regardto the compressionratio andcompressiontime
�
Notethatthis decompressionis theminimumwhichwill have to beperformedby any compressionscheme.
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metrics,and(b) Native, a parserwhich directly operateson theoriginal uncompressedXML document,

with regardto thequeryprocessingtimemetric.

Our experimentalresultsindicatethatXGrind providesa reasonablygoodcompressionratio – on the

average,aboutthree-quartersthatof XMill, andalwaysat leasttwo-thirdsthatachievedby XMill. Fur-

ther, thecompressiontime is alwayswithin a factorof two of thatof XMill. Thesenumbersareespecially

encouraginggiven that we are(a) usingelement/attribute-granularity compression,ratherthandocument-

granularitycompression,(b) usinga simplecharacter-basedHuffman/Arithmeticencodingscheme,rather

than a pattern-basedapproach,and (c) making two passesover the original XML documentto provide

context-freecompression.

We hastento mentionthat theinitial passof gatheringthestatisticsfor context-freecompressioncould

beoptimizedby samplingin caseof hugeXML documents.Thiswouldmarginally reducethecompression

ratiosandreducethecompressiontimesconsiderably. Theimplementationdetailsof thesamplingpassneed

to beworkedout.

Further, notethatwhile compressionis a “one-time” operation,queryingwould probablybea repeated

occurrence– therefore,any overheadsin documentcompressiontimewouldquickly beamortizedover large

querysequences.

On the query processingfront, XGrind provides substantiallyimproved query processingtimes as

comparedto Native for a variety of commonXML-QL [2] queries. For example,for an exact-match

predicateon a key field, XGrind doesbetterby a factorof three,on average. Similarly, even for range

querieswhereasignificantportionof thedocumentwouldnecessarilybedecompressed,XGrind’sresponse

time is abouthalf thatof Native, onaverage.

In summary, we presentherea new compressiontool for XML documentsthat is “query-friendly”,

makingit practicalto simultaneouslyachieve both reasonablecompressionandgoodqueryperformance.

To thebestof our knowledge,this is thefirst quantitative work on queryableXML compression.

1.3 Organization

Theremainderof this paperis organizedasfollows: Backgroundmaterialon compressiontechniquesand

theXMill compressoris providedin Section2. Thearchitecturaldesignandimplementationdetailsof our

new XGrind compressorarepresentedin Section3. Theperformancemodelandtheexperimentalresults

arehighlightedin Sections4 and5, respectively. Section6 presentsthe resultsof theXGrind tool using

theArithmetic-CompressormoduleasagainsttheHuffman-Compressormoduleusedfor theresultsshown

in Section5. Relatedwork on XML compressionis overviewed in Section7. Finally, in Section8, we

summarizetheconclusionsof ourstudyandoutlinefutureavenuesto explore.
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2 Background Material

In
�

thissection,weoverview backgroundmaterialoncompressiontechniques,andalsotheXMill compres-

sor. Werestrictourattentionto losslesscompressiontechniquesin thispapersincewe expectthatfor XML

documentdatabases,whichstoremainly textual andnumericdata,only suchtechniquescanbeused.

Most losslessdatacompressiontechniquesarebasedon oneof two models:statistical or pattern.
�

In

statisticalmodeling,eachdistinct character of the input datais encoded,with the codeassignmentbeing

basedon theprobabilityof thecharacter’s appearancein thedata. In contrast,pattern-basedcompression

schemesrecognizeduplicatestringsin theinputdata,andtheseduplicatesarereplacedeitherby pointersto

thefirst appearanceof thestring,or by anindex into adictionarythatmapsstringsto codes.

Yetanotherdimensionof losslesscompressionalgorithmsis thatthey maybeadaptive or non-adaptive.

In adaptiveschemesnoprior knowledgeabouttheinputdatais assumedandstatisticsaredynamicallygath-

eredandupdatedduringtheencodingphaseitself. On theotherhand,non-adaptive schemesareessentially

“two-pass”over the input data: during the first pass,statisticsaregathered,andin the secondpass,these

valuesareusedfor encoding.

Most of thepopularcompressiontechniquesarebasedon oneof the following algorithms:Huffman,

Arithmetic, LZ77 or LZ78. The Huffman codingandArithmetic codingtechniquesimplementthe sta-

tistical model,while LZ77 andLZ78 arepattern-based.For Huffman andArithmetic, both adaptive and

non-adaptive flavors areavailable,whereasboth theLZ encodersareadaptive. We describetheHuffman,

Arithmetic,andLZ77 techniqueshere.

2.1 Huffman Coding

In Huffmancoding[7], themostfrequentcharactersin theinputdataareassignedshortercodesandtheless

frequentcharactersareassignedlongercodes.Thelongercodesareconstructedsuchthattheshortercodes

do not appearasprefixes(alsoknown asprefix-freeencoding).In particular, a treeis constructedwith the

charactersof theinputalphabetforming theleavesof thetree.Thelinks in thetreearelabeledwith either0

or 1 andthecodefor a characteris thelabelsequencethat is obtainedby traversingthepathfrom theroot

to theleafnodecorrespondingto thatcharacterin theHuffmantree.

As mentionedearlier, bothadaptiveandnon-adaptive versionsof Huffmancodingexist. In non-adaptive

Huffman coding,the Huffman treeis completelybuilt beforeencodingstarts,usingthe known frequency

distribution of the charactersin the datato be compressed.The tree remainsunchangedfor the entire

durationof theencodingprocess.Thedecoderbuilds thesametreeusingthesaved frequency distribution
�
An exceptionis theclassicalRun-lengthencodingschemewhichsimply recognizessuccessive repetitionsof characters.
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informationbeforedecodingthecompresseddata. On theotherhand,adaptive Huffman codingstartsoff

with aHuffmantreethatis built usinganassumedfrequency distribution of thecharactersin theinputdata.

