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ABSTRACT
While avarietyof lossycompressionschemeshavebeendevelopedfor cer-
tain forms of digital data(e.g., images,audio, video), the areaof lossy
compressiontechniquesfor arbitrarydatatableshasbeenleft relatively un-
explored. Nevertheless,suchtechniquesareclearlymotivatedby theever-
increasingdatacollectionratesof modernenterprisesandtheneedfor ef-
fective, guaranteed-qualityapproximateanswersto queriesover massive
relationaldatasets.In this paper, we propose
������������ , a systemthat
takesadvantageof attribute semanticsanddata-miningmodelsto perform
lossycompressionof massive datatables. 
������������ is basedon the
novel ideaof exploiting predictive datacorrelationsandprescribederror
tolerancesfor individual attributesto constructconciseandaccurateClas-
sificationand RegressionTree(CaRT)modelsfor entirecolumnsof a ta-
ble. More precisely, 
������������ selectsa certainsubsetof attributesfor
which novaluesareexplicitly storedin thecompressedtable;instead,con-
ciseCaRTs that predict thesevalues(within the prescribederror bounds)
are maintained. To restrict the hugesearchspaceand constructioncost
of possibleCaRT predictors,
������������ employs sophisticatedlearning
techniquesandnovel combinatorialoptimizationalgorithms. Our experi-
mentationwith several real-life datasetsoffersconvincing evidenceof the
effectivenessof 
������������ ’s model-basedapproach– 
������������ is
ableto consistentlyyield substantiallybettercompressionratiosthanexist-
ing semanticor syntacticcompressiontools(e.g.,gzip) while utilizing only
smalldatasamplesfor modelinference.

1. INTRODUCTION
Effective exploratoryanalysisof massive, high-dimensionalta-

bles of alphanumericdata is a ubiquitousrequirementfor a va-
riety of applicationenvironments,including corporatedataware-
houses,network-traffic monitoring,andlargesocioeconomicor de-
mographicsurveys. Forexample,largetelecommunicationproviders
typically generateandstorerecordsof information,termed“Call-
Detail Records”(CDRs), for every phonecall carriedover their
network. A typicalCDRis afixed-lengthrecordstructurecompris-
ing severalhundredbytesof datathatcaptureinformationon vari-
ous(categoricalandnumerical)attributesof eachcall; this includes

� Work donewhile visiting Bell Laboratories.

Permissionto make digital or hardcopiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor profit or commercialadvantageandthatcopies
bearthisnoticeandthefull citationon thefirst page.To copy otherwise,to
republish,to postonserversor to redistributeto lists,requiresprior specific
permissionand/ora fee.
ACM SIGMOD2001May 21-24,SantaBarbara,California,USA
Copyright 2001ACM 1-58113-332-4/01/05...$5.00.

network-level information(e.g.,endpointexchanges),time-stamp
information(e.g.,call startandendtimes),andbilling information
(e.g.,appliedtariffs), amongothers[3]. TheseCDRsarestoredin
tablesthatcangrow to truly massive sizes,in theorderof several
TeraBytesperyear. Similarmassive tablesarealsogeneratedfrom
network-monitoringtools thatgatherswitch-androuter-level traf-
fic data,suchasSNMP/RMONprobes[17]. Suchtools typically
collect traffic informationfor eachnetwork elementat fine granu-
larities(e.g.,atthelevel of packetflowsbetweensource-destination
pairs),giving riseto massivevolumesof tabledataovertime. These
massive tablesof network-traffic andCDR dataarecontinuously
exploredandanalyzedto producethe“knowledge”thatenableskey
network-managementtasks,includingapplicationanduserprofil-
ing, proactive andreactive resourcemanagement,traffic engineer-
ing, andcapacityplanning.

Traditionally, datacompressionissuesarisenaturally in appli-
cationsdealingwith massive datasets,andeffective solutionsare
crucial for optimizing the usageof critical systemresources,like
storagespaceand I/O bandwidth(for storing and accessingthe
data)andnetwork bandwidth(for transferringthedataacrosssites).
In mobile-computingapplications,for instance,clientsareusually
disconnectedand,therefore,oftenneedto downloaddatafor offline
use. Theseclients may uselow-bandwidthwirelessconnections
and can be palmtopcomputersor handhelddevices with severe
storageconstraints.Thus,for efficient datatransferandclient-side
resourceconservation, the relevant dataneedsto be compressed.
Severalstatisticalanddictionary-basedcompressionmethodshave
beenproposedfor text corporaandmultimediadata,someof which
(e.g.,Lempel-Ziv or Huffman)yield provably optimalasymptotic
performancein termsof certainergodicpropertiesof thedatasource.
Thesemethods,however, fail to provide adequatesolutionsfor
compressinga massive datatable,asthey view thetableasa large
bytestringanddonotaccountfor thecomplex dependency patterns
in thetable.

Comparedto conventionalcompressionproblems,effectivelycom-
pressingmassive tablespresentsa hostof novel challengesdueto
severaldistinctcharacteristicsof tabledatasetsandtheiranalysis.� Approximate(Lossy)Compression.Dueto theexploratoryna-
tureof many data-analysisapplications,thereareseveralscenarios
in which an exact answermay not be required,andanalystsmay
in fact prefer a fast, approximateanswer, as long as the system
canguaranteean upperboundon the error of the approximation.
For example,during a drill-down querysequencein ad-hocdata
mining,initial queriesin thesequencefrequentlyhavethesolepur-
poseof determiningthetruly interestingqueriesandregionsof the
datatable. Providing (reasonablyaccurate)approximateanswers
to theseinitial queriesgivesanalyststhe ability to focustheir ex-
plorationsquickly and effectively, without consuminginordinate



age salary assets credit
20 30,000 25,000 poor
25 76,000 75,000 good
30 90,000 200,000 good
40 100,000 175,000 poor
50 110,000 250,000 good
60 50,000 150,000 good
70 35,000 125,000 poor
75 15,000 100,000 poor (outlier: salary = 100,000)

assets = 225,000yn

assets = 125,000assets = 50,000

salary > 80,000

age > 50

yn

salary > 40,000

n y

credit = poor credit = good
(outlier: salary = 100,000)

(a)Tuplesin Table (b) CaRT Models

Figure1: Model-BasedSemanticCompression.

amountsof valuablesystemresources.Thus,in contrastto tradi-
tional losslessdatacompression,thecompressionof massivetables
canoftenafford to be lossy, aslong assome(user- or application-
defined)upperboundson thecompressionerrorareguaranteedby
thecompressionalgorithm.This is obviously a crucialdifferentia-
tion, asevensmallerrortolerancescanhelpusachievemuchbetter
compressionratios.� SemanticCompression. Existing compressiontechniquesare
“syntactic” in thesensethatthey operateat thelevel of consecutive
bytesof data. As explainedabove, suchsyntacticmethodstypi-
cally fail to provideadequatesolutionsfor table-datacompression,
sincethey essentiallyview the dataasa large byte string anddo
notexploit thecomplex dependency patternsin thetable.Effective
tablecompressionmandatestechniquesthataresemanticin nature,
in the sensethat they accountfor andexploit both (1) the mean-
ings and dynamicrangesof individual attributes(e.g., by taking
advantageof thespecifiederror tolerances);and,(2) existing data
dependenciesandcorrelationsamongattributesin thetable.

Our Contrib utions. In this paper, we describethearchitectureof��� ��!#"$�&% 1, asystemthattakesadvantageof attributesemantics
anddata-miningmodelsto performlossycompressionof massive
datatables.

�'� ��!#"$��%
is basedon the novel ideaof exploit-

ing datacorrelationsanduser-specified“loss”/error tolerancesfor
individual attributesto constructconciseandaccurateClassifica-
tion andRegressionTree(CaRT)models[2] for entirecolumnsof
a table.Moreprecisely,

�'� ��!#"$��%
selectsacertainsubsetof at-

tributes(referredto aspredictedattributes)for whichnovaluesare
explicitly storedin the compressedtable; instead,conciseCaRTs
that predict thesevalues(within the prescribederror bounds)are
maintained.Thus,for a predictedattribute ( that is stronglycor-
relatedwith otherattributesin thetable,

�'� ��!#"$��%
is typically

ableto obtaina very succinctCaRT predictorfor thevaluesof ( ,
which canthenbeusedto completelyeliminatethecolumnfor (
in the compressedtable. Clearly, storinga compactCaRT model
in lieu of millions or billions of actualattributevaluescanresultin
substantialsavingsin storage.In addition,allowing for errorsin the
attributevaluespredictedby a CaRT modelonly servesto reduce
thesizeof themodelevenfurtherand,thus,improve thequalityof
compression;this is because,asis well known, thesizeof a CaRT
modelis typically inverselycorrelatedto theaccuracy with which
it modelsagivensetof values[2].

)
[FromWebster]Spartan: /’spart-*n/ (1) of or relatingto Spartain ancient

Greece,(2) a: markedby strictself-disciplineandavoidanceof comfortand
luxury, b: sparingof words: TERSE: LACONIC.

EXAMPLE 1.1. Considerthe table with 4 attributesand 8 tu-
plesshownin Figure1(a). Also,supposethat theacceptableerrors
dueto compressionfor thenumericattributesage, salary,andas-
setsare 2, 5,000,and 25,000,respectively. Figure 1(b) depictsa
classificationtreefor predictingthecredit attribute(with salaryas
thepredictorattribute)anda regressiontreefor predictingtheas-
setsattribute(with salaryandage asthepredictorattributes).Ob-
servethat in theregressiontree, thepredictedvalueof assets(label
valueat each leaf) is almostalwayswithin 25,000,the specified
error tolerance, of the actual tuple value. For instance, the pre-
dictedvalueof assetsfor thetuplewith salary= 90,000is 225,000
while the original valueis 200,000.Theonly tuple for which the
predictedvalueviolatesthiserror boundis thetuplewith salary=
100,000,which isanmarkedasanoutliervaluein bothtrees.Thus,
by explicitly storing, in the compressedversion of the table, each
outlier valuealongwith theCaRTmodelsandtheprojectionof the
table onto only the predictor attributes(age and salary), we can
ensure that theerror dueto compressiondoesnot exceedtheuser-
specifiedbounds.Further, storingtheCaRTmodels(plusoutliers)
for credit andassetsinsteadof theattributevaluesthemselvesre-
sultsin a reductionfrom8 to 4 valuesfor credit (2 labelsfor leaves
+ 1 split valueat internalnode+ 1 outlier) anda reductionfrom8
to 6 valuesfor assets(3 labelsfor leaves+ 2 split valuesat internal
nodes+ 1 outlier).

