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ABSTRACT

While avarietyof lossycompressioscheme$iave beendevelopedfor cer

tain forms of digital data(e.qg., images,audio, video), the areaof lossy
compressiotechniquedor arbitrarydatatableshasbeenleft relatively un-
explored. Neverthelesssuchtechniquesre clearly motivatedby the ever-

increasingdatacollectionratesof modernenterprisegndthe needfor ef-

fective, guaranteed-qualitgpproximateanswersto queriesover massve
relationaldatasets.In this papey we proposeSPARTAN, asystenthat
takes advantageof attribute semanticeanddata-miningmodelsto perform
lossy compressiorof massie datatables. SPARTAN is basedon the
novel ideaof exploiting predictve datacorrelationsand prescribederror
tolerancedor individual attributesto constructconciseandaccurateClas-
sificationand RegressionTree (CaRT)modelsfor entire columnsof a ta-
ble. More precisely SPARTAN selectsa certainsubsebf attributesfor

which no valuesareexplicitly storedin thecompressethble;insteadcon-
cise CaRJI's that predictthesevalues(within the prescribederror bounds)
are maintained. To restrict the huge searchspaceand constructioncost
of possibleCaRT predictors SPARTAN emplgs sophisticatedearning
techniguesandnovel combinatorialoptimizationalgorithms. Our experi-
mentationwith severalreal-life datasetsoffers corvincing evidenceof the
effectivenessof SPARTAN’s model-basedpproach- SPARTAN is

ableto consistentlyyield substantiallypettercompressiomatiosthanexist-

ing semantior syntacticcompressiotools(e.g.,gzip) while utilizing only

smalldatasampledor modelinference.

1. INTRODUCTION

Effective exploratoryanalysisof massie, high-dimensionata-
bles of alphanumeriaatais a ubiquitousrequirementfor a va-
riety of applicationenvironments,including corporatedataware-
housesnetwork-trafiic monitoring,andlargesocioeconomior de-
mographicsuneys. Forexample Jargetelecommunicatioproviders
typically generateandstorerecordsof information,termed“Call-
Detail Records”(CDRs), for every phonecall carriedover their
network. A typical CDRis afixed-lengthrecordstructurecompris-
ing several hundredbytesof datathatcaptureinformationon vari-
ous(categgoricalandnumerical)attributesof eachcall; thisincludes
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network-level information (e.g., endpointexchanges)time-stamp
information(e.g.,call startandendtimes),andbilling information
(e.g.,appliedtariffs), amongothers[3]. TheseCDRsarestoredin
tablesthatcangrow to truly massve sizes,in the orderof several
TeraBytegeryear Similar massve tablesarealsogeneratedrom
network-monitoringtools thatgatherswitch-androuterlevel traf-
fic data,suchas SNMP/RMON probes[17]. Suchtoolstypically
collecttraffic informationfor eachnetwork elementat fine granu-
larities(e.qg.,atthelevel of pacletflowsbetweersource-destination
pairs),giving riseto massve volumesof tabledataovertime. These
massie tablesof network-trafic and CDR dataare continuously
exploredandanalyzedo producehe“knowledge”thatenablekey
network-managemernttasks,including applicationand userprofil-
ing, proactie andreactve resourcenanagementraffic engineer
ing, andcapacityplanning.

Traditionally datacompressiorissuesarise naturallyin appli-
cationsdealingwith massve datasets,and effective solutionsare
crucial for optimizing the usageof critical systemresourceslike
storagespaceand I/0O bandwidth (for storing and accessinghe
data)andnetwork bandwidth(for transferringhedataacrossites).
In mobile-computingapplicationsfor instanceglientsareusually
disconnectednd,thereforepftenneedto downloaddatafor offline
use. Theseclients may uselow-bandwidthwirelessconnections
and can be palmtop computersor handhelddevices with severe
storageconstraintsThus,for efficient datatransferandclient-side
resourceconseration, the relevant dataneedsto be compressed.
Severalstatisticalanddictionary-basedompressiomethodshave
beenproposedor text corporaandmultimediadata,someof which
(e.g.,Lempel-zZv or Huffman)yield provably optimal asymptotic
performancén termsof certainergodicpropertieof thedatasource.
Thesemethods,however, fail to provide adequatesolutionsfor
compressing massie datatable,asthey view thetableasalarge
bytestringanddonotaccounfor thecomplex dependengcpatterns
in thetable.

Comparedo conventionalcompressioproblemseffectively com-
pressingmassie tablespresentsa hostof novel challengeslueto
severaldistinctcharacteristicsf tabledatasetsandtheir analysis.

e Approximate (Lossy) Compression.Dueto the exploratoryna-
tureof mary data-analysigpplicationsthereareseveral scenarios
in which an exactanswermay not be required,andanalystsmay
in fact prefer a fast, approximateansweyr aslong asthe system
canguarantean upperboundon the error of the appoximation
For example,during a drill-down query sequencen ad-hocdata
mining, initial queriesn thesequencé&equentlyhave thesolepur
poseof determiningthetruly interestingqueriesandregionsof the
datatable. Providing (reasonablyaccurateapproximateanswers
to theseinitial queriesgivesanalystshe ability to focustheir ex-
plorationsquickly and effectively, without consuminginordinate
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Figure 1: Model-BasedSemanticCompression.

amountsof valuablesystemresources.Thus,in contrastto tradi-
tionallosslesslatacompressionthecompressionf massie tables
canoftenafford to belossy aslong assome(user or application-
defined)upperboundson the compressiomrrrorareguaranteedy
the compressiomlgorithm. This is obviously a crucial differentia-
tion, asevensmallerrortoleranceganhelpusachieze muchbetter
compressiomatios.

e Semantic Compression. Existing compressiortechniquesare
“syntactic” in thesensehatthey operateatthelevel of consecutie
bytesof data. As explainedabore, suchsyntacticmethodstypi-
cally fail to provide adequateolutionsfor table-datacompression,
sincethey essentiallyview the dataasa large byte string anddo
notexploit the complex dependencpatterndn thetable. Effective
tablecompressiomandatesechniqueshataresemantidn nature,
in the sensethat they accountfor and exploit both (1) the mean-
ings and dynamicrangesof individual attributes(e.g., by taking
adwantageof the specifiederrortolerances)and, (2) existing data
dependencieandcorrelationsamongattributesin thetable.