A commonpracticeis to assumethat all charactersareequally likely to occur. As the encodingprocess

proceedsandmoredatais scanned,theHuffman treeis modifiedbasedon thedataseenup to that point.

Therefore,the Huffman treechangesdynamicallyduring the encodingphaseandthe samecharactercan

havedifferentcodesdependingon its positionin thedatabeingcompressed(unlike non-adaptive Huffman).

2.2 Arithmetic Coding

A limitation of Huffman coding is that eachcharacteris encodedinto an integral numberof bits. This

meansthat thecodesmayoftenbelongerthanthatstrictly requiredfor thecharacter. For example,a char-

acterwith probabilityof occurrence0.9 canbecodedminimally in 0.135bits (from information-theoretic

considerations
	
), but requires1 full bit in this scheme.

Arithmeticcodingattemptsto addresstheaboveshortcomingof Huffmancoding.Here,thecompressed

versionof the input datais representedby the interval betweentwo real numbersof arbitrary precision,
���
����
, where ��� ����� ��� . At thestart,therangeis initialized to theentireinterval [0,1), andthis range

is progressively refined. During the encodingprocess,eachcharacteris assignedan interval within the

currentrange,thewidth of theinterval beingproportionalto theprobabilityof occurrenceof thatcharacter.

Therangeis thennarrowed to thatportionof thecurrentrangewhich is allocatedto this character. So,as

encodingproceedsandmoredatais scanned,theinterval neededto representthedatabecomessmallerand

smaller, andthenumberof bits neededto specifytheinterval grows. Themorelikely charactersreducethe

rangelessthantheunlikely charactersandhenceaddfewerbits to thecompresseddata.Theimplementation

detailsof this schemearegivenin [8, 26].

Arithmetic coding also hasadaptive and non-adaptive versions,in exactly the samemanneras that

describedpreviously for Huffmancoding.

2.3 LZ77 Coding

TheLZ77 coding[9] is usedin popularcompressiontoolssuchasgzip. Here,the input datais scanned

sequentiallyandthelongestrecognizedinputstring(thatis, astringwhichalreadyexistsin thestringtable)

is parsedoff eachtime. The recognizedstring is thenreplacedby its associatedcode. Eachparsedinput

string, whenextendedby its next input character, givesa string that is not yet presentin the string table.

This new string is addedto thestring tableandis assigneda uniquecodevalue. In this manner, thestring
�
Informationcontentof a characteris its entropy= �����! #"%$ � �&� , where�&� is theprobabilityof its occurrence.
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tableis built incrementallyduringthecompressionprocess.For decompression,thedecoderlogically uses

thesamestringtableastheencoderandconstructsit incrementallyin asimilarmanner.

2.4 The XMill Compressor

TheXMill [12, 13] compressorrepresents,asmentionedin the Introduction,thestate-of-the-artin XML

compression.In XMill’ sdocumentmodel,eachXML documentis composedof threekindsof tokens:tags,

attributes,anddatavalues.Thesetokensareorganizedasa tree,with internalnodesbeinglabeledwith tags

or attributes,andleaves labeledwith datavalues. The pathto a datavalueis the sequenceof tags,(and,

possiblyoneattribute) from theroot to thedatavaluenode.

For theabovekind of documents,XMill operatesin thefollowing manner:First,meta-datain theform

of XML tagsandattributesis compressedseparatelyfrom thedata,which is thesetof stringsformedfrom

elementcontentandattribute values. Second,semanticallyrelateddataitemsaregroupedinto “contain-

ers”. For example,all
�
name ' dataitemsform onecontainer, while all

�
phone ' itemsform a second

container. This is anextensionto thesemi-structureddomainof thenotionof column-wiseor domain-wise

compressionthat is well-known in relationalDBMS (seee.g.[31, 34]). The motivation for suchsemantic

groupingis that databelongingto the samegroupwill usuallyhave similar characteristicsandcanthere-

fore becompressedbetterthandatasequencesthathave only syntacticproximity. Third, eachcontaineris

compressedseparatelywith a specializedcompressorthat is ideal for that container. For example,a delta

(difference)compressormaybeusedfor a containerhostingintegersthat typically have moderatechanges

from onevalueto thenext, while a run-lengthencodermaybeusedfor domainswith a very limited setof

values(e.g.,“Male” or “Female”for agenderelement).Finally, theoutputsof all containersareindividually

compressedusinggzip, whichasmentionedabove, is basedonLZ77,andtheresultsareconcatenatedinto

asingleXML file.

To implementtheabovecontrolflow, theXML documentis parsedby ahand-craftedSAX (SimpleAPI

for XML) parser[35] that sendsa streamof tokensto a pathprocessor, which assignseachtoken to an

appropriatecontainer, andcontainersarethencompressedindependentlywith theirassociatedcompression

mechanism.

A performancestudyover a wide variety of XML documentsshowedXMill to consistentlyprovide

improvedcompressionratiosascomparedto usingplaingzip, sincegzip treatstheentirefile asa con-

tinuousstreamof bytesanddoesnotassociateany semanticswith thecontents.
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3 The XGrind Compressor

In
�

this section,we first describethe designfeaturesof our new XML compressor, XGrind, which are

intendedto ensureboth goodqueryperformanceandreasonablecompressionratios. We thenpresentits

architecturalandimplementationdetails.

3.1 Compression Techniques

XGrind usesdifferenttechniquesfor compressingmeta-data,enumerated-typeattributevalues,and(gen-

eral)element/attributevalues,respectively. Thesetechniquesaredescribedbelow:

3.1.1 Meta-Data Compression

XGrind follows theXMill compressionapproachof separatingstructurefrom content. The methodto

encodemeta-datais similar to thatin XMill, andis asfollows: Eachstart-tagof anelementis encodedby

a ‘T’ followedby its uniqueelement-id.Eachend-tagis encodedby a ‘/’. Eachattributenameis encoded

by thecharacter‘A’ followedby its uniqueattribute-id.