Thekey algorithmicproblemfacedby
�'� ��!#"$��%

’s compres-
sion engineis that of computingan optimal setof CaRT models
for the input table suchthat (a) the overall storagerequirements
of the compressedtable are minimized, and (b) all predictedat-
tribute valuesarewithin the user-specifiederror bounds. This is
a very challengingoptimizationproblemsince,not only is there
an exponentialnumberof possibleCaRT-basedmodelsto choose
from, but alsobuilding CaRTs (to estimatetheir compressionben-
efits) is a computation-intensive task,typically requiringmultiple
passesover thedata[2, 10, 13]. As a consequence,

��� �*!#"$��%
hasto employ anumberof sophisticatedtechniquesfrom theareas
of knowledgediscovery and combinatorialoptimizationin order
to efficiently discover a “good” (sub)setof predictedattributesand
constructthecorrespondingCaRT models.Below, we list someof�'� ��!#"$��%

’ssalientfeatures.� Useof BayesianNetwork to Uncover Data Dependencies.A
Bayesiannetwork is a DAG whoseedgesreflectstrongpredictive
correlationsbetweennodesof thegraph[14]. Thus,aBayesiannet-
work onthetable’sattributescanbeusedto dramaticallyreducethe
searchspaceof potentialCaRT modelssince,for any attribute,the
mostpromisingCaRT predictorsaretheonesthatinvolveattributes
in its “neighborhood”in the network. Our current

��� �*!#"$��%
implementationusesa constraint-basedBayesiannetwork builder
basedonrecentlyproposedalgorithmsfor efficiently inferringpre-
dictivestructurefrom data.To controlthecomputationaloverhead,
theBayesiannetwork isbuilt usingareasonablysmallrandomsam-
pleof theinput table.� Novel CaRT-selectionAlgorithms that Minimize StorageCost.�'� ��!#"$��%

exploits the inferredBayesiannetwork structureby
using it to intelligently guide the selectionof CaRT modelsthat
minimize theoverall storagerequirement,basedon theprediction
and materializationcostsfor eachattribute. Intuitively, the goal
is to minimize the sum of the predictioncosts(for predictedat-
tributes)andmaterializationcosts(for attributesusedin theCaRTs).
Wedemonstratethatthismodel-selectionproblemis astrictgener-
alizationof theWeightedMaximumIndependentSet(WMIS)prob-
lem [9], which is known to be

%+�
-hard. However, by employing

a novel algorithmthateffectively exploits thediscoveredBayesian



structurein conjunctionwith efficient,near-optimalWMIS heuris-
tics,

�'� ��!#"$��%
is ableto obtaina goodsetof CaRT modelsfor

compressingthetable.� Impr ovedCaRT Construction Algorithms that Exploit Err or
Tolerances. A significationportion of

�'� ��!#"$��%
’s execution

time is spentin building CaRT models. This is mainly because��� ��!#"$�&%
needsto actuallyconstructmany promisingCaRTs

in order to estimatetheir predictioncost,andCaRT construction
is a computationally-intensive process.To reduceCaRT-building
times and speedup systemperformance,

��� �*!#"$��%
employs

the following threeoptimizations:(1) CaRTs arebuilt usingran-
dom samplesinsteadof the entiredataset,(2) leavesarenot ex-
pandedif valuesof tuplesin themcanbepredictedwith acceptable
accuracy, and(3) pruningis integratedinto thetreegrowing phase
usingnovel algorithmsthat exploit the prescribederror tolerance
for thepredictedattribute.

��� �*!#"$��%
thenusestheCaRTsbuilt

to compressthefull datasetin onepass.

We have implementedthe
�'� ��!#"$��%

systemandconducted
an extensive experimentalstudy with threereal-life datasetsto
comparethequality of compressiondueto

�'� ��!#"$��%
’s model-

basedapproachwith existing syntacticandsemanticcompression
techniques.For all threedatasets,andeven for small error toler-
ances(e.g.,1%),we foundthat

��� �*!#"$��%
is ableto achieve,on

anaverage,20-30%bettercompressionratios. Further, our exper-
imental resultsindicatethat

��� ��!#"$�&%
compressestablesbet-

ter whenthey containmorenumericattributesandaserrorthresh-
olds grow bigger. For instance,for a tablecontainingmostly nu-
mericattributesandfor highererrortolerancesin the5-10%range,��� ��!#"$�&%

outperformedexistingcompressiontechniquesbymore
thana factorof 3. Finally, we show thatour improvedCaRT con-
structionalgorithmsmake

��� ��!#"$�&%
’s performancecompeti-

tive, enablingit to compressdatasetscontainingmore thanhalf
amillion tuplesin a few minutes.

2. OVERVIEW OF APPROACH
2.1 Preliminaries
Definitions and Notation. The input to the

�'� ��!#"$��%
system

consistsof a , -attributetable - , comprisinga largenumberof tu-
ples(rows). We let .0/213( )5476767684 (:9 ; denotethe setof , at-
tributesof - and <>=@?BAC(:DFE representthe domainof attribute (GD .
Attributeswith adiscrete,unorderedvaluedomainarereferredto as
categorical, whereasthosewith orderedvaluedomainsarereferred
to asnumeric. Wealsouse-IH to denotethecompressedversionof
table - , and J -:J ( J - H J ) to denotethestorage-spacerequirementsfor- ( -IH ) in bytes.

Thekey inputparameterto oursemanticcompressionalgorithms
is a (user- or application-specified), -dimensionalvectorof error
tolerances KL /2M L )7476367684 L 9>N that definesthe per-attributeaccept-
abledegreeof informationlosswhencompressing- . (Per-attribute
error boundsarealsoemployed in the fasciclesframework [12].)
Intuitively, the OQPCR entryof thetolerancevector L D specifiesanup-
perboundon theerrorby which any (approximate)valueof ( D in
thecompressedtable-IH candiffer from its originalvaluein - . Our
error tolerancesemanticsdiffer acrosscategoricalandnumericat-
tributes,dueto theverydifferentnatureof thetwo attributeclasses.

1. For a numericattribute (:D , thetoleranceL D definesanupper
boundon theabsolutedifferencebetweentheactualvalueof(GD in - and the corresponding(approximate)value in - H .
That is, if S , SUT denotethe accurateandapproximatevalue
(respectively) of attribute ( D for any tuple of - , then our
compressorguaranteesthat S�VWM S TUX L D 4 S T�Y L DZN .

2. For a categorical attribute ( D , the toleranceL D definesan
upperboundon theprobability that the(approximate)value
of ( D in -IH is different from the actualvalue in - . More
formally, if S , S T denotetheaccurateandapproximatevalue
(respectively) of attribute ( D for any tuple of - , then our
compressorguaranteesthat [GM S\/]S$T^N�_�` X L D .

For numericattributes,theerrortolerancecouldverywell bespec-
ified in termsof quantilesof theoverall rangeof valuesratherthan
absolute,constantvalues. Similarly, for categorical attributesthe
probabilityof errorcouldbespecifiedseparatelyfor eachindivid-
ualattributeclass(i.e.,value)ratherthananoverallmeasure.(Note
that suchan extensionwould, in a sense,make the error bounds
for categoricalattributesmore“local”, similarto thenumericcase.)
Ourproposedmodel-basedcompressionframework andalgorithms
canbe readily extendedto handlethesescenarios,so the specific
definitionsof error tolerancearenot centralto our methodology.
To make our discussionconcrete,we usethe definitionsoutlined
above for the two attributeclasses.(Note that our error-tolerance
semanticscanalsoeasilycapturelosslesscompressionasaspecial
case,by settingL D /ba for all O .)
Metrics. Thebasicmetricusedto comparetheperformanceof dif-
ferentcompressionalgoritmsis thewell-known compressionratio,
definedasthe ratio of thesizeof thecompresseddatarepresenta-
tion producedby thealgorithmandthesizeof theoriginal(uncom-
pressed)input. A secondaryperformancemetricis thecompression
throughputthat,intuitively, correspondsto therateatwhichacom-
pressionalgorithmcanprocessdatafrom its input; this is typically
definedasthesizeof theuncompressedinput dividedby the total
compressiontime.

Our work focusesprimarily on optimizing the compressionra-
tio, that is, achieving the maximumpossiblereductionin thesize
of the datawithin the acceptablelevels of error definedby the
user. This choiceis mainly drivenby themassive, long-liveddata
setsthatarecharacteristicof our targetdatawarehousingapplica-
tions andthe observation that the computationalcostof effective
compressioncanbe amortizedover the numerousphysicalopera-
tions(e.g.,transmissionsover a low-bandwidthlink) thatwill take
placeduringthelifetime of thedata.Also, notethatourmethodol-
ogyoffersakey “knob” for tuningcompressionthroughputperfor-
mance,namelythesizeof thedatasampleusedby

��� �*!#"$��%
’s

model-constructionalgorithms. Settingthe samplesizebasedon
the amountof main memoryavailablein the systemcanhelp en-
surehighcompressionspeeds.

2.2 Model-BasedSemanticCompression
Briefly, our proposedmodel-basedframework for the semantic

compressionof tablesis basedon two key technicalideas. First,
we exploit the (user- or application-specified)errorboundson in-
dividual attributesin conjunctionwith datamining techniquesto
efficiently build accuratemodelsof thedata.Second,wecompress
the input tableusinga selectsubsetof the modelsbuilt. The ba-
sic intuition hereis thatthisselectsubsetof data-miningmodelsis
carefullychosento capturelargeportionsof theinput tablewithin
thespecifiederrorbounds.

More formally, we definethemodel-based,compressedversion
of theinputtable- asapair -IH�/dce- T 4 13f )34g67636�4 fih>;�j where
(1) -�T is a small (possiblyempty)projectionof thedatavaluesin- thatareretainedaccurately in -IH ; and,(2) 15f )7476367684 fkh�; is a
selectsetof data-miningmodels,carefullybuilt with thepurposeof
maximizingthedegreeof compressionachievedfor - while obey-
ing thespecifiederror-toleranceconstraints.Abstractly, theroleof- T is to capturevalues(tuplesor sub-tuples)of the original table
that cannotbe effectively “summarizedaway” in a compactdata-



miningmodelwithin thespecifiederrortolerances.(Someof these
valuesl mayin factbeneededasinput to theselectedmodels.)The
attributevaluesin -�T caneitherberetainedasuncompresseddata
or becompressedusingaconventionallosslessalgorithm.

A definition of our generalmodel-basedsemanticcompression
problemcannow bestatedasfollows.

[Model-BasedSemanticCompression(MBSC)]: Givena multi-
attribute table - anda vectorof (per-attribute)error tolerancesKL ,
find a setof models 15f )3476767684 fnm�; anda compressionscheme
for - basedon thesemodels- H /dco-&T 4 13f ) 476g676�4 f h ;Gj such
that thespecifiederrorboundsKL arenot exceededandthestorage
requirementsJ - H J of thecompressedtableareminimized.

Given the multitude of possiblemodelsthat can be extracted
from the data,this is obviously a very generalproblemdefinition
thatcoversahugedesignspaceof possiblealternativesfor semantic
compression.We provide a moreconcretestatementof the prob-
lemaddressedin ourwork on the

��� ��!#"$�&%
systemlaterin this

section.First,however, wediscusshow ourmodel-basedcompres-
sion framework relatesto recentwork on semanticcompression
anddemonstratetheneedfor themoregeneralapproachadvocated
in thispaper.

Comparisonwith Fascicles.Ourmodel-basedsemanticcompres-
sionframework, in fact,generalizesearlierideasfor semanticdata
compression,suchasthevery recentproposalof Jagadish,Madar,
and Ng on using fasciclesfor the semanticcompressionof rela-
tional tables[12]. (To the bestof our knowledge,this is the only
work on lossysemanticcompressionof tableswith guaranteedup-
perboundson thecompressionerror2.)