Our Contrib utions. In this paperwe describethe architectureof
SPARTAN?, asystenthattakesadwantageof attributesemantics
anddata-miningmodelsto performlossycompressiorof massie
datatables. SPARTAN is basedon the novel ideaof exploit-
ing datacorrelationsanduserspecified‘loss”/error tolerancegor
individual attributesto constructconciseand accurateClassifica-
tion and RegressionTree(CaRT)models[2] for entirecolumnsof
atable.More precisely SPARTAN selectsa certainsubsebf at-
tributes(referredto aspredictedattributes)for which novaluesare
explicitly storedin the compressedable;instead,conciseCaRTs
that predictthesevalues(within the prescribederror bounds)are
maintained.Thus,for a predictedattribute X thatis stronglycor
relatedwith otherattributesin thetable, SPARTAN is typically
ableto obtaina very succinctCaRT predictorfor the valuesof X,
which canthenbe usedto completelyeliminatethe columnfor X
in the compressediable. Clearly, storinga compactCaRT model
in lieu of millions or billions of actualattribute valuescanresultin
substantiabavingsin storageIn addition,allowing for errorsin the
attribute valuespredictedby a CaRT modelonly senesto reduce
thesizeof the modelevenfurtherand,thus,improve the quality of
compressionthisis becauseasis well known, the sizeof a CaRT
modelis typically inverselycorrelatedo the accurag with which
it modelsa givensetof 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.

ExamMpPLE 1.1. Considerthe table with 4 attributesand 8 tu-
plesshownin Figure 1(a). Also,supposghattheacceptablesrrors
dueto compessionfor the numericattributesage, salary,andas-
setsare 2, 5,000,and 25,000,respectively Figure 1(b) depictsa
classificatiortreefor predictingthe credit attribute (with salaryas
the predictorattribute) and a regressiontreefor predictingthe as-
setsattribute (with salaryandage asthe predictorattributes).Ob-
servethatin theregressiortree thepredictedvalueof assetglabel
value at eadh leaf) is almostalwayswithin 25,000,the specified
error tolerance of the actual tuple value For instance the pre-
dictedvalueof assetdor thetuplewith salary= 90,000is 225,000
while the original valueis 200,000. Theonly tuple for which the
predictedvalueviolatesthis error boundis the tuple with salary=
100,000whichisanmarkedasanoutlier valuein bothtrees.Thus,
by explicitly storing in the compessedversion of the table eadh
outlier valuealongwith the CaRTmodelsandtheprojectionof the
table onto only the predictor attributes (age and salary), we can
ensue that the error dueto compessiondoesnot exceedthe user
specifiecbounds.Further, storingthe CaRTmodelgplusoutliers)
for credit and assetdnsteadof the attribute valuesthemselvese-
sultsin areductionfrom8 to 4 valuesfor credit (2 labelsfor leaves
+ 1 splitvalueat internalnode+ 1 outlier) anda reductionfrom8
to 6 valuesfor assetg3 labelsfor leavest 2 splitvaluesatinternal
nodest+ 1 outlier). il

Thekey algorithmicproblemfacedby SPARTAN's compres-
sion engineis that of computingan optimal setof CaRT models
for the input table suchthat (a) the overall storagerequirements
of the compressedable are minimized, and (b) all predictedat-
tribute valuesare within the userspecifiederror bounds. This is
a very challengingoptimizationproblemsince, not only is there
an exponentialnumberof possibleCaRI-basedmodelsto choose
from, but alsobuilding CaRT's (to estimatetheir compressioen-
efits) is a computation-intense task, typically requiringmultiple
passesver thedata[2, 10, 13]. As a consequence§PARTAN
hasto emplg/ a numberof sophisticatedechniquesrom theareas
of knowledgediscovery and combinatorialoptimizationin order
to efficiently discover a“good” (sub)sebdf predictedattributesand
constructhe correspondin@CaRT models.Below, we list someof
SPARTAN s salientfeatures.

e Useof BayesianNetwork to Uncover Data Dependencies.A
Bayesiametwork is a DAG whoseedgeseflectstrongpredictive
correlationdetweemodef thegraph[14]. Thus,aBayesiamet-
work onthetablesattributescanbeusedto dramaticallyreducehe
searchspaceof potentialCaRT modelssince for ary attribute,the
mostpromisingCaRT predictorsaretheonesthatinvolve attributes
in its “neighborhood”in the network. Our currentSPARTAN
implementatiorusesa constraint-base8ayesiametwork builder
basedn recentlyproposedlgorithmsfor efficiently inferring pre-
dictive structurefrom data.To controlthecomputationabverhead,
theBayesiametwork is built usingareasonablgmallrandomsam-
ple of theinputtable.

o Novel CaRT-selectionAlgorithms that Minimize StorageCost.
SPARTAN exploits the inferred Bayesiametwork structureby
usingit to intelligently guide the selectionof CaRT modelsthat
minimize the overall storagerequirementpasedon the prediction
and materializationcostsfor eachattribute. Intuitively, the goal
is to minimize the sum of the predictioncosts(for predictedat-
tributes)andmaterializatiorcostq(for attributesusedn theCaRTs).
We demonstratéhatthis model-selectioproblemis a strictgener
alizationof the WeightedMaximumindependen&et(WMIS)prob-
lem [9], which is known to be A'P-hard. However, by emplg/ing
anovel algorithmthateffectively exploits the discoreredBayesian



structurein conjunctionwith efficient, nearoptimal WMIS heuris-
tics, SPARTAN is ableto obtaina goodsetof CaRT modelsfor
compressinghetable.

e Impr oved CaRT Construction Algorithms that Exploit Err or
Tolerances. A significationportion of SPARTAN"s execution
time is spentin building CaRT models. This is mainly because
SPARTAN needsto actually constructmary promisingCaRT's
in orderto estimatetheir predictioncost,and CaRT construction
is a computationally-intense process.To reduceCaRT-building
times and speedup systemperformance SPARTAN emplo/s
the following threeoptimizations: (1) CaRTs arebuilt usingran-
dom samplesnsteadof the entire dataset, (2) leavesare not ex-
pandedf valuesof tuplesin themcanbe predictedwith acceptable
accurag, and(3) pruningis integratedinto the treegrowing phase
using novel algorithmsthat exploit the prescribederror tolerance
for the predictedattribute. SPARTAN thenusesthe CaRTs built
to compresshefull datasetin onepass

We have implementedhe SPARTAN systemand conducted
an extensve experimentalstudy with threereal-life datasetsto
comparethe quality of compressiomueto SPARTAN’s model-
basedapproachwith existing syntacticandsemanticcompression
techniques.For all threedatasets,andevenfor smallerrortoler-
ancege.g.,1%),we foundthat SPARTAN is ableto achieve, on
anaverage 20-30%bettercompressiomatios. Further our exper
imentalresultsindicatethat SPARTAN compressetablesbet-
terwhenthey containmorenumericattributesandaserrorthresh-
olds grow bigger For instancefor atable containingmostly nu-
mericattributesandfor highererrortolerancesn the5-10%range,
SPARTAN outperformedxistingcompressiotechniquedy more
thana factorof 3. Finally, we shav thatourimproved CaRT con-
struction algorithmsmalke SPARTAN’s performancecompeti-
tive, enablingit to compresglatasetscontainingmore than half
amillion tuplesin afew minutes.