3.1.2 Enumerated-type Attribute Value Compression

Enumerated-typeattributevaluesarea commonoccurencein XML documents.For example,thestatesof

a country, or the setof departmentsin a company, or the setof zipcodes,areall instancesof frequently

occuringenumerated-typeattribute values.This knowledgeis often capturedin theDTD itself. XGrind

identifiessuchenumerated-typeattributesby examiningtheDTD of thedocumentandencodestheir values

usingasimple (�)+* �-, encodingschemeto representanenumerateddomainof , values.

3.1.3 General Element and Attribute Value Compression

While theabove schemescaterto meta-dataandenumerated-typeattributevalues,we now move on to the

compressiontechniquefor generalelementandattributevalues,which typically form thebulk of theXML

document.

GivenXGrind’sgoalof efficiently queryingcompressedXML documents,acontext-freecompression

schemeis required.That is, a compressionschemein which thecodeassignedto a stringin thedocument,

is independentof its point of occurrencein thedocument.This featureallows us,givenanarbitrarystring,

to locateoccurrencesof thatstring in thecompresseddocumentdirectly, without decompressingit. This is

doneby first compressingthequerystring(expressedasapathexpression)andsearchingfor occurrencesof

its correspondingencodedsequencein thecompresseddocument.

8



Context-freecompressionis notpossiblewith adaptivealgorithmssuchasLZ77,sincethecodeassigned

to a dataitem is dependenton theentirecontentsof thedocumentprior to theoccurenceof thedataitem.

Thatis, only with acompletedecompressionof theprior contentsis it possibleto decodeagivensequence.

On theotherhand,context-freecodingof stringsis possiblewith thenon-adaptiveversionsof compression

algorithmslike Huffman codingandArithmetic coding. To supportthe non-adaptive feature,two passes

have to bemadeover theinput XML document,asdiscussedin theprevioussection:thefirst to collectthe

statisticsandthesecondto do theactualencoding.

In principle,we couldusea singlecharacter-frequency distribution for theentiredocument.However,

in XGrind, we computea separate frequency distribution table for each elementand non-enumerated

attribute.Themotivationfor thisapproachis thatdatabelongingto thesameelement/attribute is usuallyse-

manticallyrelatedandis expectedto havesimilardistribution. For example,datasuchastelephonenumbers

or zipcodeswill becomposedexclusively of digits. Therefore,thecharacteristicsof eachelement/attribute

are reflectedmore accuratelyand the smoothingout of the peculiaritiesof a particularelement/attribute

(whichmayhappenin thecaseof asingledocument-widefrequency distribution) is prevented..
Sincewe expectthatquerieswill typically have predicatesrelatedto element/attributevalues,we com-

pressat thelevel of individual element/attributevalues.This is doneduringthesecondpassusingthesetof

frequency tablesgeneratedduringthefirst pass.

With theabove scheme,queriescanbecarriedoutover thecompresseddocumentwithout fully decom-

pressingit. To be moreprecise,exact-match andprefix-match userqueriescanbe completelycarriedout

directly on thecompresseddocument,while range or partial-match queriesrequireon-the-flydecompres-

sionof only theelement/attributevaluesthatarepartof thequerypredicates.

3.2 Homomorphic Compression

The mostnovel featureof theXGrind compressoris that its output, like its input, is semi-structured in

nature. In fact, the outputcompresseddocumentcanbe viewed as the original XML documentwith its

tagsandelement/attribute valuesreplacedby their correspondingencodings.Theadvantageof doingsois

that thevarietyof efficient techniquesavailablefor parsing/queryingXML documentscanalsobeusedto

processthe compresseddocument. Second,indexes, suchasthoseproposedin [37], cannow be built on

thecompresseddocumentin similar mannerto thosebuilt on regular XML documents.Third, updatesto

theXML documentcanbedirectly executedon thecompressedversion. Finally, a compresseddocument

can be checked for validity againstthe compressedversionof its DTD, without having to resortto any

decompression,asshown by thefollowing property.
/
This is similar to collectingcolumnor domainstatisticsfor compressionin anRDBMS[34].
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Property 1 GivenanXML document which is valid for a DTD , let bethehomomorphismdefining

the XGrind encodingschemefor the meta-dataand enumerated-typeattribute values. Let 021 
�34� denote

thecompressedDTD and 021 
657� denotethecompressedXML document.Thefollowing propertyis a con-

sequenceof the“context freeness”of thecompressionschemeandthesemi-structurednature of theoutput.

5
is valid for

398 0:1 
�;<�
is valid for 0:1 
�3=� .

In otherwords,theXGrind compresseddocumentis valid with respectto its associatedcompressed

DTD. The proof for this follows from the closureof regular languagesandcontext-free languagesunder

homomorphismsandunderinversehomomorphisms[11].

3.3 System Architecture

The architectureof theXGrind compressoralongwith the informationflows is shown in Figure1. The

XGrind kernel moduleis the heartof the compressor. It startsoff by invoking the DTD Parser, which

parsestheDTD of theinputXML document,initializesfrequencytablesfor each elementornon-enumerated

attribute,andpopulatesasymboltablefor attributeshaving enumerated-typevalues.Thekerneltheninvokes

theXML Parser, which scanstheXML documentandpopulatesthesetof frequency tableswhichcontain

statistics(in the form of frequenciesof characteroccurrences)for eachelementandnon-enumeratedat-

tribute. The kernel theninvokes the XML Parserfor a secondtime to constructa tokenizedform – tag,

attribute,or datavalue– of theXML document.Thetokensaresuppliedin streamingfashionto thekernel

whichcalls,for eachtokenbasedon its type,oneof thefollowing encoders:

Enum-encoder module if the token type is meta-dataor anenumerated-typedataitem. Eachstart-tagof

anelementis encodedby a ‘T’ followedby its uniqueelement-id.Eachend-tagis encodedby a ‘/’.

Eachattributenameis encodedby thecharacter‘A’ followedby its uniqueattribute-id.As mentioned

earlier, this codingschemeis similar to that usedby XMill. Enumerated-typeattribute valuesare

codedusingthesymboltableinformation.