A fasciclebasicallyrepresentsa collectionof tuples(rows) that
have approximatelymatchingvaluesfor some(but not necessarily
all) attributes,wherethe degreeof approximationis specifiedby
user-provided compactnessparameters.Essentially, fasciclescan
be seenasa specificform of data-miningmodels,i.e., clustersin
subspacesof thefull attributespace,wherethenotionof a cluster
is basedon theacceptabledegreeof lossduringdatacompression.
Thekey ideaof fascicle-basedsemanticcompressionis to exploit
thegivenerrorboundsto allow for aggressive groupingand“sum-
marization”of valuesby clusteringmultiplerowsof thetablealong
severalcolumns(i.e., thedimensionalityof thecluster).

EXAMPLE 2.1. Considerthe table in Figure 1(a) describedin
Example1.1. Error tolerancesof 2, 5,000and25,000for thethree
numericattributesage,salaryandassets,respectively, resultin the
following two fascicles:p ) prq

30 90,000 200,000 good
50 110,000 250,000 good

70 35,000 125,000 poor
75 15,000 100,000 poor

Thetuplesin thetwo fascicles
p ) and

p q
are similar (with respect

to thepermissibleerrors) on theassetandcredit attributes(shown
in bold). Thereasonfor this is that twoattributevaluesareconsid-
eredto besimilar if thedifferencebetweenthemis at mosttwicethe
error boundfor theattribute. Thus,substitutingfor each attribute
value, themeanof themaximumandminimumvalueof theattribute
ensures that the introducederror is acceptable. Consequently, in
order to compressthe table using fascicles,the single (sub)tuple
(225,000,good)replacesthetwo corresponding(sub)tuplesin the
first fascicleand (112,500,poor) is usedinsteadof the two sub-
tuplesin thesecondfascicle. Thus,in the final compressedtable,
themaximumerror for assetsis 25,000,andthenumberof values
storedfor theassetsandcredit attributesis reducedfrom8 to 6.q

Dueto spaceconstraints,weomit adetaileddiscussionof relatedwork; it
canbefoundin thefull versionof thispaper[1].

As the above exampleshows, in many practicalcases,fasci-
clescaneffectively exploit thespecifiederrortolerancesto achieve
high compressionratios. Therearehowever, several scenariosfor
which a more general,model-basedcompressionapproachis in
order. The main observation hereis that fasciclesonly try to de-
tect “row-wise” patterns,wheresetsof rows have similar values
for several attributes. Such“row-wise” patternswithin the given
error-boundscanbeimpossibleto find whenstrong“column-wise”
patterns/dependencies(e.g., functionaldependencies)exist across
attributesof thetable.On theotherhand,differentclassesof data-
mining models(like ClassificationandRegressionTrees(CaRTs))
canaccuratelycaptureandmodelsuchcorrelationsand, thereby,
attainmuchbettersemanticcompressionin suchscenarios.

Revisiting Example1.1, the two CaRTs in Figure1(b) canbe
usedto predictvaluesfor theassetsandcreditattributes,thuscom-
pletelyeliminatingtheneedto explicitly storevaluesfor theseat-
tributes. Note that CaRTs result in bettercompressionratiosthan
fasciclesfor our exampletable– thestoragefor thecredit attribute
reducesfrom 8 to 4 with CaRTscomparedto 6 with fascicles.

ConcreteProblemDefinition. Theabovediscussiondemonstrates
theneedfor asemanticcompressionmethodologythatis moregen-
eralthansimplefascicle-basedrow clusteringin thatit canaccount
for and exploit strongdependenciesamongthe attributesof the
input table. The importantobservation here(alreadyoutlined in
Example1.1) is that datamining offers models(i.e., CaRTs) that
canaccuratelycapturesuchdependencieswith very concisedata
structures.Thus,in contrastto fascicles,our generalmodel-based
semanticcompressionparadigmcanaccommodatesuchscenarios.

The ideasof row-wise patterndiscovery andclusteringfor se-
manticcompressionhave beenthoroughlyexploredin thecontext
of fascicles[12]. In contrast,our work on the

��� �*!#"$��%
se-

manticcompressorreportedin this paperfocusesprimarily on the
novel problemsarisingfrom theneedto effectively detectandex-
ploit (column-wise)attributedependenciesfor thepurposesof se-
mantictablecompression.The key ideaunderlyingour approach
is that,in many cases,asmallclassification(regression)treestruc-
ture canbe usedto accuratelypredict the valuesof a categorical
(resp.,numeric)attribute (basedon the valuesof otherattributes)
for a very large fraction of tablerows. This meansthat, for such
cases,our compressionalgorithmscan completelyeliminate the
predictedcolumnin favor of a compactpredictor (i.e., a classifi-
cationor regressiontreemodel)anda small setof outlier column
values.Moreformally, thedesignandarchitectureof

��� �*!#"$��%
focusesmainlyon thefollowing concreteMBSCproblem.

[
�'� ��!#"$��%

CaRT-BasedSemanticCompression]:Givenamulti-
attributetable - with asetof categoricaland/ornumericattributes. , and a vector of (per-attribute) error tolerancesKL , find a sub-
set 15( ) 476767684 ( h ; of . anda setof correspondingCaRT models15f )347676g6�4 fkh>; suchthat: (1)modelf D isapredictorfor theval-
uesof attribute (:D basedsolelyonattributesin . X 15( ) 4g6767684 ( h ; ,
for eachOs/t` 436767684Cu ; (2) thespecifiederrorboundsKL arenot ex-
ceeded;and,(3) the storagerequirementsJ -IHvJ of the compressed
table - H /dcw- T 4 15f ) 47676g6�4 f h ;*j areminimized.

Abstractly, our novel semanticcompressionalgorithmsseekto
partition the set of input attributes . into a set of predictedat-
tributes 15( ) 476767684 ( h ; andasetof predictorattributes. X 15( ) 46767684 (�h�; suchthatthevaluesof eachpredictedattributecanbeob-
tainedwithin thespecifiederrorboundsbasedon (a subsetof) the
predictorattributesthroughasmallclassificationor regressiontree
(exceptperhapsfor a smallsetof outlier values).(We usetheno-
tation .'D�x0(:D to denotea CaRT predictorfor attribute (GD using
thesetof predictorattributes. Dzy . X 15( )3476767684 (*h>; .) Notethat



wedonotallow apredictedattribute ( D to alsobeapredictorfor a
different{ attribute.This restrictionis importantsincepredictedval-
uesof ( D cancontainerrors,andtheseerrorscancascadefurther
if theerroneouspredictedvaluesareusedaspredictors,ultimately
causingerrorconstraintsto beviolated.Thefinal goal,of course,is
to minimizetheoverall storagecostof thecompressedtable.This
storagecost J - H J is thesumof two basiccomponents:

1. Materializationcost, i.e.,thecostof storingthevaluesfor all
predictorattributes . X 13( )3476g63684 (�h>; . This costis repre-
sentedin the - T componentof thecompressedtable,which
is basicallythe projectionof - onto the setof predictorat-
tributes. (The storagecost of materializingattribute ( D is
denotedby MaterCost AC(GDFE .)

2. Predictioncost, i.e.,thecostof storingtheCaRT modelsused
for predictionplus(possibly)a smallsetof outlier valuesof
thepredictedattribute for eachmodel. (Thestoragecostof
predictingattribute ( D throughtheCaRT predictor. D x|( D
is denotedby PredCost AQ.'Dsx0(GDFE ; this doesnot include
thecostof materializingthepredictorattributesin . D .)

We shouldnote herethat our proposedCaRT-basedcompres-
sionmethodologyis essentiallyorthogonal to techniquesbasedon
row-wise clustering,like fascicles.It is entirely possibleto com-
bine the two techniquesfor an even moreeffective model-based
semanticcompressionmechanism.As an example,the predictor
attributetable -�T derivedby our “column-wise”techniquescanbe
compressedusinga fascicle-basedalgorithm. (In fact, this is ex-
actlythestrategy usedin ourcurrent

�'� ��!#"$��%
implementation;

however, othermethodsfor combiningthe two arealsopossible.)
The importantpoint hereis that, sincethe entriesof - T areused
asinputsto (approximate)CaRT modelsfor otherattributes,care
mustbe taken to ensurethaterrorsintroducedin thecompression
of -�T donotcompoundover theCaRT modelsin away thatcauses
errorguaranteesto beviolated. The issuesinvolved in combining
our CaRT-basedcompressionmethodologywith row-wisecluster-
ing techniquesareaddressedin moredetaillaterin thepaper.

2.3 Overview of the }\~��]�����W� System
As depictedin Figure2, thearchitectureof the

�'� ��!#"$��%
sys-

temcomprisesof fourmajorcomponents:theDEPENDENCYFINDER,
the CARTSELECTOR, the CARTBUILDER, andthe ROWAGGRE-
GATOR. In the following, we provide a brief overview of each��� ��!#"$�&%

component;we defera moredetaileddescriptionof
eachcomponentandtherelevantalgorithmsto Section3.
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Figure2:
��� ��!#"$�&%

SystemAr chitecure.

� DEPENDENCYFINDER. Thepurposeof theDEPENDENCYFINDER

componentis to producean interaction model for the input ta-
ble attributes,that is thenusedto guidethe CaRT building algo-
rithms of

�'� ��!#"$��%
. The main observation hereis that, since

thereis anexponentialnumberof possibilitiesfor building CaRT-
basedattributepredictors,we needa concisemodelthat identifies
thestrongestcorrelationsand“predictive” relationshipsin theinput
data.

Theapproachusedin the DEPENDENCYFINDER componentof�'� ��!#"$��%
is to constructaBayesiannetwork[14] ontheunder-

lying setof attributes. . Abstractly, aBayesiannetwork imposesa
DirectedAcyclic Graph(DAG) structure� on thesetof nodes. ,
suchthat directededgescapturedirect statisticaldependencebe-
tweenattributes.(Theexactdependencesemanticsof � aredefined
shortly.) Thus,intuitively, a setof nodesin the“neighborhood”of( D in � (e.g., ( D ’sparents)capturestheattributesthatarestrongly
correlatedto ( D and,therefore,show promiseaspossiblepredictor
attributesfor ( D .� CARTSELECTOR. TheCARTSELECTORcomponentconstitutes
thecoreof

�'� ��!#"$��%
’s model-basedsemanticcompressionen-

gine. Given the input table - and error tolerancesL D , as well
as the Bayesiannetwork on the attributesof - built by the DE-
PENDENCYFINDER, the CARTSELECTOR is responsiblefor se-
lecting a collection of predictedattributesand the correponding
CaRT-basedpredictorssuchthat the final overall storagecost is
minimized(within the given error bounds). As discussedabove,�'� ��!#"$��%

’s CARTSELECTOR employs the Bayesiannetwork� built on . to intelligently guide the searchthroughthe huge
spaceof possibleattributepredictionstrategies.Clearly, thissearch
involvesrepeatedinteractionswith theCARTBUILDERcomponent,
which is responsiblefor actuallybuilding theCaRT-modelsfor the
predictors(Figure2).