2. OVERVIEW OF APPROACH

2.1 Preliminaries

Definitions and Notation. Theinputto the SPARTAN system
consistof a n-attribute table’T’, comprisinga large numberof tu-
ples(rows). Welet X = {Xu,...,X,} denotethe setof n at-
tributesof T anddom(X;) representhe domainof attribute X;.
Attributeswith adiscreteunorderedialuedomainarereferredo as
cateyorical, whereaghosewith orderedvaluedomainsarereferred
to asnumeric We alsouseT, to denotethe compressesersionof
tableT’, and|T| (|Z¢|) to denotethestorage-spacequirementsgor
T (T¢) in bytes.

Thekey inputparameteto oursemanticompressiomlgorithms
is a (user or application-specifiedp-dimensionalectorof error
tolerancese = [ey, ... ,e,] thatdefinesthe perattribute accept-
abledagreeof informationlosswhencompressing@’. (Perattribute
error boundsare alsoemplgyed in the fasciclesframeavork [12].)
Intuitively, thes*" entry of thetolerancevectore; specifiesanup-
perboundon theerrorby which ary (approximateyalueof X; in
thecompressethbleT, candiffer fromits originalvaluein T'. Our
errortolerancesemanticgliffer acrosscateoricalandnumericat-
tributes,dueto thevery differentnatureof thetwo attributeclasses.

1. For anumericattribute X;, thetolerances; definesanupper
boundon the absolutedifferencebetweerthe actualvalueof
X; in T andthe correspondingapproximateyaluein T.
Thatis, if x, 2’ denotethe accurateand approximatevalue
(respectiely) of attribute X; for any tuple of 7', thenour
compressoguaranteethatzr € [z’ — e;, ' + e;].

2. For a categyorical attribute X;, the tolerancee; definesan
upperboundon the probability thatthe (approximateyalue
of X; in T, is differentfrom the actualvaluein T'. More
formally, if =, ' denotethe accurateandapproximatevalue
(respectiely) of attribute X; for any tuple of 7', thenour
compressoguaranteethat Plz = z'] > 1 —e;.

For numericattributes the errortolerancecouldvery well be spec-
ified in termsof quantilesof the overall rangeof valuesratherthan
absolute constantvalues. Similarly, for categyorical attributesthe
probability of error could be specifiedseparatelyor eachindivid-

ualattributeclass(i.e., value)ratherthananoverallmeasure(Note
that suchan extensionwould, in a sensemake the error bounds
for categoricalattributesmore“local”, similarto thenumericcase.)
Ourproposednodel-basedompressioframevork andalgorithms
canbe readily extendedto handlethesescenariosso the specific
definitionsof error toleranceare not centralto our methodology
To male our discussiorconcrete we usethe definitionsoutlined
above for the two attribute classes.(Note that our errortolerance
semanticzanalsoeasilycapturdosslessompressiorasa special
casepy settinge;, = 0 for all 7.)

Metrics. Thebasicmetricusedto compareheperformancef dif-
ferentcompressiomlgoritmsis thewell-knovn compessiorratio,
definedastheratio of the size of the compressedatarepresenta-
tion producedy thealgorithmandthesizeof theoriginal (uncom-
pressedinput. A secondaryperformancenetricis thecompession
throughputhat,intuitively, correspondso therateatwhichacom-
pressionalgorithmcanprocessiatafrom its input; this is typically
definedasthe size of the uncompressethput divided by the total
compressiotime.

Our work focusesprimarily on optimizing the compressiorra-
tio, thatis, achieving the maximumpossiblereductionin the size
of the datawithin the acceptabldevels of error definedby the
user This choiceis mainly driven by the massve, long-lived data
setsthatare characteristiof our target datawarehousingpplica-
tions and the obsenration that the computationakostof effective
compressiortanbe amortizedover the numerousphysicalopera-
tions(e.g.,transmissionsver alow-bandwidthlink) thatwill take
placeduringthelifetime of thedata.Also, notethatour methodol-
ogy offersakey “knob” for tuningcompressiothroughpuiperfor
mance hamelythe sizeof the datasampleusedoy SPARTAN's
model-constructiorlgorithms. Settingthe samplesize basedon
the amountof main memoryavailablein the systemcanhelp en-
surehigh compressiospeeds.

2.2 Model-BasedSemanticCompression

Briefly, our proposedmodel-basedramevork for the semantic
compressiorof tablesis basedon two key technicalideas. First,
we exploit the (user or application-specifiedgrror boundson in-
dividual attributesin conjunctionwith datamining techniqueso
efficiently build accuiate modelsof the data.Secondywe compress
the input table using a selectsubsetf the modelsbuilt. The ba-
sicintuition hereis thatthis selectsubsebf data-miningmodelsis
carefullychoserto capturelarge portionsof theinput tablewithin
the specifiederrorbounds.

More formally, we definethe model-based;ompressedersion
of theinputtableT asapairT, =< T',{M,... , M} > where
(1) T’ is a small (possiblyempty) projectionof the datavaluesin
T thatareretainedaccumtelyin T¢; and,(2) {M1,... ,M,}isa
selectsetof data-miningnodels carefullybuilt with thepurposeof
maximizingthe degreeof compressiomchievedfor T' while obey-
ing the specifiederrortoleranceconstraints Abstractly therole of
T’ is to capturevalues(tuplesor sub-tuples)f the original table
that cannotbe effectively “summarizedaway” in a compactdata-



mining modelwithin the specifiederrortolerances(Someof these
valuesmayin factbe neededasinput to the selectednodels.)The
attribute valuesin T” caneitherbe retainedasuncompressedata
or becompressedsinga corventionallosslesslgorithm.

A definition of our generalmodel-basedemanticcompression
problemcannow bestatedasfollows.