Huffman-Compressor module >
for non-enumerateddataitems.Thismoduleimplementsthenon-adaptive Huffmancodingcompres-

sion scheme.It encodeseachelement/attribute valuewith the help of its associatedHuffman tree,

which is constructedfrom the assoiciatedfrequency tables. The last byte of the encodedsequence

is paddedwith ’0’s (bits), andescapedsothat thecompressedXML documentcanbeparsed?
We alsohave theAritchmetic-Compressormodulethat implementsthenon-adaptive Arithmetic codingcompressionscheme.

Wedo notmentiontheArithmetic-Compressordetailsin thetext to avoid repetition.
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DTDDTD Parser
XML 
Doc XML-Parser

Frequency Tables Symbol TableFrequency Tables Symbol Table

XGrind Kernel

Enum-encoderHuffman-Compressor

Structured
Compressed
XML
Document

XML-Gen

... Compressed Internal Representation

Semi

Figure1: Architecture of XGrind Compressor
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<!- student.xml -->

<STUDENT rollno = "604100418">

<NAME>Pankaj Tolani</NAME>

<YEAR>2000</YEAR>

<PROG>M.E</PROG>

<DEPT name = "Computer Science and Automation"/>

</STUDENT>

Figure2: An XML fragment of the Student database

without ambiguity. Escapingis donesothat thedemilterdoesnot appearin thecompressedtext and

henceit canbeextractedanddecompressedwithout ambiguity.

Thecompressedoutputof theabove encoders,alongwith thevariousfrequency andsymboltables,is

calledtheCompressedInternalRepresentation(CIR) of thecompressorandis fedto theXML-Gen module,

which convertstheCIR into a semi-structuredcompressedXML document.This conversionis doneon the

fly duringthesecondpasswhile thedocumentis beingcompressed.

3.4 Compression Example

Wenow demonstratetheworkingof XGrindwith anexample.ConsideranXML documentfragmentalong

with its DTD asshown in Figures2 and 3, respectively. Thedocumentrepresentsa studentdatabasewith

fiveelements:STUDENT,NAME, YEAR, PROG andDEPT. TheSTUDENT elementhasarollno attribute,

while DEPT hasaname attributeof enumerated-type.@
For the above document,the XGrind Kernelmoduleinvokes the DTD Parsermoduleto examinethe

DTD for enumerated-typeattributesandstorestheirvaluesin its symboltable.It alsoinitializesthefrequncy

tablesfor the elementsand non-enumeratedtype attibutes in the XML document. In our example, the

attribute name alongwith its list of valuesis insertedin the symbol table. The XGrind Kernelmodule

next callstheXML ParserwhichscanstheinputXML documentandcollectsthestatisticsfor eachelement

and attribute type. A secondscanof the input XML documentis now madeand a streamof tokensis

returnedto the kernelduring this pass. Dependingon the type of the token, the appropriatecompressor

for it is called. That is, for all thetags,attributes,andenumerated-typeattributevalues,theEnum-encoder

moduleis invoked, while the Huffman-Compressormoduleis invoked for the restof the dataitems. TheA
The underscoresin the enumeratedvaluesin Figure3 arenecessaryas the currentXML standard[1] doesnot allow white

spaceasavalid characterin anenumeratedstring.
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<!- DTD for the Student database -->

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

<!ATTLIST STUDENT rollno CDATA B REQUIRED>
<!ELEMENT NAME ( B PCDATA)>
<!ELEMENT YEAR ( B PCDATA)>
<!ELEMENT PROG ( B PCDATA)>
<!ELEMENT DEPT EMPTY>

<!ATTLIST DEPT name (Computer Science and Automation

| Electrical Communication Engineering

| Electrical Engineering
...

| Supercomputer Education And Research Centre)

>

Figure3: DTD for the Student database

T0 A0 nahuff(604100418)

T1 nahuff(Pankaj Tolani) C
T2 nahuff(2000) C
T3 nahuff(M.E) C
T4 A1 enum(Computer Science and Automation) C

C
Figure4: Abstract view of the compressed XML document

outputof this togetherwith all the meta-tables(that is, the symbol tablealongwith the frequency tables

containingthestatistics)formstheCIR. This is givenasinput to theXML-Gen modulewhich outputsthe

final semi-structuredcompresseddocument.An abstractview of theoutputcompresseddocumentis shown

in Figure4.

Here,the tagSTUDENT is encodedasT0, NAME asT1, YEAR asT2, PROG asT3 andDEPT asT4.

All endtagsareencodedas‘/’. Theattributesrollno andname areencodedasA0 andA1, respectively.

nahuff(s) denotestheoutputof theHuffman-Compressormodulefor aninputdatavalues, whileenum(s)

denotestheoutputof theEnum-encodermodulefor aninputdatavalues, which is anenumeratedattribute.
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As is evidentfrom Figure4, thecompressedoutputis semi-structuredin nature,andmaintainstheproperty

of validity with respectto thecompressedDTD.

3.5 Query Processing

Thecompressed-domainqueryprocessingengineconsistsof a lexical analyzerthatemitstokensfor encoded

tags,attributes,anddatavalues,andaparserbuilt on topof this lexical analyzerthatdoesthematchingand

dumpingof thematched“records”(which in theXML world, wouldbesemi-structuredtreefragments).As

all the tokensarebyte-aligned, the lexical analyzerthat tokenizestheCIR is ableto operateon a byte-by-

bytebasis.Thismeansnobit-by-bit operationsarenecessary, considerablyspeedingupthelexical analysis.

Theparser, which makesa depth-first-searchtraversalof theXML document,maintainsinformationabout

its currentlocation(path)in theXML documentandthecontentsof thesetof XML nodesthatit is currently

processing.