We demonstratethat even in the simplecasewherethe set of
nodesthat is usedto predict an attribute nodein � is fixed, the
problemof selectinga setof predictorsthat minimizesthe com-
binationof materializationand predictioncost naturally mapsto
theWeightedMaximumIndependentSet(WMIS)problem,whichis
known to be

%+�
-hardandnotoriouslydifficult to approximate[9].

Basedon this observation, we proposea CaRT-model selection
strategy thatstartsoutwith aninitial solutionobtainedfrom anear-
optimalheuristicfor WMIS [11] andtriesto incrementallyimprove
it by smallperturbationsbasedon theuniquecharacteristicsof our
problem.We alsogive analternative greedymodel-selectionalgo-
rithm that choosesits setof predictorsusinga simple local con-
dition during a single “roots-to-leaves” traversalof the Bayesian
network � .� CARTBUILDER. Given a collection of predictedand (corre-
sponding)predictorattributes . D x�( D , the goal of the CART-
BUILDER componentis to efficiently constructCaRT-basedmodels
for each(:D in termsof .'D for thepurposesof semanticcompres-
sion. Inductionof CaRT-basedmodelsis typically a computation-
intensiveprocessthatrequiresmultiplepassesovertheinputdata[2,
13]. As we demonstrate,however,

�'� ��!#"$��%
’s CaRT construc-

tion algorithmscantake advantageof the compressionsemantics
and exploit the user-definederror-tolerancesto effectively prune
computation.In addition,by building CaRTs usingdatasamples
insteadof theentiredataset,

��� ��!#"$�&%
is ableto furtherspeed

upmodelconstruction.� ROWAGGREGATOR. Once
�'� ��!#"$��%

’sCARTSELECTORcom-
ponenthasfinalizeda “good” solutionto theCaRT-basedsemantic
compressionproblem,it handsoff its solutionto theROWAGGRE-
GATOR componentwhich triesto furtherimprove thecompression
ratio throughrow-wise clustering. Briefly, the ROWAGGREGA-
TOR usesa fascicle-basedalgorithm[12] to compressthe predic-
tor attributes,while ensuring(basedontheCaRT modelsbuilt) that
errorsin thepredictorattributevaluesarenot propagatedthrough



the CaRTs in a way thatcauseserror tolerances(for predictedat-
tributes)� to beexceeded.

3. }\~&�]�����W� SYSTEM COMPONENTS
3.1 The DEPENDENCYFINDER Component
Moti vation. Asexplainedin Section2.2,theessenceof

��� ��!#"$�&%
’s

CaRT-basedsemanticcompressionproblemlies in discovering a
collectionof “strong” predictive correlationsamongtheattributes
of anarbitrarytable.Thesearchspacefor thisproblemis obviously
exponential:givenany attribute (:D , anysubsetof . X 15(:D�; could
potentiallybe usedto constructa predictorfor ( D ! Furthermore,
verifying the quality of a predictorfor the purposesof semantic
compressionis typically a computation-intensive task,sinceit in-
volvesactuallybuilding thecorrespondingclassificationor regres-
siontreeonthegivensubsetof attributes[2, 10,13]. Sincebuilding
anexponentiallylargenumberof CaRTs is clearly impractical,we
needamethodologyfor producingaconciseinteractionmodelthat
identifiesthestrongestpredictive correlationsamongthe input at-
tributes.Thismodelcanthenbeusedto restrictthesearchto inter-
estingregionsof thepredictionspace,limiting CaRT construction
to truly promisingpredictors.Building suchan interactionmodel
is themainpurposeof

�'� ��!#"$��%
’sDEPENDENCYFINDERcom-

ponent.
Thespecificclassof attributeinteractionmodelsusedin thecur-

rent
��� �*!#"$��%

implementationis thatof Bayesiannetworks[14].
Briefly, a Bayesiannetwork is a combinationof a probabilitydis-
tribution anda structuralmodelin theform of a DAG over theat-
tributesin which edgesrepresentdirect probabilisticdependence.
In effect,a Bayesiannetwork is a graphicalspecificationof a joint
probability distribution that is believed to have generatedthe ob-
served data. Bayesiannetworks are an essentialtool for captur-
ing causaland/orpredictivecorrelationsin observationaldata[16];
such interpretationsare typically basedon the following depen-
dencesemanticsof theBayesiannetwork structure.� Parental Markov Condition[14]: Given a Bayesiannetwork �
over a setof attributes . , any node (:D�Ve. is independentof all
its non-descendantnodesgiven its parentnodesin � (denotedby� AC( D E ).� Markov Blanket Condition[14]: Given a Bayesiannetwork �
overasetof attributes. , wedefinetheMarkov blanket of (GD�V�.
(denotedby �sAC( D E ) astheunionof ( D ’sparents,( D ’schildren,and
theparentsof (GD ’schildrenin � . Any node(:D�V�. is independent
of all othernodesgivenits Markov blanket in � .

Basedon the above conditions,a Bayesiannetwork over the
attributesof the input tablecanprovide definiteguidanceon the
searchfor promisingCaRT predictorsfor semanticcompression.
More specifically, it is clearthatpredictorsof the form � AC( D E�x(:D or �sAC(GDFE�x�(:D shouldbeconsideredasprimecandidatesfor
CaRT-basedsemanticcompression.

Construction Algorithm. Learningthestructureof Bayesiannet-
works from datais a difficult problemthat hasseengrowing re-
searchinterestin recentyears[4, 6, 8]. Therearetwo generalap-
proachesto discovering Bayesianstructure:(1) Constraint-based
methodstry to discover conditional independencepropertiesbe-
tweendataattributesusing appropriatestatisticalmeasures(e.g.,� q or mutual information)andthenbuild a network that exhibits
theobservedcorrelationsandindependencies[4, 16]. (2) Scoring-
based(or, Bayesian)methodsarebasedon defininga statistically-
motivatedscore function (e.g.,Bayesianor MDL-based)that de-
scribesthe fitnessof a probabilisticnetwork structureto the ob-
serveddata;thegoal thenis to find a structurethatmaximizesthe

score[6, 7, 8]. (In general,this is a hard optimizationproblem
that is typically

%+�
-hard[5].) Both methodshave their prosand

cons.Giventheintractabilityof scoring-basednetwork generation,
several heuristicsearchmethodswith reasonabletime complexi-
ties have beenproposed.Many of thesescoring-basedmethods,
however, assumeanordering for the input attributesandcangive
drasticallydifferent networks for different attribute orders. Fur-
ther, dueto their heuristicnature,suchheuristicmethodsmaynot
find thebeststructurefor thedata. On theotherhand,constraint-
basedmethodshave beenshown to be asymptoticallycorrectun-
dercertainassumptionsaboutthedata[4], but, typically, introduce
edgesin thenetwork basedonConditionalIndependence(CI) tests
that becomeincreasinglyexpensive and unreliableas the size of
the conditioningset increases[7]. Also, several constraint-based
methodshave very high computationalcomplexity, requiring, in
theworstcase,anexponentialnumberof CI tests.�'� ��!#"$��%

’s DEPENDENCYFINDER implementsaconstraint-
basedBayesiannetwork builder basedon the algorithmof Cheng
etal. [4]. Unlikeearlierconstraint-basedmethods,thealgorithmof
Chenget al. explicitly tries to avoid complex CI testswith large
conditioningsetsand,by usingCI testsbasedon mutualinforma-
tion divergence,eliminatestheneedfor anexponentialnumberof
CI tests[4]. In fact, given an , -attribute dataset, our Bayesian
network builder requiresat most �GAC,8�5E CI tests,which, in our im-
plementation,translatesto at most �GAC, � E passesover theinput tu-
ples. Recallthat

��� �*!#"$��%
’s DEPENDENCYFINDER usesonly

a small randomsampleof the input tableto discover the attribute
interactions;thesizeof thissamplecanbeadjustedaccordingto the
amountof mainmemoryavailable,sothatnoI/O is incurred(other
thanthatrequiredto producethesample).Also, notethat theDE-
PENDENCYFINDER is, in a sense,out of the “critical path” of the
datacompressionprocess,sincesuchattribute interactionsarean
intrinsic characteristicof the datasemanticsthatonly needsto be
discoveredoncefor eachinput table. Our DEPENDENCYFINDER

implementationaddsseveral enhancementsto the basicChenget
al. algorithm,suchastheuseof Bayesian-scoringmethodsfor ap-
propriatelyorientingtheedgesin thefinal network [1].

3.2 The CARTSELECTOR Component
TheCARTSELECTOR componentis theheartof

��� �*!#"$��%
’s

model-basedsemanticcompressionengine. Given the input data
tableand error tolerances,as well as the Bayesiannetwork cap-
turing the attribute interactions,the goal of the CARTSELECTOR

is to select(1) a subsetof attributesto be predictedand (2) the
correspondingCaRT-basedpredictors,suchthat the overall stor-
agecost is minimized within the specifiederror bounds. Recall
from Section2.2 that the total storagecost J - H J is the sumof the
materializationcosts(of predictorattributes)andpredictioncosts
(of the CaRTs for predictedattributes). In essence,the CARTS-
ELECTOR implementsthe core algorithmicstrategies for solving�'� ��!#"$��%

’s CaRT-basedsemanticcompressionproblem(Sec-
tion 2.2). Decidingon a storage-optimalsetof predictedattributes
andcorrespondingpredictorsposesahardcombinatorialoptimiza-
tion problem;asthefollowing theoremshows,theproblemis

%+�
-

hardevenin thesimplecasewherethesetof predictorattributesto
beusedfor eachattributeis fixed.

THEOREM 3.1. Considera given set of , predictors 1@. D x(GD�� for all (:D�V�. 4 where .'D y .\; . Choosinga storage-
optimal subsetof attributes . h7������y . to be predictedusingat-
tributesin . X .�h3����� is

%+�
-hard.

Thesimpleinstanceof
��� �*!#"$��%

’sCaRT-basedsemanticcom-
pressionproblemdescribedin theabove theoremcanbeshown to



be equivalent to the WeightedMaximumIndependentSet(WMIS)
problem,� which is known to be

%o�
-hard.TheWMIS problemcan

be statedas follows: “Given a node-weighted,undirectedgraph��/ AQ¡ 4�¢ E , find a subsetof nodes¡ T y ¡ suchthatno two ver-
ticesin ¡£T arejoinedby anedgein ¢ andthetotalweightof nodes
in ¡�T is maximized.” Abstractly, thepartitioningof thenodesinto¡ T and ¡ X ¡ T correspondsexactly to thepartitioningof attributes
into “predicted” and “materialized” with the edgesof � captur-
ing the“predictedby” relation.Further, theconstraintthatno two
verticesin ¡�T areadjacentin � ensuresthatall the(predictor)at-
tributesfor a predictedattribute (in ¡ T ) are materialized,which
is a requirementof

�'� ��!#"$��%
’s compressionproblem. Also,

the weightof eachnodecorespondsto the “storagebenefit” (ma-
terializationcost- predictioncost)of predictingthecorresponding
attribute.Thus,maximizingthestoragebenefitof thepredictedat-
tributeshasthesameeffect asminimizing theoverall storagecost
of thecompressedtable.