[Model-BasedSemanticCompression(MBSC)]: Givena multi-
attribute tableT" anda vectorof (perattribute) error tolerances,
find a setof models{ M, ... , M, } anda compressiorscheme
for T basedbnthesemodelsT, =< T’, {M1,... , M} > such
thatthe specifiederror boundse arenot exceededandthe storage
requirement$T.| of thecompressethbleareminimized.ll

Given the multitude of possiblemodelsthat can be extracted
from the data,this is obviously a very generalproblemdefinition
thatcoversahugedesignspaceof possiblealternatvesfor semantic
compression We provide a more concretestatemenbf the prob-
lem addresseth ourwork onthe SPARTAN systematerin this
section.First,howvever, we discusshow our model-basedompres-
sion framavork relatesto recentwork on semanticcompression
anddemonstratéhe needfor themoregenerabpproactadwcated
in this paper
Comparisonwith Fascicles. Ourmodel-basedemanticompres-
sionframework, in fact,generalizegarlierideasfor semantiaata
compressionsuchasthe very recentproposalof JagadishMadar
and Ng on using fasciclesfor the semanticcompressiorof rela-
tional tables[12]. (To the bestof our knowledge,this is the only
work on lossysemanticcompressiomf tableswith guaranteedip-
perboundsonthe compressiomrror.)

A fasciclebasicallyrepresenta collectionof tuples(rows) that
have approximatelymatchingvaluesfor some(but not necessarily
all) attributes,wherethe degreeof approximationis specifiedby
userprovided compactnesparameters.Essentially fasciclescan
be seenasa specificform of data-miningmodels,i.e., clustersin
subspacesf the full attribute spacewherethe notion of a cluster
is basedn theacceptablelegreeof lossduring datacompression.
The key ideaof fascicle-basedemanticcompressioris to exploit
thegivenerrorboundsto allow for aggressie groupingand“sum-
marization”of valuesby clusteringmultiple rows of thetablealong
severalcolumns(i.e.,thedimensionalityof thecluster).

ExAamPLE 2.1. Considerthetablein Figure 1(a) describedn
Examplel. 1. Error tolerancesof 2, 5,000and 25,000for thethree
numericattributesage, salaryandassetsrespectivelyresultin the
following two fascicles:

F1 F2
30 | 90,000 | 200,000| good 70 | 35,000 | 125,000 poor
50 | 110,000| 250,000 good 75 | 15,000 | 100,000 poor

Thetuplesin thetwo fasciclesFi and F» are similar (with respect
to the permissiblesrrors) on the assetand credit attributes(shown
in bold). Thereasorfor thisis thattwo attribute valuesare consid-
eredto besimilar if thedifferencebetweerthemis at mosttwicethe
error boundfor the attribute Thus,substitutingfor ead attribute
value themearof themaximumandminimunvalueof theattribute
ensuesthat the introducederror is acceptable Consequent|yin
order to compessthe table using fascicles,the single (sub)tuple
(225,000 good)replaceshetwo correspondingsub)tuplesn the
first fascicleand (112,500,poor) is usedinsteadof the two sub-
tuplesin the secondfascicle Thus,in the final compessedable,
the maximumerror for assetds 25,000,and the numberof values
storedfor theassetandcredit attributesis reducedrom81t0 6. il

2Dueto spaceconstraintsyve omit a detaileddiscussiorof relatedwork; it
canbefoundin thefull versionof this paper1].

As the abore example shavs, in mary practical cases,fasci-
clescaneffectively exploit the specifiederrortoleranceso achiere
high compressiomatios. Therearehowever, several scenariogor
which a more general,model-basedompressiorapproachis in
order The main obseration hereis thatfasciclesonly try to de-
tect “row-wise” patterns,wheresetsof rows have similar values
for several attributes. Such“row-wise” patternswithin the given
errorboundscanbeimpossibleto find whenstrong“column-wise”
patterns/dependenciés.g., functionaldependenciesxist across
attributesof thetable. On the otherhand,differentclasse®f data-
mining models(like ClassificatiorandRegressionTrees(CaRTs))
canaccuratelycaptureand model suchcorrelationsand, thereby
attainmuchbettersemanticcompressiotin suchscenarios.

Revisiting Examplel.1, the two CaRTs in Figure 1(b) canbe
usedto predictvaluesfor theassetsandcredit attributes thuscom-
pletely eliminatingthe needto explicitly storevaluesfor theseat-
tributes. Note that CaRTs resultin bettercompressiomatiosthan
fasciclesfor our exampletable— the storagefor the credit attribute
reducedrom 8 to 4 with CaRT's comparedo 6 with fascicles.

ConcreteProblemDefinition. Theabosediscussioremonstrates
theneedfor asemanticompressiomethodologythatis moregen-
eralthansimplefascicle-basetbw clusteringin thatit canaccount
for and exploit strongdependencieamongthe attributesof the
input table. The importantobseration here (alreadyoutlinedin
Examplel.1) is thatdatamining offers models(i.e., CaRTs) that
canaccuratelycapturesuchdependenciewith very concisedata
structures.Thus,in contrasto fasciclespur generalmodel-based
semanticompressioparadigmcanaccommodateuchscenarios.
The ideasof row-wise patterndiscorery and clusteringfor se-
manticcompressiomave beenthoroughlyexploredin the context
of fascicles[12]. In contrast,our work on the SPARTAN se-
manticcompressoreportedin this paperfocusesprimarily on the
novel problemsarisingfrom the needto effectively detectandex-
ploit (column-wise)attribute dependenciefor the purpose®f se-
mantictable compressionThe key ideaunderlyingour approach
is that,in mary casesa smallclassificatior(regression}reestruc-
ture canbe usedto accuratelypredict the valuesof a cateyorical
(resp.,numeric)attribute (basedon the valuesof otherattributes)
for a very large fraction of tablerows. This meansthat, for such
cases,our compressioralgorithmscan completelyeliminatethe
predictedcolumnin favor of a compactpredictor (i.e., a classifi-
cationor regressiontree model)anda small setof outlier column
values.More formally, thedesignandarchitecturef SPARTAN
focusegnainly on thefollowing concreteMBSC problem.