D For exact-matchor prefix-matchqueries,thequerypathandthequerypredicateareconvertedto the

compressed-domainequivalent. At the time of parsingthecompressed-domainequivalent,whenthe

currentpathmatchesthequerypath,andthecompresseddatavaluematchesthecompressedquery

predicate,theparseroutputsthematchedrecordandhalts.Notethatthecompressed-domainpattern-

matchis alsoa byte-by-bytecomparison,andnot a bit-by-bit pattern-match,which would behighly

inefficient. In fact, thematchingrequiresmuchlesswork in thecompresseddomain,asthenumber

of bytesaremuchfewer in thecompressedversion.

D For rangeor partial-matchqueries,only the querypath is compressed.At the time of parsingthe

compressed-domainequivalent,whenthecurrentpathmatchesthequerypath,thedatavalueis de-

compressedandusedfor evaluatingthe match. This decompressionis requiredsincecompression

schemeweuseis not “orderpreserving”(i.e. giventwo stringsE � , E � andtheir respective codewords

F � , F � , then E � '�E �HGI F � ' F � ). Only therecordswhoseelement/attributevaluesfall in therangeare

fully decompressedandreturnedto theuser.

3.6 Implementation

Wehave implementedtheXGrind tool in C++. TheSAX API [35] XML Parserprovidedin [14] wasused

for implementingtheXML Parsermodule,while Lex andYaccwereusedfor implementingtheDTD Parser

module.We wroteour own non-adaptive Huffman-Compressormodule andparserfor thesemi-structured

compressedXML document(again,usingLex andYacc).
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4 Experimental Framework

In
�

this section,we describeour experimentalsetupto evaluateXGrind. We evaluatedXGrind on a

representative setof realandsyntheticXML documents,includingonegeneratedaccordingto therecently

announcedXML benchmark[36]. Since,to our knowledge,theredo not exist any prior queryableXML

compressors,we have attemptedto placetheXGrind performanceresultsin perspective by comparingit

againstthe following yardsticks:(a) XMill, with regardto the compressionratio andcompressiontime

metrics,and(b) Native, a parserwhich directly operateson theoriginal uncompressedXML document,

with regard to the query processingtime metric. Our experimentswere conductedon a PIII, 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

shakespeare 161MB 740 22 6 22 0 0

xpress 361MB 0.70M 1 4 24 0 0

student1 960MB 5M 1 3 6 2 1

student4 1.375GB 5M 1 3 7 5 4

Table1: Statistics of the data sets

Thedetailsof theXML documentsconsideredin ourstudyaresummarizedin Table1. Thesize field

refersto the total disk spaceoccupiedby the document;therecords field indicatesthe numberof top-

level recordsin thedocument;thescaleup field indicatesthenumberof timestheoriginal file hasbeen

concatenated;thedepth field indicatesthe maximumlevel of nesting;theelems, attrs andenums

fieldsindicatethenumberof elements,attributesandenumerated-attributes, respectively, in thedocument.

TheXML documentsusedin ourstudycoveravarietyof sizes,documentcharacteristicsandapplication

domains,andarelistedbelow:

xmlbenchmark: This documentwasgeneratedusingthe recentlyannouncedXML benchmarkdatagen-

erator, xmlgen [36]. It is deeply-nestedandhasa large numberof elementsandattributes. Here,

elementvaluesareoftenlong textual passages.
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conferences, journals: Thesedocumentsrepresentconference andjournal entriesfrom theDBLP

archive [40]. SinceDTDs arenot available for thesedocuments,we createdthe DTDs ourselves.

However, we hastento addthat this is not strictly requiredsincetheXGrind tool works without a

DTD also– theonly impactis that thecompressiontimeswill increasemarginally, because,without

theDTD, internalfrequency statisticshashtableswill have to becreatedon-the-flyduringtheinitial

pass,astheXML documentis beingparsed.

shakespeare: Thisdocumentis thepublicly availableXML versionof theplaysof Shakespeare[41]. Here,

elementvaluesareoftenlong textual passages.

xpress: Thisdocumentisobtainedfromthepublicly availableHamRadiodatabaseof theUSGovernment’s

FederalCommunicationsCommission[42]. This realdatasethasthehighestpercentageof meta-data

content(70%)amongstthesetof XML documentsweconsiderhere.

student1: This is a syntheticallygeneratedXML documentthat representsa databaseof studentinfor-

mation. The DTD for this documenthasone attribute – name(of the department)– which is an

enumeratedtype. Thestudentnames(anelementin this XML documentwith PCDATA content)are

generatedby concatenatingwordsfrom the ispell spellchecker dictionary, andarenot just random

text.

student4: This is alsoa syntheticallygeneratedXML document,similar to student1, exceptthat theDTD

hasfour enumeratedattributes– year(of registration),name(of thecourse),name(of thedepartment),

andname(of thepreviousschool).

Thereasonthatwehavescaledup(by concatenation)someof theabovedocumentsis to ensurethatour

resultsscaleto thelargeXML documentsthatareexpectedto becommonplacein thefuture,especiallyin

the bio-informaticsdomain. We hastento addthat we alsoran our experimentson the original(unscaled)

versionsof thesedocuments,andtheresultsareconsistentwith thosepresentedhere.Therefore,thescale-up

doesnotprejudiceournumbersin anyway.

Samplefragmentsof theXML documentsareshown in theappendix.

4.2 Performance Metrics

Compression Metrics:

Onthecompressionside,wecompareXGrind’scompressionratiosandcompressiontimeswith that

of XMill. Thesemetricsarelistedbelow:
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Compression Ratio (CR) : This is definedas JLK9M�� EONQPSRT)VU 
 )�W&NX*SN6Y[Z\(:U]N!(^R �
Compression Ratio Factor (CRF) : This representsthe compressionratio of XGrind normalized

to thatof XMill andis definedas JLKL_9M JLKa`cb]dfehg&i
JLKa`cjkeml#l .

Compression Time (CT) : This is thetime takento compresstheXML file.