Even thoughWMIS is known to be
%+�

-hardandnotoriously
difficult to approximatefor generalgraphs[9], several recentap-
proximationalgorithmshavebeenproposedwith guaranteedworst-
caseperformanceboundsfor bounded-degree graphs [11]. The
optimizationproblemfacedby

�'� ��!#"$��%
’s CARTSELECTOR

is obviously muchharderthansimpleWMIS, sincethe CARTS-
ELECTOR is essentiallyfree to decideon the set of predictorat-
tributesfor eachCaRT. Further, the CARTSELECTOR alsohasto
invoke

�'� ��!#"$��%
’sCARTBUILDERcomponenttoactuallybuild

potentiallyusefulCaRTs,andthisconstructionis itselfacomputation-
intensive task[2, 13].

Given the inherentdifficulty of the CaRT-basedsemanticcom-
pressionproblem,

��� �*!#"$��%
’sCARTSELECTOR implementstwo

distinct heuristicsearchstrategies that employ the Bayesiannet-
work model of - built by the DEPENDENCYFINDER to intelli-
gentlyguidethesearchthroughthehugespaceof possibleattribute
predictionalternatives. Thefirst strategy is a simplegreedyselec-
tion algorithmthatchoosesCaRT predictorsgreedilybasedontheir
storagebenefitsduring a single “roots-to-leaves” traversalof the
Bayesiangraph. The second,morecomplex strategy takesa less
myopicapproachthatexploits the similaritiesbetweenour CaRT-
selectionproblemand WMIS; the key idea hereis to determine
the set of predictedattributes(and the correspondingCaRTs) by
obtaining(approximate)solutionsto a numberof WMIS instances
createdbasedon theBayesianmodelof - .

TheGreedyCaRT Selector. Briefly,
��� �*!#"$��%

’sGreedyCaRT-
selectionalgorithmvisits thesetof attributes . in thetopological-
sortorderimposedby theconstructedBayesiannetwork model �
andtries to build a CaRT predictorfor eachattributebasedon its
predecessors.Thus, for eachattribute (GD visited, thereare two
possiblescenarios.

1. If (GD hasno parentnodesin � (i.e., node (:D is a root of� ) thenGreedyconcludesthat ( D cannotbepredictedand,
consequently, places(GD directlyin thesubsetof materialized
attributes.'m�¤ P .

2. Otherwise(i.e., � AC(GDQE is not empty in � ),
�'� ��!#"$��%

’s
CARTBUILDER componentis invokedto constructa CaRT-
basedpredictorfor ( D (within the specifiederror toleranceL D ) usingthesetof attributeschosenfor materializationthus
far .'m�¤ P . (Note that possiblyirrelevant attributesin .'m�¤ P
will be filtered out by the CaRT constructionalgorithm in
CARTBUILDER.) Oncethe CaRT for ( D is built, the rela-
tive storagebenefitof predicting(:D canbeestimated;(GD is
chosenfor predictionif this relative benefitis at least ¥ (an
inputparameterto Greedy) andmaterializedotherwise.

Our Greedyalgorithmprovidesa simple,low-complexity solu-
tion to

�'� ��!#"$��%
’sCaRT-basedsemanticcompressionproblem.

(Thedetailedpseudo-codefor Greedycanbefoundin [1].) Given
an , -attributetableandBayesiannetwork � , it is easyto seethat
Greedyalwaysconstructsat most AC, X `5E CaRT predictorsdur-
ing its traversalof � . This simplicity, however, comesat a price.
More specifically, GreedyCaRT selectionsuffers from two major
shortcomings.First,selectinganattribute ( D to bepredictedbased
solelyonits “localized”predictionbenefit(throughitspredecessors
in � ) is a very myopicstrategy, sinceit ignoresthepotentialben-
efitsfrom using (:D itself asa (materialized)predictorattributefor
its descendantsin � . Suchvery localizeddecisionscanobviously
resultin pooroverall predictorselections.Second,thevalueof the
“benefit threshold”parameter¥ canadverselyimpact the perfor-
manceof thecompressionengineandselectinga reasonablevalue
for ¥ is not a simpletask. A high ¥ valuemaymeanthatvery few
or nopredictorsarechosen,whereasa low ¥ valuemaycauselow-
benefitpredictorsto be chosenearly in the searchthusexcluding
somehigh-benefitpredictorsat lower layersof the Bayesiannet-
work.
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Figure3: Example Instancefor CARTSELECTOR Algorithms.

EXAMPLE 3.1. Considerthe Bayesiannetworkgraph defined
over attributes ( )3436767684 ( � shownin Figure 3(a). Let themateri-
alizationcostof each attributebe 125. Further, let theprediction
costsof CaRTpredictors beasfollows:

PredCost ¦C§©¨ )gª'« ¨ q3¬:­�®7¯
PredCost ¦°§©¨ q ª'« ¨�± ¬G­³²´¯

PredCost ¦C§©¨ )gª'« ¨�± ¬:­iµ3¶
PredCost ¦°§©¨ q ª'« ¨ �

¬G­kµ3¶
PredCost ¦C§©¨ )gª'« ¨ �

¬:­2²´·3¯
PredCost ¦°§©¨�± ª'« ¨ �

¬G­i®7¯
Supposethat ¥¸/¹` 6 º . Since ( ) has no parents, it is initially
addedto .'m�¤ P . In thenext twoiterations,sinceMaterCost AC( q E»
PredCost AF15( ) ;¼x³( q E8/b` 6 ½v¾ jw` 6 º andMaterCost AC( ± E»
PredCost AF15( ) ;�x2( ± E�/¸` 6 º@½ j+` 6 º , ( q and ( ± are added

to .�h3����� . Finally, ( � is addedto . m�¤ P sinceMaterCost AC( � E »
PredCost AF13( ) ;�x0( � E'/³`dc¿` 6 º . Thus,the overall storage
cost of materializing ( ) and ( � , and predicting ( q and ( ± is`5À º Y ¾Áº YÃÂ a Y `5À º /bÄva º .
TheMaxIndependentSetCaRT Selector.

�'� ��!#"$��%
’sMaxIn-

dependentSetCaRT-selectionalgorithm,depictedin Figure4, al-
leviatesthe drawbacksof Greedy mentionedabove. Intuitively,
the MaxIndependentSetalgorithmstartsout by assumingall at-
tributesto be materialized,i.e., .'ms¤ P /Å. (Step1), and then
works by iteratively solving WMIS instancesthat try to improve
theoverall storagecostby moving thenodesin the(approximate)
WMIS solutionto the subsetof predictedattributes .�h7����� . Con-
sider the first iteration of the main while-loop (Steps3–30). Al-
gorithm MaxIndependentSetstartsout by building CaRT-based
predictorsfor eachattribute ( D in . basedon ( D ’s “predictive
neighborhood” in theconstructedBayesiannetwork � (Steps5–
7); thisneighborhood functionis an input parameterto theal-
gorithmandcanbesetto either ( D ’s parentsor its Markov blanket
in � . Then,basedon the“predicted-by”relationsobserved in the
constructedCaRTs,MaxIndependentSetbuilds a node-weighted,
undirectedgraph� P ��m�h on . with (a)all edgesAC(:D 4ÇÆ E , whereÆ
is usedin theCaRT predictorfor ( D , and(b) weightsfor eachnode



procedure MaxIndependentSet( È�¦ZÉ ¬ , ÊË , Ì , Í@ÎvÏ�Ð7Ñ3ÒÁÓgÔ7ÑÁÓ3ÓgÕU¦ ¬ )
Input: Ö -attributetable È ; Ö -vectorof errortolerancesÊË ; BayesiannetworkÌ on thesetof attributes É ; function Í@ÎvÏ�Ð7Ñ3ÒÁÓgÔ7ÑÁÓ3ÓgÕU¦ ¬ definingthe

“predictive neighborhood”of anodë D in Ì (e.g., ×�¦Ø¨ D ¬ or Ù�¦Ø¨ D ¬ ).
Output: Setof materialized(predicted)attributes ÉÚm�¤ P ( É h3����� ­ ÉdÛÉÚm�¤ P ) andaCaRT predictorPRED ¦Ü¨ D ¬ « ¨ D for eacḧ DrÝ É h7�´�F� .
begin
1. É m�¤ P�Þ

­ É , É h7����� Þ
­Bß

2. PRED ¦Ø¨ D ¬ Þ
­Bß

for all ¨ DÚÝ É , improve := true
3. while ( improve à­ false) do
4. for each ¨ DÚÝ É m�¤ P5. mater neighbors ¦Ø¨ D ¬ Þ

­ ¦CÉ m�¤ P á Í@ÎvÏ�Ð7Ñ3ÒÁÓgÔ7ÑÁÓ3ÓgÕ�¦Ü¨ D
¬Q¬>â

§ PRED ¦Ø¨ ¬ Þ ¨ Ý Í@ÎvÏ�Ð7Ñ3ÒÁÓgÔ7ÑÁÓ3ÓgÕU¦Ø¨ D ¬�ã ¨ Ý É h7����� ª Û�§©¨ D ª
6. ä Þ

­
BuildCaRT ¦ mater neighbors ¦Ü¨ D ¬ « ¨ D ã Ë D ¬

7. let PRED ¦Ø¨ D ¬rå mater neighbors ¦Ø¨ D ¬ bethesetof predictor
attributesusedin ä

8. cost change D Þ
­B¶

9. for each ¨¼æ Ý É h7����� suchthat ¨ DrÝ PRED ¦Ø¨¼æ ¬
10. NEW PRED D ¦Ø¨¼æ ¬ Þ

­
PRED ¦Ø¨¼æ ¬ Û	§©¨ D ª â PRED ¦Ø¨ D ¬

11. ä Þ
­
BuildCaRT ¦ NEW PRED D ¦Ø¨¼æ ¬ « ¨'æ ã Ë æ ¬

12. setNEW PRED D ¦Ø¨¼æ ¬ to the(sub)setof predictorattributes
usedin ä

13. cost change D Þ
­
cost change DUç ¦ PredCost ¦ PRED ¦Ü¨'æ ¬« ¨¼æ ¬ Û PredCost ¦ NEW PRED D ¦Ü¨'æ ¬ « ¨¼æ ¬Q¬

14. end
15. end
16. build anundirected,node-weightedgraph Ì P ��m�h

­ ¦ZÉ m�¤ P
ã�è
P ��m�h

¬
on thecurrentsetof materializedattributes É ms¤ P , where:

17. (a)
è
P ��m�h Þ

­ §@¦Ü¨ ãÇé�¬ Þ7ê pair ¦Ø¨ ã�é�¬ Ý PRED ¦Ü¨'æ ¬ for somë'æ
in É h7����� ª�ë §@¦Ø¨ D ãFé�¬ Þgê

é Ý PRED ¦Ü¨ D ¬ , ¨ DÚÝ É m�¤ P ª18. (b) weight ¦Ø¨ D ¬ Þ
­
MaterCost ¦Ü¨ D ¬ Û PredCost ¦ PRED ¦Ø¨ D ¬« ¨ D ¬ ç cost change D for eacḧ DÚÝ ÉÚms¤ P19. ì Þ

­Bí�îØï$ð$ñ�òoó�ô ¦ZÌ P ��m�h
¬

20. /* select(approximate)maximumweight independentsetin */
21. /* Ì P ��m�h as“maximum-benefit”subsetof predictedattributes*/
22. if ¦CõBö�÷ùø weight ¦Ø¨ ¬rúû¶5¬

then improve := false
23. else /* updateÉ m�¤ P , É h7����� , andthechosenCaRT predictors*/
24. for each ¨¼æ Ý É h7�����
25. if ( PRED ¦Ü¨'æ ¬ á ì

­ §©¨ D ª ) then
26. PRED ¦Ø¨¼æ ¬ Þ

­
NEW PRED D ¦Ø¨¼æ ¬

27. end
28. ÉÚm�¤ P Þ

­ ÉÚm�¤ P Ûüì , É h3����� Þ
­ É h7����� â ì

29. end
30. end /* while */
end

Figure4: The MaxIndependentSetCaRT-SelectionAlgorithm.