[SPARTAN CaRT-BasedSemanticCompression]:Givenamulti-
attributetableT with a setof cateyoricaland/ornumericattributes
X, anda vector of (perattribute) error tolerances, find a sub-
set{X1,...,Xp} of X anda setof correspondingcaRl models
{M1,... , M} suchthat: (1) modelM; is apredictorfor theval-
uesof attribute X; basedsolelyonattributesin X —{X1,... , X},
foreachi = 1, ... ,p; (2) the specifiederrorboundse arenot ex-
ceededand, (3) the storagerequirementgT,| of the compressed
tableT, =< T, {M1,... ,Mp} > areminimized.ll

Abstractly our novel semanticcompressioralgorithmsseekto
partition the set of input attributes X’ into a set of predictedat-
tributes{ X, ... , X, } andasetof predictorattributesX’ — { X1,
..., Xp} suchthatthevaluesof eachpredictedattributecanbeob-
tainedwithin the specifiederrorboundsbasedon (a subsef) the
predictorattributesthrougha small classificatioror regressiortree
(exceptperhapdor a smallsetof outlier values). (We usethe no-
tation X; — X; to denotea CaRT predictorfor attribute X; using
thesetof predictorattributes; C X —{Xi,... ,X,}.) Notethat



we do notallow a predictedattribute X; to alsobea predictorfor a
differentattribute. This restrictionis importantsincepredictedval-
uesof X; cancontainerrors,andtheseerrorscancascaddurther
if the erroneougpredictedvaluesareusedaspredictorsultimately
causingerrorconstraintgo beviolated. Thefinal goal,of coursejs
to minimize the overall storagecostof the compressethable. This
storagecost|T.| is thesumof two basiccomponents:

1. Materializationcost i.e.,thecostof storingthe valuesfor all
predictorattributesX — {X1,..., X,}. Thiscostis repre-
sentedn the T’ componenbf the compressethble,which
is basicallythe projectionof T' onto the setof predictorat-
tributes. (The storagecostof materializingattribute X; is
denotedby Mat er Cost (X;).)

2. Predictioncost i.e.,thecostof storingtheCaRT modelsused
for predictionplus (possibly)a smallsetof outlier valuesof
the predictedattribute for eachmodel. (The storagecostof
predictingattribute X; throughthe CaRT predictorX; — X;
is denotedby Pr edCost (X; — X;); thisdoesnotinclude
the costof materializingthe predictorattributesin X’;.)

We should note herethat our proposedCaRT-basedcompres-
sionmethodologyis essentiallyorthogonalto techniquedasedn
row-wise clustering like fascicles.lIt is entirely possibleto com-
bine the two techniquesor an even more effective model-based
semanticcompressiormechanism.As an example, the predictor
attributetableT” derived by our “column-wise"techniquesanbe
compressedising a fascicle-basedlgorithm. (In fact, this is ex-
actlythestrateyy usedn ourcurrentSPARTAN implementation;
however, othermethodsfor combiningthe two arealsopossible.)
The importantpoint hereis that, sincethe entriesof T’ are used
asinputsto (approximate)CaRI modelsfor otherattributes,care
mustbe takento ensurethat errorsintroducedin the compression
of T' do notcompoundoverthe CaRT modelsin away thatcauses
error guaranteeto beviolated. Theissuesnvolvedin combining
our CaRT-basedcompressiomethodologywith row-wise cluster
ing techniquesreaddressedh moredetaillaterin thepaper

2.3 Overview of the SPARTAN System

As depictedn Figure2, thearchitecturef theSPARTAN sys-
temcomprise®f four majorcomponentsthe DEPENDENCY FINDER,
the CARTSELECTOR, the CARTBUILDER, andthe ROWAGGRE-
GATOR. In the following, we provide a brief overview of each
SPARTAN componentwe defera moredetaileddescriptionof
eachcomponentndtherelevantalgorithmsto Section3.

Error tolerance vector
‘©=[el, e2, €3, e4, €5, 6, e7]
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Table T x4
\‘ i
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Figure2: SPARTAN SystemAr chitecure.

e DEPENDENCYFINDER. Thepurposeofthe DEPENDENCY FINDER
componentis to producean interaction modelfor the input ta-
ble attributes,thatis thenusedto guidethe CaRT building algo-
rithms of SPARTAN . The main obseration hereis that, since

thereis an exponentialnumberof possibilitiesfor building CaRT-
basedattribute predictors we needa concisemodelthatidentifies
thestrongestorrelationsind“predictive” relationshipsn theinput
data.

The approachusedin the DEPENDENCY FINDER componenbf
SPARTAN isto construca Bayesiametwork[14] ontheunder
lying setof attributesX’. Abstractly aBayesiametwork imposes
DirectedAcyclic Graph(DAG) structureG onthe setof nodes’,
suchthat directededgescapturedirect statisticaldependencéee-
tweenattributes.(Theexactdependenceemanticef G aredefined
shortly) Thus,intuitively, a setof nodesin the “neighborhood of
X; in G (e.g.,X;’sparentsyapturegheattributesthatarestrongly
correlatedo X; and,therefore shav promiseaspossiblepredictor
attributesfor X;;.

o CARTSELECTOR. TheCARTSELECTORCOMponentonstitutes
thecoreof SPARTAN"s model-basedemanticcompression-
gine. Given the input table T and error tolerancese;, as well
asthe Bayesiannetwork on the attributesof 7' built by the DE-
PENDENCY FINDER, the CARTSELECTOR is responsiblefor se-
lecting a collection of predictedattributes and the correponding
CaRT-basedpredictorssuchthat the final overall storagecostis
minimized (within the given error bounds). As discussedbore,
SPARTAN’s CARTSELECTOR emplgss the Bayesiannetwork
G built on X to intelligently guide the searchthroughthe huge
spaceof possibleattribute predictionstrat@ies.Clearly, thissearch
involvesrepeatedhteractionsvith the CARTBUILDERcomponent,
whichis responsibldor actuallybuilding the CaRT-modelsfor the
predictorgFigure2).

We demonstratehat even in the simple casewherethe set of
nodesthat is usedto predictan attribute nodein G is fixed the
problemof selectinga setof predictorsthat minimizesthe com-
bination of materializationand predictioncost naturally mapsto
theWeightedMaximumindependenBet(WMIS)problem whichis
known to be A"P-hardandnotoriouslydifficult to approximat€9].
Basedon this obsenration, we proposea CaRT-model selection
strat@y thatstartsoutwith aninitial solutionobtainedrom anear
optimalheuristicfor WMIS [11] andtriesto incrementallyimprove
it by smallperturbationdasedn the uniquecharacteristicsf our
problem.We alsogive analternatve greedymodel-selectiomlgo-
rithm that choosedts setof predictorsusinga simplelocal con-
dition during a single “roots-to-leaes” traversal of the Bayesian
network G.

e CARTBUILDER. Given a collection of predictedand (corre-
sponding)predictorattributesX; — X;, the goal of the CART-
BuiLDER componenis to efficiently constructCaRT-basednodels
for eachX; in termsof X; for the purpose®f semanticcompres-
sion. Inductionof CaRT-basedmodelsis typically a computation-
intensve processhatrequireamultiple passesvertheinputdatal2,
13]. As we demonstratehovever, SPARTAN’s CaRT construc-
tion algorithmscantake adwantageof the compressiorsemantics
and exploit the userdefinederrortolerancego effectively prune
computation.In addition, by building CaRTs usingdatasamples
insteadof the entiredataset, SPARTAN is ableto furtherspeed
up modelconstruction.