Compression Time Factor (CTF) : Thisrepresentsthecompressiontimeof XGrind normalizedto

thatof XMill andis definedas Jonp_qM Jon]`rb]dfesg&i
Jon]`rjkemltl .

Query Metrics:

On thequeryside,we compareXGrind’squeryresponsetimeswith thatof Native. Thecompari-

sonmetricsarelistedbelow:

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

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

XGrind normalizedto thatof Native andis definedas uwvx_qM uLKan[y{z%| eh}%~
u�Kan]`rb]dfesg&i .

4.3 XML Queries

For evaluatingqueryresponsetimes,we usea representative subsetfrom the“TenEssentialXML queries”

describedin [3]. Thesequeriesaredescribedbelow, andarepresentedusingtheXML-QL querylanguage

constructs[3].

Exact-match queries : A sampleexact-matchqueryis shown in Figure5. Thisqueryextractsthenameof

thestudentwhoseroll number(which is a “key” value)equals123456789.We evaluatedthequery

performancefor randomlypositionedrecordsover the entiredocumentandpresentthe resultshere

for theaveragecase.For thesequeries,theparsersusedin XGrind andNative wereinstrumented

to stopwhenthedesiredpatternwasfound.

Range queries : A samplerangequery is shown in Figure6, which extractsall studentswhosedateof

joining is betweentheyears1998and2001. We evaluatea wide rangeof queryselectivities in our

experiments.

Delete queries : This querydeletesthe recordof thestudentwhoseroll number(which is a “key” value)

equals123456789.Again,we evaluatedthequeryperformancefor randomlypositionedrecordsover

theentiredocumentandpresenttheresultsherefor theaveragecase.
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CONSTRUCT <student rollno=$r> �
WHERE

<student rollno=123456789>

<name>$n</name>

<year>$y</year>

<dept name=$d>

</student> IN "student.xml",

CONSTRUCT <name>$n</name>�
</student>

Figure5: XML-QL exact-match query

CONSTRUCT <student rollno=$r> �
WHERE

<student rollno=$r>

<name>$n</name>

<year>$y</year>

<dept name=$d>

</student> IN "student.xml",

$y � 1998 and $y � 2001

CONSTRUCT <name>$n</name>�
</student>

Figure6: XML-QL range query

5 Results

In this section,we presentthe resultsfor the datasetsandqueriesdescribedin the previous section. We

presentthe resultsfor the compressionmetricsfirst, followed by the query metrics. The resultsshown

herearefor theHuffman-Compressormodule.We club theresultsfor theArithmetic-Compressormodule

in Section6 to avoid confusion. Also theseperformancenumbersarenot of much interest,asthe query

responsetimesaremuchhigherfor themarginal improvementsin compressionnumbers.

18



Document �p�������Q���O� ���w�[�����t� �p�w�
xmlbenchmark 55.03 70.95 0.78

conferences 57.44 84.61 0.68

journals 57.85 85.59 0.68

shakespeare 54.96 74.12 0.74

xpress 76.85 93.54 0.82

student1 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

5.1.1 Compression Ratio

The compressionratios ( J�K s) for XGrind and XMill and the associatedcompressionratio factors

( JLKL_ s) for the seven XML documentsare shown in Table 2. Basedon thesestatistics,we make the

following observations:

D As expected,XGrind haslower compressionratio thanXMill, but the importantpoint is that its

J�KL_ is, on theaverage,about77% thatof XMill. Also, theworstcaseis within 68%of XMill.

Theseresultswerealsoalso true for a variety of otherdocumentsthat we considered(but arenot

describedheredueto spacelimitations)in ourexperimentevaluation.

D The resultsfor student1 andstudent4 show that thecompressionratio for XGrind improves

with increasein thenumberof enumeratedattributes.Experimentswith otherdocumentsalsoshowed

similar results.Sincewe expecta significantusageof enumeratedattributesin real life XML docu-

ments,XGrind’s compressionratioswill probablybebetterin practicethanthoseshown here,that

is, thevaluespresentedhereare“conservative”.

5.1.2 Compression Time

The compressiontime performanceof XGrind is shown in Table3, andcomparedwith that of XMill.

Fromthevaluesin thetable,weseethatXGrind’scompressiontime is alwayswithin abouttwicethetime

taken by XMill. This is not surprising,astheXGrind compressionschemeis two-pass,asagainstthe

one-passcompressionschemeusedin XMill. Also, for thexmlbenchmarkandshakespearedatasets,which
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Document ���������Q�t�T� (in secs) �p���[���t��� (in secs) �p���
xmlbenchmark 1246 878 1.41

conferences 442 222 1.99

journals 344 170 2.02

shakespeare 183 125 1.46

xpress 353 182 1.93

student1 978 471 2.07

student4 1328 647 2.05

Average 1.83

Table3: Comparison of compression times

have longertext passages,theXGrind compressiontimeis within aboutoneandahalf timesthetimetaken

by XMill. This is becausetheXMill pattern-basedcompressionschemeturnsout to becomputationally

costlierthanthesimplecharacter-basedencodingusedin XGrind for suchlong text segments.

Finally, notethat while documentcompressionis usuallya “one-time” operation,queryingthe docu-

mentis a repeatedoccurrence– therefore,theextracompressiontime overheadof XGrind will bequickly

amortizedfrom its benefitswith regardto queryperformance,describednext.

5.2 Query Metrics

We now move on to the query perfomancecomparisons. Here, we comparethe QRTs of XGrind

( uLKan�`rb]d�ehg&i ) with that of Native ( uLKan y{z%| es}�~ ), for exact-match,range-matchand deletequeries,re-

spectively.

5.2.1 Exact-Match query

For exact-matchqueries,asampleof whichwaspresentedin Figure5, theaveragequeryresponsetimesare

shown in Table4. Theinferenceswe make from theresultsarethefollowing:

D First, uLKan�`cb]dfehg&i���uLKan y{z%| eh}%~ in all thecases,andthis is madeexplicit in theQSFcolumn,which

measuresthe relative speedup of XGrind w.r.t. Native. The minimum QSFfor for XGrind is

about2 timesandis typically muchhigher, overall averagingaround3.