( D setequalto thestorage-costbenefitof predicting( D (Steps16–
18). Finally, MaxIndependentSetfinds a (near-optimal) WMIS
of � P ��m�h andthecorrespondingnodes/attributesaremovedto the
predictedset .�h7����� with theappropriateCaRT predictors(assum-
ing thetotal benefitof theWMIS is positive) (Steps19–29).

Notethat in Step5, it is possiblefor mater neighbors AC(GDFE
to be ý . This couldhappen,for instance,if ( D is a root of � and( D ’s neighborhood comprisesof its parents.In this case,the
model f returnedby BuildCaRT is emptyandit doesnot make
sensefor ( D to be in the predictedset . h3����� . We ensurethat ( D
alwaysstaysin . ms¤ P by settingPredCost A PRED AC(GDFE�x|(GDFE toþ if PRED AC( D E£/�ý , which causes( D ’s weight to becomeX þ
in Step18.

TheWMIS solutiondiscoveredafterthisfirst iterationof MaxIn-
dependentSetcanbe further optimized,sinceit makesthe rather
restrictiveassumptionthatanattributecanonly bepredictedbased
on its directneighborhood in � . For example,considera sce-
nario where � containsthe directedchain 15( 4�Æ ;�x ÿix �

,
andtheattributepair 15( 4�Æ ; providesaverygoodpredictorfor ÿ ,
whichitself is agoodpredictorfor thevalueof

�
. Then,theinitial

WMIS solutioncanobviously selectonly oneof thesepredictors.
Ontheotherhand,theabovescenariomeansthat(by “transitivity”)
it is very likely that 13( 4ÇÆ ; canalsoprovide a goodpredictorfor�

(i.e.,only ( and Æ needto bematerialized).
Later iterationsof MaxIndependentSet’s main while-loop try

to further optimizethe initial WMIS solutionbasedon the above
observation. This is accomplishedby repeatedlymoving attributes
from the remainingsetof materializedattributes .'m�¤ P to thepre-
dictedattributes. h7����� . Foreachmaterializedattribute (:D , MaxIn-
dependentSetfindsits “materializedneighborhood”in theBayesian
model � , thatcomprisesfor eachnode( in theneighborhood
of ( D : (1) ( itself, if ( V .'m�¤ P and(2) the (materialized)at-
tributescurrentlyusedto predict ( , if ( V�. h7�´�F� (Step5). A
CaRT predictorfor ( D basedon its materializedneighborsis then
constructed(Step6). Now, since( D mayalreadybeusedin anum-
berof predictorsfor attributesin . h3����� , wealsoneedto accountfor
thechangein storagecostfor thesepredictorswhen ( D is replaced
by its materializedneighborsusedto predict it; this change(de-
notedby cost change D ) is estimatedin Steps8–14. Thenode-
weighted,undirectedgraph � P ��m�h is thenbuilt on . ms¤ P with the
weightfor eachnode ( D setequalto theoverall storagebenefitof
predicting( D , includingcost change D (Steps16-18).(Notethat
this benefitmay very well be negative.) Finally, a (near-optimal)
WMIS of � P ��mzh is chosenandaddedto the setof predictedat-
tributes.�h3����� with theappropriateupdatesto thesetof CaRT pre-
dictors.Notethat,sinceour algorithmconsidersthe“transitive ef-
fects” of predictingeachmaterializednode (GD in isolation,some
additionalcarehasto be taken to ensurethat at mostonepredic-
tor attributefrom eachalreadyselectedCaRT in . h3����� is chosenat
eachiteration.This is accomplishedby ensuringthatall attributes
belongingto apredictorsetPRED AC( æ E for some( æ Vû. h7����� form
a clique in theconstructionof � P ��m�h (Step17). Then,by its defi-
nition, theWMIS solutioncancontainatmostonenodefrom each
suchsetPRED AC( æ E . MaxIndependentSet’swhile-loopcontinues
until nofurtherimprovementson theoverall storagecostarepossi-
ble (Step22).

EXAMPLE 3.2. ConsidertheBayesiannetworkgraphshownin
Figure 3(a) and let predictioncostsfor attributesbe asdescribed
earlier in Example3.1. Further, supposethe neighborhood
functionfor anode(GD is itsparents.In thefirst iteration,PRED AC( ) Ez/ý , PRED AC( q E*/k( ) , PRED AC( ± E:/k( q andPRED AC( � Ed/k( ± .
Further, since . h7����� /ný , cost change D /�a for each ( D V. m�¤ P . Asa result,thegraph � P ��m�h andweightsfor thenodesare
setasshownin Figure3(b). Notethatnode( ) is assignedaweight
of X þ becausePRED AC( ) E&/�ý . TheoptimalWMISof � P ��m�h is15( ± ; sinceits weightis greaterthanthesumof theweightsof ( q
and ( � . Thus,after thefirst iteration .�h3������/¿13( ± ; .

In theseconditeration,PRED AC( � E is setto ( q in Steps5–7since�������	��

�����
����� AC( � E�/ ( ± and ( ± V+. h7�´�F� with PRED AC( ± E�/( q . Further, PRED AC( ) E&/�ý andPRED AC( q E�/ ( ) . Also,since( q V PRED AC( ± E , in Steps8–14,NEW PRED
q AC( ± E&/ 13( ) ; and

cost change
q / PredCost AF15( q ;�x ( ± E X PredCost AF15( ) ;xk( ± E$/ X ½vº . In addition,since( ) and ( � arenotpredictorsfor

a predictedattribute, cost change ) / cost change � /�a .
Thus,thegraph � P ��m�h andweightsfor thenodesare setasshown
in Figure3(c). Theweightfor ( q is essentiallyMaterCost AC( q EX PredCost AF15( ) ;�x ( q E Y cost change

q /�`3À º X ¾Áº X½ùº andtheweightfor ( � isMaterCost AC( � E X PredCost AF15( q ;x ( � E Y cost change � /¿`5À º XoÂ a Y a . TheoptimalWMIS
of � P ��m�h is 15( � ; and thus . h7�´�F� /�15( ± 4 ( � ; after the second
iteration.

Finally, Figure3(d)illustrates� P ��m�h duringthethird iteration–
node( q hasa weightof X ½ a sincePRED AC( q E�/o15( ) ; and ( q is



usedto predictboth ( ± and ( � . Thus,whilepredicting(insteadof
materializing)� ( q resultsin a decreaseof 50 in thecostof ( q , the
costof predicting ( ± and ( � using ( ) (insteadof ( q ) increases
increasesby 110, thus resulting in a net increasein cost of 60.
Thealgorithmterminatessinceweightof everynodein � P ��m�h is
negative. Theendresultis a total storage costof only 345,which
is, in fact, theoptimalsolutionfor this instance.

Complexity of Algorithm MaxIndependentSet. Analyzing the
executionof algorithmMaxIndependentSet, wecanshow that,in
theworst case, it requiresat most �GAC,�E invocationsof theWMIS

solutionheuristic( ������������� � ) andconstructsat most �GA�! 9	"q E
CaRT predictors,where , is the numberof attributesin . and !
is an upperboundon the numberof predictorattributesusedfor
any attribute in . h7�´�F� . Further, underassumptionsslightly less
pessimisticthanthe worst case,it canbe shown that our MaxIn-
dependentSetalgorithmonly needsto solve �GA$#&%	's,�E WMIS in-
stancesandbuild �GA�!�,(#)%�'�,�E CaRT predictors.Thedetailsof the
analysiscanbefoundin thefull paper[1].

3.3 The CARTBUILDER Component��� ��!#"$�&%
’s CARTBUILDER componentconstructsa CaRT

predictor. D x|( D for theattribute ( D with . D asthepredictorat-
tributes.TheCARTBUILDER’sobjective is to constructthesmall-
est(in termsof storagespace)CaRT modelsuchthateachpredicted
value(of a tuple’s valuefor attribute (:D ) deviatesfrom theactual
valueby at most L D , theerrortolerancefor attribute ( D .

If thepredictedattribute ( D is categorical, then
�'� ��!#"$��%

’s
CARTBUILDERcomponentbuildsacompactclassificationtreewith
valuesof ( D servingasclasslabels.CARTBUILDERemploysclas-
sificationtreeconstructionalgorithmsfrom [15] to first constructa
low storagecosttreeandthenexplicitly storessufficientnumberof
outlierssuchthat the fractionof misclassifiedrecordsis lessthan
thespecifiederrorboundL D . Thus,CARTBUILDERguaranteesthat
thefractionof attribute ( D ’svaluesthatareincorrectlypredictedis
lessthan L D .

In the caseof numericpredictedattributes ( D , �'� ��!#"$��% ’s
CARTBUILDER employsanovel, efficientalgorithmfor construct-
ing compactregressiontreesfor predicting ( D with an error that
is guaranteednot to exceed L D . The key technicalideain our al-
gorithm is to integratebuilding andpruningduring the top-down
constructionof aguaranteed-errorregressiontree– this is achieved
througha novel technique(basedon dynamicprogramming)for
computinga lower boundon thecostof a yet-to-be-expandedsub-
tree.Dueto spaceconstraints,thedetailsof

��� �*!#"$��%
’s regres-

siontreeconstructionalgorithmcanbefoundin thefull paper[1].