® ROWAGGREGATOR. OnceSPARTAN'sCARTSELECTORCOM-
ponenthasfinalizeda “good” solutionto the CaRT-basedsemantic
compressiomproblem,it handsoff its solutionto the ROWAGGRE-
GATOR componentvhich triesto furtherimprove the compression
ratio through row-wise clustering. Briefly, the ROWAGGREGA-
TOR usesa fascicle-basedlgorithm[12] to compresghe predic-
tor attributes,while ensuringbasednthe CaRT modelsbuilt) that
errorsin the predictorattribute valuesare not propagatedhrough




the CaRT's in a way thatcauserrortolerancegfor predictedat-
tributes)to beexceeded.

3. SPARTAN SYSTEM COMPONENTS
3.1 The DEPENDENCYFINDER Component

Motivation. Asexplainedin Sectior2.2,theessencef SPARTAN s

CaRT-basedsemanticcompressiorproblemlies in discovering a
collectionof “strong” predictive correlationsamongthe attributes
of anarbitrarytable. Thesearctspaceor this problemis olviously
exponential:givenary attribute X;, anysubsebf X — { X;} could
potentiallybe usedto constructa predictorfor X;! Furthermore,
verifying the quality of a predictorfor the purposesf semantic
compressions typically a computation-intenge task, sinceit in-
volvesactuallybuilding the correspondinglassificatioror regres-
siontreeonthegivensubsetf attributes[2, 10, 13]. Sincebuilding
anexponentiallylarge numberof CaRTs s clearlyimpractical,we
needamethodologyfor producinga concisenteractionmodelthat
identifiesthe strongespredictve correlationsamongthe input at-
tributes.Thismodelcanthenbeusedto restrictthe searcho inter-
estingregionsof the predictionspacelimiting CaRT construction
to truly promisingpredictors.Building suchaninteractionmodel
isthemainpurposeof SPARTAN's DEPENDENCY FINDERCOM-
ponent.

Thespecificclassof attributeinteractionmodelsusedin thecur
rentSPARTAN implementatioris thatof Bayesiametworkg14].
Briefly, a Bayesiametwork is a combinationof a probability dis-
tribution anda structuralmodelin theform of a DAG over the at-

tributesin which edgesrepresentlirect probabilisticdependence.

In effect, a Bayesiametwork is a graphicalspecificatiorof a joint

probability distribution that is believed to have generatedhe ob-

sened data. Bayesiannetworks are an essentiakool for captur

ing causabnd/orpredictive correlationsn obserationaldata[16];

suchinterpretationsare typically basedon the following depen-
dencesemantic®f the Bayesiametwork structure.

e Parental Markov Condition[14]: Given a Bayesiametwork G
over a setof attributes X', ary nodeX; € X is independenof all
its non-descendamtodesgivenits parentnodesin G (denotedby
w(X3)).

o Markov Blanket Condition[14]: Given a Bayesiannetwork G
overasetof attributesX’, we definetheMarkov blanketof X; € X
(denotedy 8(X;)) astheunionof X;’sparents X;'schildren,and
theparentof X;’schildrenin G. Any nodeX; € X isindependent
of all othernodeggivenits Markov blanlketin G.

Basedon the aboe conditions,a Bayesiannetwork over the
attributesof the input table can provide definite guidanceon the
searchfor promisingCaRT predictorsfor semanticcompression.
More specifically it is clearthat predictorsof the form = (X;) —
X; or B(X;) — X; shouldbe consideredasprime candidatesor
CaRT-basedsemanticompression.

Construction Algorithm. Learningthestructureof Bayesiamet-
works from datais a difficult problemthat hasseengrowing re-
searchinterestin recentyears[4, 6, 8]. Therearetwo generalap-
proachedo discovering Bayesianstructure: (1) Constaint-based
methodstry to discover conditionalindependencgropertiesbe-
tweendataattributesusing appropriatestatisticalmeasurege.g.,
x? or mutualinformation)andthenbuild a network that exhibits
the obsered correlationsandindependenciell, 16]. (2) Scoring-
based(or, Bayesianmethodsarebasedn defininga statistically-
motivated scoe function (e.g., Bayesianor MDL-based)that de-
scribesthe fitnessof a probabilisticnetwork structureto the ob-
sened data;the goalthenis to find a structurethat maximizesthe

score[6, 7, 8]. (In general,this is a hard optimizationproblem
thatis typically A"P-hard[5].) Both methodshave their prosand
cons.Giventheintractabilityof scoring-basedetwork generation,
several heuristicsearchmethodswith reasonabldime complei-
ties have beenproposed. Many of thesescoring-basednethods,
however, assumean ordering for the input attributesandcangive
drastically different networks for different attribute orders. Fur
ther, dueto their heuristicnature,suchheuristicmethodsmay not
find the beststructurefor the data. On the otherhand,constraint-
basedmethodshave beenshavn to be asymptoticallycorrectun-
dercertainassumptionaboutthe data[4], but, typically, introduce
edgesn thenetwork basedn ConditionallndependencéCl) tests
that becomeincreasinglyexpensve and unreliableas the size of
the conditioningsetincreaseg7]. Also, several constraint-based
methodshave very high computationakcompleity, requiring,in
theworstcase anexponentialnumberof Cl tests.