D Second,uLKan�`cb]dfehg&i (aswell as uLKan y�z�| eh}%~ ) is muchlessthanthetime it takesXMill or gzip to

decompresstheXML document,asshown in Table5. So, if a tool like XMill or gzip wereto be
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Document �����������Q�t�T�2�¡ £¢H¤�¥&¦+¤¨§ ���c��©�ª%«6�­¬�®&�£ ¡¢H¤�¥&¦O¤¯§ �w°��
xmlbenchmark 80 185 2.00

conferences 27 68 2.51

journals 21 53 2.52

shakespeare 14 31 2.21

xpress 20 73 3.65

student1 46 184 4.00

student4 50 250 5.00

Average 3.12

Table4: Exact-Match Query Performance

Document ±�²³ ¡´£´¶µ]¥&¦O·\¸º¹:»-¥&¤¨¤� ¡·¼¢L½¨ £¸¾¥¿�¡ £¢�¤¨¥&¦O¤¯§ À\ÁO Â¹Hµ]¥�¦+·¼¸¾¹:»-¥&¤�¤¨ £·\¢L½¨ £¸¾¥¿�£ ¡¢�¤¨¥&¦O¤¯§
xmlbenchmark 663 488

conferences 151 145

journals 116 107

shakespeare 71 65

xpress 125 73

student1 288 336

student4 428 479

Table5: Decompression Times

usedfor compression,andevenif therewereanalgorithmthattakeszero timeto executeexact-match

queriesover anuncompressedXML document,uLKan�`cb]dfehg&i would still performsubstantiallybetter

thanXMill or gzip. Further, XGrind would also requirelessspaceto processthe query than

XMill or gzip.

5.2.2 Range query

For rangequeries,a sampleof whichwaspresentedin Figure6, thequeryresponsetimesfor aspectrumof

answerselectivities (1%, 10%,and50%)areshown in Table6. Here,we considerselectivity with respect

to thenumberof top-level nodes.Hence,this experimentis not meaningfulfor xmlbenchmark, sinceit has

only onetop-level node.However, it is straightforwardto extendourexperimentsto lower-level nodes.

Theinferenceswe make from theresultsin Table6 arethefollowing:
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Document %Selectivity �L�c�������Q���O���£ ¡¢k¤¨¥&¦O¤¯§ �L�c��©�ª�«6�­¬¨®&�£ £¢H¤¨¥&¦O¤¯§ ��°2�
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

shakespeare 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

student1 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 Ã�Ä\¥�»¯ÅSÀ¼¥p�w°��r�¡·&Ä¼¥�»{Å¶´¡´Sµ]·�¦OÆ]¸¾¥&¢¿½�¤¯§
1 2.56

10 2.26

50 1.72

Table7: Range Query Average Performance

D u�Kan]`rb]dfehg�i4�ÇuLKan y{z%| eh}%~ for all selectivities over all thedocuments.This is madeexplicit in theÈpÉ RTWVZ¶*\R�u�vx_ valuesshown in Table7,whichaveragestheperformancefor agivenselectivity across

all thedocuments.Notethatfor 1%and10%selectivity, whicharetypically thetypesof queriesseen

in practice,theaverageimprovementis above2.25timesw.r.t. Native. Further, evenfor aselectivity

ascoarseas50 %, theimprovementis by over70 percent.
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5.2.3 Delete query

Document �����������Q�t�T�2�¡ £¢H¤�¥&¦+¤¨§ ���c��©�ª%«6�­¬�®&�£ ¡¢H¤�¥&¦O¤¯§ �w°��
xmlbenchmark 318 743 2.33

conferences 109 285 2.61

journals 84 284 2.61

shakespeare 45 107 2.37

xpress 62 266 4.29

student1 174 783 4.50

student4 191 1035 5.41

Average 3.44

Table8: Delete Query Performance

For deletequeries,theaveragequeryresponsetimesareshown in Table8. The inferenceswe make from

theresultsarethefollowing:

D u�Kan]`rb]dfehg�ip�ÊuLKan y{z%| es}�~ for all thedocumentsandthisis madeexplicit in theQSFcolumns,show-

ing a minimumspeedupfor XGrind of about2 timesandtypically muchhigher, overall averaging

about3.5.

6 Results using Arithmetic-Compressor

Here,we presenttheresultsfor thesamedatasetsandqueriesfor theXGrind tool usingtheArithmetic-

Compressormoduleandcomparethesequalitatively with thosefor theXGrind tool usingthe Huffman-

Compressormodule.

6.1 Compression Metrics

6.1.1 Compression Ratio

The compressionratios ( J�K s) for XGrind and XMill and the associatedcompressionratio factors

( JLKL_ s) for thesevenXML documentsareshown in Table9. Basedon thesestatistics,andby comparing

thesewith theresultsof theXGrind tool usingtheHuffman-Compressormodule,we observe thatthereis

justamarginalincreasein compressionratiosin all cases.Thisisdueto thefactthatweuseelement/attribute

granularitycompression,andin mostcasesthenumberof bits saved in Arithmetic compressionasagainst

23



Document �p�������Q���O� ���w�[�����t� �p�w�
xmlbenchmark 55.0 70.95 0.78

conferences 57.6 84.61 0.68

journals 58.0 85.59 0.68

shakespeare 55.0 74.12 0.74

xpress 76.9 93.54 0.82

student1 77.5 91.74 0.84

student4 82.4 93.87 0.87

Average 0.77

Table9: Comparison of compression ratios

Huffman compressionmake up the last byte of thecompressedtext, which is finally paddedwith ’0’ bits

(in both cases)beforewriting in theCIR. Note, thepaddingis donefor efficient tokenizingof theCIR at

decompression/querytime usingbyteoperations.