3.4 The ROWAGGREGATOR Component��� ��!#"$�&%
’s CARTSELECTOR componentcomputesthe set

of attributes15( )34g6767684 (*h�; to predictandtheCaRT models15f )346g636�4 f h ; for predictingthem. Thesemodelsare storedin the
compressedversion -IH of the tablealongwith -�T , the projection
of table - on predictorattributes. Obviously, by compressing- T
onecouldreducethestorageoverheadof -IH evenfurther. However,
while losslesscompressionalgorithmscanbeusedto compress- T
without any problems,we needto bemorecarefulwhenapplying
lossycompressionalgorithmsto - T . This is because,with lossy
compression,the valueof a predictorattribute ( D in -�T may be
differentfrom its original valuethatwasinitially usedto build the
CaRT models.As a result,it is possiblefor errorsthatexceedthe
specifiedbounds,to be introducedinto thevaluesof predictedat-
tributes.For instance,considerthetablefrom Example1.1(shown
in Figure1(a))andtheCaRTsin Figure1(b)containedin thecom-
pressedversion - H of the table. Supposethat the error tolerance

for thesalaryattribute is 5,000andafter (lossy)compression,the
salary valueof 76,000is storedas 81,000in - T . Consequently,
sincethe classificationtree in Figure 1(b) is usedto predict the
value of the assetsattribute, the value of the attribute would be
wrongly predictedas 225,000(insteadof 75,000),thusviolating
theerrorboundof 25,000.�'� ��!#"$��%

’s ROWAGGREGATOR componentusesa fascicle-
basedalgorithm[12] to furthercompressthetable -�T of predictor
attributes.Sincefascicle-basedcompressionis lossy, in thefollow-
ing, we show how the above-mentionedscenariocanbe avoided
when compressingnumericattributesusing fascicles. For a nu-
mericpredictorattribute ( D , definevalue * to be a split valuefor( D if ( D j�* is a split conditionin someCaRT f D in -IH . Also,
in a fascicle(setof records),we saythat an attribute ( D is com-
pact if the range M S$T 4 SUT T^N of ( D -valuesin the fascicle,in addition
to having width at most À L D , alsosatisfiesthepropertythat for ev-
ery split value * , either S$T¼j+* or SUT T�,+* . In our fascicle-based
compressionalgorithm, for eachcompactattribute (GD , by usingACS T�Y S T T E » À as the representative for ( D -valuesin the fascicle,
we canensurethat the error boundsfor both predictoraswell as
predictedattributesare respected.In fact, we can show that the
valuesfor predictedattributesareidenticalprior to andafter -�T is
compressedusingfascicles.This is becausefor eachtuple - in - T ,
theoriginal andcompressedtuple traversethesamepathin every
CaRT f³D . For instance,supposethat (GD�j�* is a split condition
in someCaRT and -7M ( D N is differentafter compression.Then, if
-7M (:D°N�j.* , it mustbethecasethatfor thefasciclecontaining- , for
the ( D -valuerange M S$T 4 S$T T N , S$T¼j/* . Thus,thecompressedvalue
for -7M ( D N ( ACS$T Y S$T TZE » À ) mustalsobe greaterthan * . In a similar
fashion,we canshow thatwhen -7M (:D°N0,�* , thecompressedvalue
of -7M ( D N is alsolessthanor equalto * . Thus,our morestrict def-
inition of compactattributespreventserrorsin predictorattributes
from rippling throughthe predictedattributes. Further, the fasci-
clecomputationalgorithmsdevelopedin [12] canbeextendedin a
straightforwardmannerto computefasciclescontaining1 compact
attributes(accordingto our new definition).

4. EXPERIMENT AL STUDY
In this section,we presentthe resultsof an extensive empirical

studywhoseobjective wasto comparethequality of compression
dueto

��� �*!#"$��%
’s model-basedapproachwith existingsyntac-

tic (gzip) and semantic(fascicles)compressiontechniques. We
conductedawiderangeof experimentswith threeverydiversereal-
life datasetsin whichwemeasuredbothcompressionratiosaswell
asrunningtimesfor

�'� ��!#"$��%
. Themajorfindingsof ourstudy

canbesummarizedasfollows.� Better CompressionRatios. On all data sets,
��� �*!#"$��%

producessmallercompressedtablescomparedto gzip andfasci-
cles. The compressiondueto

�'� ��!#"$��%
is moreeffective for

tablescontainingmostly numericattributes,at timesoutperform-
ing gzip andfasciclesby a factorof 3 (for error tolerancesof 5-
10%). Even for error tolerancesas low as 1%, the compression
dueto

��� �*!#"$��%
, on anaverage,is 20-30%betterthanexisting

schemes.� Small SampleSizesare Effective. For thedatasets,evenwith
samplesassmallas50KB (0.06%of onedataset),

�'� ��!#"$��%
is

ableto computeagoodsetof CaRT modelsthatresultin excellent
compressionratios.Thus,usingsamplesto build theBayesiannet-
work andCaRT modelscanspeedup

�'� ��!#"$��%
significantly.� Best Algorithms for

�'� ��!#"$��%
Components. The MaxIn-

dependentSetCaRT-selectionalgorithmcompressesthedatamore
effectively thattheGreedyalgorithm.Further, since

��� �*!#"$��%



spendsmostof its time building CaRTs (between50% and75%
depending2 on thedataset),the integratedpruningandbuilding of
CaRTs resultsin significantspeedupsto

��� ��!#"$�&%
’s execution

times.

Thus,our experimentalresultsvalidatethe thesisof this paper
that

��� ��!#"$�&%
is a viable andeffective systemfor compress-

ing massive tables. All experimentsreportedin this sectionwere
performedon a multi-processor(4 700MHz Pentiumprocessors)
Linux serverwith ` GB of mainmemory.

4.1 Experimental Testbedand Methodology
CompressionAlgorithms. We considerthreecompressionalgo-
rithmsin ourexperimentalstudy.� Gzip. gzip is thewidely usedlosslesscompressiontool basedon
theLempel-Ziv dictionary-basedcompressiontechnique[18]. We
compressthetablerow-wiseusinggzip afterdoingalexicographic
sortof thetable.Wefoundthisto significantlyoutperformthecases
in which gzip was appliedto a row-wise expansionof the table
(without thelexicographicsort).� Fascicles. In [12], Jagadish,MadarandNg, describetwo algo-
rithms, Single-kandMulti-k, for compressinga tableusingfasci-
cles.They recommendtheMulti-k algorithmfor smallvaluesof 1
(thenumberof compactattributesin thefascicle),but theSingle-k
algorithmotherwise. In our implementation,we usethe Single-k
algorithmasdescribedin [12]. The two main input parametersto
thealgorithmarethenumberof compactattributes,1 , andthemax-
imum numberof fasciclesto be built for compression,[ . In our
experiments,for eachindividual dataset,we usedvaluesof 1 and[ that resultedin the bestcompressiondue to the fasciclealgo-
rithm. We foundtheSingle-kalgorithmto berelatively insensitive
to [ (similar to thefindingreportedin [12]) andchose[ to be º aÁa
for all threedatasets.However, thesizesof thecompressedtables
outputby Single-kdid vary for differentvaluesof 1 andsofor the
Corel,Forest-coverandCensusdatasets(describedbelow), weset
1 to ½ , 3 ½ and9, respectively. Note that theselarge valuesof 1
justify our useof theSingle-kalgorithm.Wealsosettheminimum
size ? of a fascicleto 0.01%of thedatasetsize.For eachnumeric
attribute,we setthe compactnesstoleranceto two timesthe input
errortolerancefor thatattribute.However, sincefor categoricalat-
tributes,the fascicleerrorsemanticsdiffers from our’s, we useda
compactnesstoleranceof 0 for every categoricalattribute.� �'� ��!#"$��% . Weimplementedall componentsof the

�'� ��!#"$��%
systemasdescribedin section3 . For the GreedyCaRT-selection
algorithm,weusedvalueof 2 for therelativebenefitparameter¥ . In
theMaxIndependentSetCaRT-selectionalgorithm,for findingthe
WMIS of thenode-weightedgraph � P ��m�h , we usedtheQUALEX
softwarepackage(www.busygin.dp.ua/npc.html). This soft-
wareimplementsanalgorithmbasedon a quadraticprogramming
formulation of the maximumweightedclique problem[9]. The
runningtimeis �GAC,8�@E (where, is numberof verticesin thegraph).
In our experiments,QUALEX always found the optimal solution
and accountedfor a negligible fraction of the overall execution
time. We also implementedthe integratedbuilding and pruning
algorithmin theBuildCaRT component,andusedasimplelower
boundof ` Y5476&8 1 #&%	'IA�J .'D´J E 4 #&%�' A�J <>=@?BAC(:D�E7J E�; for every “yet to
be expanded”leaf node. Finally, in the ROWAGGREGATOR com-
ponent,weemployedtheSingle-kfasciclealgorithm,with [ settoº ava and 1 equalto two-thirdsof thenumberof attributesin -�T . In
orderto be fair in our comparisonwith fascicles,we setthe error
tolerancefor categoricalattributesto alwaysbe0.

Real-life Data Sets. Weusedthefollowing real-lifedatasetswith

verydifferentcharacteristicsin our experiments.� Census.(www.bls.census.gov/) Thisdatasetwastakenfrom
theCurrentPopulationSurvey (CPS)data,which is amonthlysur-
vey of about50,000householdsconductedby the Bureauof the
Censusfor theBureauof LaborStatistics.Eachmonth’s datacon-
tainsaround135,000tupleswith 361attributes,of which we used
7 categorical attributes(e.g., education,race)and 7 numericat-
tributes(e.g.,age,hourly pay rate). In the final dataset,we used
datafor 5 months(JunethroughOctober2000) that containeda
total of 676,000tuplesandoccupied28.6MB of storage.� Corel. (kdd.ics.uci.edu/databases/CorelFeatures/)
Thisdatasetcontainsimagefeaturesextractedfrom aCorelimage
collection.Weuseda `3a 6 º MB subsetof thedatasetwhichcontains
thecolor histogramfeaturesof 68,040photoimages.Thisdataset
consistsof 32 numericalattributesandcontains68,040tuples.� Forest-cover. (kdd.ics.uci.edu/databases/covertype/)
Thisdatasetcontainstheforestcover typefor 3va:9;3va metercells
obtainedfrom USForestService(USFS)Region À ResourceInfor-
mationSystem(RIS)data.The ¾Áº�6 À MB datasetcontains581,000
tuples,and `7a numericand ÄvÄ categorical attributesthat describe
theelevation,slope,soil type,etc.of thecells.

Default Parameter Settings. The critical input parameterto the
compressionalgorithmsis theerrortolerancefor numericattributes
(note that we usean error toleranceof 0 for all categorical at-
tributes). The error tolerancefor a numericattribute ( D is speci-
fied asa percentageof thewidth of the rangeof (:D -valuesin the
table. Another importantparameterto

��� �*!#"$��%
is the size

of the samplethat is usedto selectthe CaRT modelsin the final
compressedtable. For thesetwo parameters,we usedefault val-
uesof 1% (for error tolerance)and 50KB (for samplesize), re-
spectively, in all our experiments.Notethat50KB correspondsto
0.065%,0.475%and0.174%of the total sizeof theForest-cover,
CorelandCensusdatasets,respectively. Finally, unlessstatedoth-
erwise

�'� ��!#"$��%
alwaysusesMaxIndependentSetfor CaRT-

selectionandtheintegratedpruningandbuildingalgorithmfor con-
structingregressiontrees.

4.2 Experimental Results
Effect of Err or Thr esholdon CompressionRatio. Figure5 de-
picts the compressionratiosfor gzip, fasciclesand

��� �*!#"$��%
for thethreedatasets.Fromthefigures,it is clearthat

��� �*!#"$��%
outperformsbothgzip andfascicles, onanaverage,by 20-30%on
all datasets,evenfor a low errorthresholdvalueof 1%. Thecom-
pressiondue to

��� �*!#"$��%
is especiallystriking for the Corel

datasetthat containsonly numericattributes. For high error tol-
erances(e.g.,5-10%),

��� ��!#"$�&%
producesa compressedCorel

table that is almosta factorof 3 smallerthanthe compressedta-
bles generatedby gzip and fascicles,and a factor of 10 smaller
thantheuncompressedCorel table. Even for theCensusdataset,
which containsan equalnumberof numericand categorical at-
tributes,

�'� ��!#"$��%
compressesbetterthanfasciclesfor smaller

andmoderateerror thresholdvalues(e.g.,0.5%to 5%); only for
largererrorbounds(e.g.,10%)do fasciclesperformslightly better
than

�'� ��!#"$��%
.