SPARTAN's DEPENDENCY FINDER implementsa constraint-
basedBayesiametwork builder basedon the algorithmof Cheng
etal. [4]. Unlike earlierconstraint-basechethodsthealgorithmof
Chenget al. explicitly triesto avoid complex CI testswith large
conditioningsetsand, by using Cl testsbasedon mutualinforma-
tion divergence eliminatesthe needfor an exponentialnumberof
Cl tests[4]. In fact, given an n-attribute dataset, our Bayesian
network builderrequiresatmostO(n“) Cl testswhich,in ourim-
plementationiranslatego at mostO(n*) passesver theinputtu-
ples. Recallthat SPARTAN"s DEPENDENCY FINDER usesonly
a smallrandomsampleof the input tableto discover the attribute
interactionsthesizeof thissamplecanbeadjustedaccordingo the
amountof mainmemoryavailable,sothatnol/O is incurred(other
thanthatrequiredto producethe sample).Also, notethatthe DEe-
PENDENCY FINDERis, in a senseput of the “critical path” of the
datacompressiorprocesssincesuchattribute interactionsarean
intrinsic characteristiof the datasemanticghat only needsto be
discoreredoncefor eachinput table. Our DEPENDENCY FINDER
implementatioraddsseveral enhancement® the basicChenget
al. algorithm,suchasthe useof Bayesian-scoringhethoddor ap-
propriatelyorientingtheedgesn thefinal network [1].

3.2 The CARTSELECTOR Component

The CARTSELECTOR components theheartof SPARTAN s
model-basedemanticcompressiorengine. Given the input data
table and error tolerancesas well asthe 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
agecostis minimized within the specifiederror bounds. Recall
from Section2.2 that the total storagecost|T.| is the sumof the
materializationcosts(of predictorattributes)and predictioncosts
(of the CaRTs for predictedattributes). In essencethe CARTS-
ELECTOR implementsthe core algorithmic stratgies for solving
SPARTAN’s CaRI-basedsemanticcompressiorproblem(Sec-
tion 2.2). Decidingon a storage-optimasetof predictedattributes
andcorresponding@redictorgposesahardcombinatoriabptimiza-
tion problem;asthefollowing theorenmshaws, the problemis A/P-
hardevenin thesimplecasewherethesetof predictorattributesto
beusedfor eachattributeis fixed.

THEOREM 3.1. Considera givensetof n predictos {X; —
X; @ forall X; € X, wheeX; C X}. Choosinga storage-
optimal subsewf attributesX,,,e¢ C X to be predictedusingat-
tributesin X — Xpeq is NP-hard. il

Thesimpleinstanceof SPARTAN's CaRI-basedsemanticom-
pressiorproblemdescribedn the above theoremcanbe shawvn to



be equivalentto the WeightedMaximumindependenSet(WMIS)
prollem whichis known to be A“P-hard. The WMIS problemcan
be statedas follows: “Given a node-weightedundirectedgraph
G = (V, E), find asubsebf nodesV’ C V suchthatno two ver
ticesin V' arejoinedby anedgein E andthetotal weightof nodes
in V' is maximized. Abstractly the partitioningof the nodesinto
V' andV — V' correspondsxactly to the partitioningof attributes
into “predicted” and “materialized” with the edgesof G captur
ing the “predictedby” relation. Further the constrainthatno two
verticesin V' areadjacenin G ensureghatall the (predictor)at-
tributesfor a predictedattribute (in V') are materialized,which
is a requirementof SPARTAN's compressiorproblem. Also,
the weight of eachnodecorespondso the “storagebenefit” (ma-
terializationcost- predictioncost)of predictingthe corresponding
attribute. Thus,maximizingthe storagebenefitof the predictedat-
tributeshasthe sameeffect asminimizing the overall storagecost
of thecompressethble.

Even thoughWMIS is known to be A/P-hard and notoriously
difficult to approximatefor generalgraphs[9], several recentap-
proximationalgorithmshave beenproposedvith guaranteedorst-
caseperformanceboundsfor bounded-dgree graphs[11]. The
optimizationproblemfacedby SPARTAN's CARTSELECTOR
is obviously muchharderthansimple WMIS, sincethe CARTS-
ELECTOR is essentiallyfree to decideon the setof predictorat-
tributesfor eachCaRT. Further the CARTSELECTOR alsohasto
invoke SPARTAN"s CARTBUILDER componento actuallybuild
potentiallyusefulCaRTs,andthis constructions itself acomputation-
intensve task[2, 13].

Giventhe inherentdifficulty of the CaRT-basedsemanticcom-
pressiorproblem SPARTAN's CARTSELECTORImMplementgwo
distinct heuristicsearchstratgjies that emplg/ the Bayesiannet-
work model of T built by the DEPENDENCY FINDER to intelli-
gentlyguidethesearchhroughthehugespaceof possibleattribute
predictionalternatves. Thefirst strat@y is a simplegreedyselec-
tion algorithmthatchoose£aRT predictorggreedilybasedntheir
storagebenefitsduring a single “roots-to-leaes” traversal of the
Bayesiangraph. The secondmore comple stratgy takesa less
myopic approactthat exploits the similaritiesbetweenour CaRT-
selectionproblemand WMIS; the key idea hereis to determine
the set of predictedattributes(andthe correspondingCaRTs) by
obtaining(approximate}yolutionsto a numberof WMIS instances
createchasedbnthe Bayesiarmodelof 7.

The GreedyCaRT Selector Briefly, SPARTANsGreedyCaRI-
selectionalgorithmvisits the setof attributesX” in thetopological-
sortorderimposedby the constructedBayesiametwork modelG
andtriesto build a CaRT predictorfor eachattribute basedon its
predecessorsThus, for eachattribute X; visited, thereare two
possiblescenarios.

1. If X; hasno parentnodesin G (i.e., node X; is a root of
G) thenGreedyconcludeshat X; cannotbe predictedand,
consequentlyplacesX; directlyin thesubsebf materialized
attributesXnq¢-

2. Otherwise(i.e., m(X;) is not emptyin G), SPARTAN's
CARTBUILDER components invokedto constructa CaRT-
basedpredictorfor X; (within the specifiederror tolerance
e;) usingthe setof attributeschoserfor materializatiorthus
far Xnqt. (Notethat possiblyirrelevant attributesin X4+
will be filtered out by the CaRT constructionalgorithmin
CARTBUILDER.) Oncethe CaRT for X; is built, therela-
tive storagebenefitof predictingX; canbeestimatedX; is
choserfor predictionif this relative benefitis at leastd (an
input parameteto Greedy) andmaterializedtherwise.