6.1.2 Compression Time

Document ���������Q�t�T� (in secs) �p���[���t��� (in secs) �p���
xmlbenchmark 1800 878 2.05

conferences 973 222 4.38

journals 745 170 4.38

shakespeare 441 125 3.52

xpress 418 182 2.29

student1 1438 471 3.09

student4 2000 647 3.09

Average 3.25

Table10: Comparison of compression times

Thecompressiontimeperformanceof XGrind is shown in Table10,andcomparedwith thatof XMill.

ComparingJanp_ swith thatfor Huffman-CompressorbasedXGrind compressorsuggestthatthecompres-

siontimesaremuchhigher, for amarginal increasein compressionratiosshown earlierin thissection.
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6.2 Query Metrics

We now move on to the query perfomancecomparisons. Here, we comparethe QRTs of XGrind

( uLKan�`rb]d�ehg&i ) with thatof Native ( uLKan y{z%| eh}%~ ), for exact-matchandrange-matchqueries,respectively.

6.2.1 Exact-Match query

Document �����������Q�t�T�2�¡ £¢H¤�¥&¦+¤¨§ ���c��©�ª%«6�­¬�®&�£ ¡¢H¤�¥&¦O¤¯§ �w°��
xmlbenchmark 80 185 2.00

conferences 26 68 2.61

journals 20 53 2.65

shakespeare 13 31 2.38

xpress 20 73 3.65

student1 46 184 4.00

student4 50 250 5.00

Average 3.18

Table11: Exact-Match Query Performance

For exact-matchqueries,the query responsetimes using the Arithmetic-Compressorare similar to that

usingthe Huffman-Compressormodule. This is becausedecompression(which is costlierfor Arithmetic

Compressionascomparedto Huffmancompression)is doneonly for onerecordqualifying theexact-match

querypredicate.Apart from decompression,thework donein bothcasesis almostthesame(mostof which

is comparingbytesin thecompressed-domain).

6.2.2 Range query

The performancefor rangequeriesusingthe Arithmetic-Compressormoduleis muchworsecomparedto

thoseusingtheHuffman-Compressormodule. Thequeryresponsetimesaremorefor XGrind thanNa-

tive in mostcases.This is becausetheArithemetic-Compressormoduleis muchslowerthantheHuffman-

Compressormodule,asthecomputationsin the implementationof rithmetic compressionaremuchmore

involvedthanthatin theimplementationof Huffmancompression.
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Document %Selectivity �L�c�������Q���O���£ ¡¢k¤¨¥&¦O¤¯§ �L�c��©�ª�«6�­¬¨®&�£ £¢H¤¨¥&¦O¤¯§ ��°2�
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

shakespeare 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

student1 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 Ã�Ä\¥�»¯ÅSÀ¼¥p�w°��r�¡·&Ä¼¥�»{Å¶´¡´Sµ]·�¦OÆ]¸¾¥&¢¿½�¤¯§
1 1.06

10 0.85

50 0.57

Table13: Range Query Average Performance

7 Related Work

Given the tremendousspurt in popularity of XML over the last two years, it is not surprising that

compressionof theseverbosedocumentshas also startedattractingattention. On the researchfront,

apart from XMill, the only other compressiontool that we are aware of is Millau [15], which is de-

signedfor efficient encodingand streamingof XML structures. This tool is designedfor small XML
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files and its query performancehas not been evaluated. On the industrial front, there are quite a

few companies– for example,http://www.xmlzip.com, http://www.ictcompress.com and

http://www.dbxml.com – which claim to have XML compressiontools. As mentionedin [12], the

xmlzip tool from http://www.xmlzip.com runsout of memoryon largedocuments.Thetool from

http://www.ictcompress.com claims to provide significantlymorecompressionthanXMill, but

they do notconsidertheissueof beingquery-friendly.

8 Conclusions

In thispaper, wehaveconsidered,for thefirst time,theproblemof developingXML compressionalgorithms

thatpermitqueryingto bedirectly carriedout on thecompresseddocument.To this end,we developedan

algorithmcalledXGrind, which is built arounda non-adaptive Huffman encoderthat supportscontext-

free decompressionat the token granularity. XGrind alsohasa specialencoderfor enumeratedtypes,a

frequentoccurrencein XML documents.The mostnovel featureof XGrind, however, is its guarantee

that the compresseddocumentretainsexactly the samesemi-structuredlayout as the original document.

This facilitatesthe useof similar parsingtechniquesfor both versions. More importantly, it permitsus

to build indexesdirectly on the compresseddocument,which we expect to be a major value-additionin

practice.Anotherniceside-effect of XGrind’s token-granularity, context-free,compressionschemeis that

the compressedXML documentis more tolerant to transmission/ disk errorsascomparedto XMill or

gzip, andhencethe compressionschemeis more robust. We evaluatedXGrind’s queryperformance

againstNative andtheresultsindicatesubstantiallyimprovedqueryresponsetimes.Further, thesebenefits

wereobtainedwhile simultaneouslyachieving compressionratiosthatarecomparablewith thatof XMill.

Next, we planto investigatethefollowing interestingissues:

D Usingtheinformationin theDTD correspondingto theXML document,it is possibleto determinethe

elementsthathaveafixed-schemawithoutany Ë */+/? Ì modifiersfor thenestedelements.Thismakes

it possibleto avoid repeatingthe schemain the compresseddocumentfor fixed-schemaelements.

Weexpectthatthis will improve thecompressionratiosof XGrind evenfurther, withouthaving any

retrogadeeffecton its queryperformance.

D The recently-proposedXML Schema[4] exposesthedatatypesof theelements.We could usethis

informationto employ specializedcontext-freecompressorsfor specificdatatypes.

D The initial passof gatheringthestatisticsfor context-free compressioncould be optimizedby sam-

pling in caseof hugeXML documents.This would marginally reducethe compressionratiosand
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reducethecompressiontimesconsiderably. Theimplementationdetailsof thesamplingpassneedto

beworkedout.
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