The reasongzip doesnot compressthedatasetsaswell is that
unlike fasciclesand

��� �*!#"$��%
it treatsthetablesimplyasa se-

quenceof bytesand is completelyoblivious of the error bounds
for attributes. In contrast,both fasciclesand

�'� ��!#"$��%
ex-

ploit datadependenciesbetweenattributesandalsothe semantics
of error tolerancesfor attributes. Further, comparedto fascicles
whichsimplyclustertupleswith approximatelyequalattributeval-
ues,CaRTsaremuchmoresophisticatedatcapturingdependencies



0

0.1

0.2

0.3

0.4

0.5

0 2 4 6 8 10

C
om

pr
es

si
on

 R
at

io

<

Error Tolerance

Corel Dataset

Gzip
Fascicles

SPARTAN

0

0.05

0.1

0.15

0.2

0.25

0.3

0 2 4 6 8 10

C
om

pr
es

si
on

 R
at

io

<

Error Tolerance

Forest Cover Dataset

Gzip
Fascicles

SPARTAN

0

0.05

0.1

0.15

0.2

0.25

0.3

0 2 4 6 8 10

C
om

pr
es

si
on

 R
at

io

<

Error Tolerance

Census Dataset

Gzip
Fascicles

SPARTAN

Figure5: Effect of Err or Thr esholdon CompressionRatio.

betweenattributecolumns.This is especiallytruewhentablescon-
tain numericattributessinceCaRTsemploy semanticallyrich split
conditionsfor numericattributeslike (:Dûj=* . Another crucial
differencebetweenfascicle-andCaRT-basedcompressionis that,
whenfasciclesareusedfor compression,eachtupleandasa con-
sequence,every attribute value of a tuple is assignedto a single
fascicle.However, in

�'� ��!#"$��%
, apredictorattributeandthusa

predictorattributevalue(belongingto aspecifictuple)canbeused
in anumberof differentCaRTsto infer valuesfor multipledifferent
predictedattributes.Thus,CaRTs offer a morepowerful andflex-
ible model for capturingattribute correlationsthan fascicles. As
a result,a setof CaRT predictorsareableto summarizecomplex
datadependenciesbetweenattributesmuchmoresuccinctlythan
a set of fascicles. For an error constraintof 1%, the final Corel��� ��!#"$�&%

-compressedtablecontains20CaRTsthatalongwith
outliers,consumeonly 1.98MB or 18.8%of theuncompressedta-
ble size. Similarly, for the Forest-cover dataset, the numberof
predictedattributesin the compressedtableis 21 (8 numericand
13 categorical)andtheCaRT storageoverhead(with outliers)is a
measly4.77MB or 6.25%of theuncompressedtable.

Thecompressionratiosfor
��� ��!#"$�&%

areevenmoreimpres-
sivefor largervaluesof errortolerance(e.g.,10%)sincethestorage
overheadof CaRTs + outliersis evensmallerat thesehighererror
values. For example,at 10% error, in the compressedCorel data
set,CaRTs consumeonly 0.6 MB or 5.73%of the original table
size. Similarly, for Forest-cover, the CaRT storageoverheadre-
ducesto 2.84MB or 3.72%of the uncompressedtable. Theonly
exceptionis theCensusdatasetwherethedecreasein storageover-
headis muchsteeperfor fasciclesthanfor CaRTs. We conjecture
thatthisis becauseof thesmallattributedomainsin theCensusdata
thatcauseeachfascicleto cover a largenumberof tuplesat higher
errorthresholdvalues.

Effect of RandomSampleSizeonCompressionRatio. Figure6(a)
illustratestheeffect on compressionratio asthesamplesizeis in-
creasedfrom 25KB to 200KB for the Forest-cover dataset. In-
terestingly, even with a 25KB sample,which is about0.03%of
the total datasetsize,

��� �*!#"$��%
is able to obtaina compres-

sion ratio of approximately0.1, which is about25% betterthan
thecompressionratio for gzip andfascicles.Further, notethat in-
creasingthesamplesizebeyond50KB doesnotresultin significant
improvementsin compressionquality. Theimplicationhereis that
it is possibleto infer agoodsetof modelsevenwith asmallrandom
sampleof thedataset.Thisissignificantsinceusingasmallsample
insteadof theentiredatasetfor CaRT modelconstructioncansig-
nificantly improve

��� ��!#"$�&%
’s runningtime (seerunningtime

experimentsdescribedlater).

Effect of CaRT SelectionAlgorithm on CompressionRatio /
Running Time. In Table1, we show the compressionratiosand

runningtimesof
�'� ��!#"$��%

’sCaRT-selectionalgorithmsfor the
threedatasets. We considerthreeCaRT-selectionalgorithms–
Greedy, MaxIndependentSetwith theneighborhood for anode
setto it parentsandMaxIndependentSetwith theneighborhood
for a nodesetto it Markov blanket (in theBayesiangraph).From
the table, it follows that the MaxIndependentSetalgorithmsal-
wayscompressbetterthantheGreedyalgorithm. This is because
the Greedy algorithm follows a very “local” predictionstrategy
for eachattribute,basingthedecisionon whetheror not to predict
an attribute solely on how well it is predictedby its materialized
ancestorsin theBayesiannetwork graph. In contrast,theMaxIn-
dependentSetalgorithmadoptsa more“global” view whenmak-
ing a decisionon whetherto predictor materializean attribute –
specifically, it not only takesinto accounthow well anattribute is
predictedby attributesin its neighborhood,but alsohow well it pre-
dictsotherattributesin its neighborhood.Observe that,in general,
theversionof MaxIndependentSetwith theMarkov blanket asa
node’s neighborhood performsslightly betterthanMaxInde-
pendentSetwith parentsastheneighborhood.

With respectto runningtimes,in general,wefoundthatMaxIn-
dependentSetwith parentsperformsquitewell acrossall thedata
sets.Thisisbecause,it constructsfew CaRTs(18for Census,32for
Coreland46for Forest-cover)andsinceit restrictstheneighbor-
hood for eachattributeto only its parents,eachCaRT containsfew
predictorattributes.While Greedydoesbuild thefewestCaRTsin
mostcases(10 for Census,16 for Coreland19 for Forest-cover),
all the materializedancestorsof an attribute are usedas predic-
tor attributeswhenbuilding the CaRT for the attribute. As a re-
sult,sincecloseto 50%attributesarematerializedfor thedatasets,
eachCaRT is built usinga large numberof attributes,thushurt-
ing Greedy’s performance.Finally, theperformanceof MaxInde-
pendentSetwith Markov blanket suffers sinceit, in somecases,
constructsa large numberof CaRTs (56 for Census,17 for Corel
and138 for Forest-cover). Further, sincethe Markov blanket for
a nodecontainsmoreattributesthansimply its parents,the num-
ber of predictorattributesusedin eachCaRT for Markov blanket
is typically muchlarger. As a result,CaRT constructiontimesfor
Markov blanket arehigherandoverall executiontimesfor Markov
blanket arelesscompetitive.

Data Set CompressionRatio/Running Time (sec)
Greedy WMIS(Parent) WMIS(Markov)

Corel 0.352/ 148.25 0.292/ 97.44 0.287/ 80.73
Forest-cover 0.131/ 932 0.106/ 670 0.1/ 1693
Census 0.18/ 205.77 0.148/ 153 0.157/ 453.35

Table 1: Effect of CaRT SelectionAlgorithm on Compression
Ratio/Running Time.

Effect of Err or Thr esholdandSampleSizeonRunning Time. In
Figures6(b) and6(c), we plot therunningtimesfor

��� �*!#"$��%
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Figure6: Effect of Err or Thr esholdand SampleSizeon CompressionRatio/Running Time.

for a rangeof error thresholdvaluesandsamplesizes.Two trends
in thefiguresthatarestraightforwardtoobservearethat

��� �*!#"$��%
’s

runningtime decreasesfor increasingerrorbounds,andincreases
for larger samplesizes. The reasonfor the decreasein execution
time whenthe error toleranceis increasedis that for larger error
thresholds,CaRTs containfewer nodesandso CaRT construction
timesaresmaller. For instance,CaRT constructiontimes(which
constituteapproximately50-75%of

��� �*!#"$��%
’s totalexecution

time) reduceby approximately25% asthe error boundincreases
from 0.5%to 10%. Note the low runningtimesfor

�'� ��!#"$��%
on theCoreldataset.

In Figure6(c), we plot
�'� ��!#"$��%

’s runningtime againstthe
randomsamplesizeinsteadof thedatasetsizebecause

�'� ��!#"$��%
’s

DEPENDENCYFINDERandCARTBUILDERcomponentswhichac-
count for most of

�'� ��!#"$��%
’s running time (on an average,

20%and75%,respectively) usethesamplefor modelconstruction.��� ��!#"$�&%
makesvery few passesover theentiredataset(e.g.,

for sampling,for identifying outliers in the dataset for eachse-
lectedCaRT andfor compressing-�T usingfascicles),theoverhead
of which is negligible comparedto the overheadof CaRT model
selection.Observe that

�'� ��!#"$��%
’s performancescalesalmost

linearlywith respectto thesamplesize.
Finally, in experimentswith building regressiontreesonthedata

sets,we foundthatintegratingthepruningandbuilding phasescan
result in significant reductionsin

�'� ��!#"$��%
’s running times.

This is because,integratingthepruningandbuilding phasescauses
fewerregressiontreenodesto beexpanded(sincenodesthatarego-
ing to beprunedlaterarenot expanded),andthusimprovesCaRT
building timesby asmuchas25%.

5. CONCLUSIONS
In thispaper, wehavedescribedthedesignandalgorithmsunder-

lying
�'� ��!#"$��%

, a novel systemthat exploits attribute seman-
tics anddata-miningmodelsto effectively compressmassive data
tables.

�'� ��!#"$��%
takesadvantageof predictive correlationsbe-

tweenthetableattributesandtheuser- or application-specifieder-
ror tolerancesto constructconciseandaccurateCaRT modelsfor
entirecolumnsof thetable.Torestrictthehugesearchspaceof pos-
sible CaRTs,

�'� ��!#"$��%
explicitly identifiesstrongdependen-

ciesin thedataby constructinga Bayesiannetwork modelon the
givenattributes,whichis thenusedtoguidetheselectionof promis-
ing CaRT models.Unfortunately, aswe have demonstratedin this
paper, this model-selectionproblemis a strict generalizationof an%o�

-hardcombinatorialproblem(WMIS); thus,wehaveproposed
a novel algorithm for

��� �*!#"$��%
’s CaRT-selectioncomponent

that exploits the discoveredBayesianstructurein thedatain con-
junctionwith efficient,near-optimalWMIS heuristics.

�'� ��!#"$��%
’s

CaRT-building componentalsoemploys novel integratedpruning

strategiesthat take advantageof theprescribederror tolerancesto
minimize thecomputationaleffort involved. Our experimentation
with several real-life datasetshasofferedconvincing evidenceof
theeffectivenessof

�'� ��!#"$��%
’smodel-basedapproach.
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