Our Greedyalgorithmprovidesa simple,low-compleity solu-
tionto SPARTAN"'s CaRI-basedsemanticompressioproblem.
(Thedetailedpseudo-codéor Greedycanbefoundin [1].) Given
ann-attributetableandBayesiametwork G, it is easyto seethat
Greedy always constructsat most(n — 1) CaRT predictorsdur
ing its traversalof G. This simplicity, however, comesat a price.
More specifically GreedyCaRT selectionsufers from two major
shortcomingsFirst, selectinganattribute X; to be predictedbased
solelyonits “localized” predictionbenefit(throughits predecessors
in G) is avery myopic strat@y, sinceit ignoresthe potentialben-
efitsfrom using X; itself asa (materialized)predictorattribute for
its descendant® G. Suchvery localizeddecisionscanobviously
resultin pooroverall predictorselections Secondthevalueof the
“benefit threshold”paramete canadwerselyimpactthe perfor
manceof the compressiorengineandselectinga reasonablealue
for 6 is nota simpletask. A high 8 valuemay meanthatvery few
or no predictorsarechosenyhereasalow 8 valuemay causdow-
benefitpredictorsto be chosenearly in the searchthus excluding
somehigh-benefitpredictorsat lower layersof the Bayesiannet-
work.
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Figure 3: Example Instancefor CARTSELECTOR Algorithms.

ExAmPLE 3.1. Considerthe Bayesiannetworkgraph defined
over attributes X1, . .. , X4 shownin Figure 3(a). Letthe materi-
alization costof ead attribute be 125. Further, let the prediction
costsof CaRTpredictoss be asfollows:

PredCost ({X1} — X2)
PredCost ({X1} — X3)
PredCost ({X1} — X4)

PredCost ({X2} — X3) = 15
PredCost ({X2} — X4) = 80
5 PredCost ({X3} — X4) = 75

Supposdahat § = 1.5. SinceX; hasno parents,it is initially
addedto X,,.q:. In thenexttwoiterations,sinceMat er Cost (X3)
/ PredCost ({X1} — X2) =1.67 > 1.5 andMat er Cost (X3)
/ PredCost ({X;} — X3) =1.56 > 1.5, X, and X3 are added
t0 Xpreq. Finally, X4 is addedto Xpnq: sinceMat er Cost (X4) /
PredCost ({X1} — X4) = 1 < 1.5. Thus,the overall storage
costof materializing X; and X4, and predicting X, and X3 is
125 + 75 + 80 + 125 = 405. 1

The MaxIndependentSetCaRT Selector SPARTAN ' sMaxIn-
dependentSeCaRT-selectionalgorithm,depictedin Figure4, al-
leviatesthe dravbacksof Greedy mentionedabove. Intuitively,
the MaxIndependentSetalgorithmstartsout by assumingall at-
tributesto be materialized,i.e., Xn.: = X (Stepl), andthen
works by iteratively solving WMIS instanceghat try to improve
the overall storagecostby moving the nodesin the (approximate)
WMIS solutionto the subsetof predictedattributes Xpreq. Con-
siderthe first iteration of the main while-loop (Steps3—30). Al-
gorithm MaxIndependentSetstartsout by building CaRT-based
predictorsfor eachattribute X; in X basedon X;’s “predictive
nei ghbor hood” in theconstructe®ayesiametwork G (Stepss—
7); thisnei ghbor hood functionis aninput parameteto the al-
gorithmandcanbesetto either X;’s parentor its Markov blanket
in G. Then,basedon the “predicted-by”relationsobseredin the
constructedCaRTs, MaxIndependentSetbuilds a node-weighted,
undirectedyraphG'temp 0n X with (a) all edgeq X;,Y'), whereY
is usedin theCaRT predictorfor X;, and(b) weightsfor eachnode



procedure MaxindependentSe{ T(X) , &, G , neighborhood() )

Input: n-attributetableT’; n-vectorof errortoleranceg; Bayesiametwork
G onthesetof attributesX’; functionneighborhood() definingthe
“predictive neighborhooddf anodeX; in G (e.g.,m(X;) or 8(X;)).

Output: Setof materializedpredictedjattributes Xy at (Xpreq = X—
Xmat) andaCaRT predictorPRED(X;) — X; for eachX; € Xp;cq.

begin

1 Xmat := X, Xpred := ¢

2. PRED(X;) := ¢ forall X; € X', improve:=true

3. while (improve # false) do

4, for eachX; € Xnat

5. mat er _nei ghbor s(X;) := (Xmat N neighborhood(X;)) U
{PRED(X) : X € neighborhood(X;), X € Xpreq} — {X;}

6. M := Bui | dCaRT(mat er _nei ghbor s(X;) — Xj, e;)

7. let PRED(X;) C mat er _nei ghbor s(X;) bethesetof predictor

attributesusedin M

8. cost change; := 0

9. for eachX; € A),eq suchthat X; € PRED(X;)

10. NEWPRED; (X;) := PRED(X;) — {X;} UPRED(X;)

11. M := Bui | dCaRT(NEWPRED; (X;) — X;,e;)

12. SetNEWPRED; (X ;) to the(sub)sebf predictorattributes
usedin M

13. cost _change; := cost _change; + (Pr edCost (PRED(X})

— X]‘) — PredCost (NEWPREDi(Xj) — XJ))
14. end
15. end
16. build anundirectednode-weightedraphGtemp = (X¥mat; Etemp)
onthecurrentsetof materializedattributes X,,q+, where:
17. (@) Etemyp := {(X,Y) : Vpair(X,Y) € PRED(X;) for someX;
in Xpred} U {(X“Y) VY € PRED(Xl) , X5 € Xmat}
18. (b) wei ght (X;) := Mat er Cost (X;) — PredCost (PRED(X;)
— X;) 4 cost _change; for eachX; € Xpat
19. S := FindWMIS(Gtemp)
20. /* select(approximatenaximumwei ght independensetin */
21. I* Gtemp as"maximum-benefit'subseof predictedattributes*/
22, if (3" xegWei ght (X) < 0) thenimprove := false

23. else I* updateXy,qt, Xpreq, andthechoserCaRr predictors'/
24. for eachX; € Alpeq

25. if (PRED(X;) NS = {X;})then

26. PRED(X ;) := NEWPRED; (X;)

27. end

28. Xmat = Xmat — S, Xp'r‘ed = Xpred us

29. end

30. end/* while */

end

Figure 4: The MaxIndependentSetCaRT-SelectionAlgorithm.

X, setequalto the storage-codbenefitof predictingX; (Stepsl6—
18). Finally, MaxIndependentSetfinds a (nearoptimal) WMIS
of Gtemp andthe correspondingnodes/attribtesaremovedto the
predictedset X,,.q With the appropriateCaRT predictors(assum-
ing thetotal benefitof the WMIS is positive) (Steps19-29).

Notethatin Step5, it is possiblefor mat er _nei ghbor s(Xj;)
to be ¢. This could happenfor instancejf X; is arootof G and
X;’snei ghbor hood comprisesof its parents.In this case the
model M returnedby Bui | dCaRT is emptyandit doesnot make
sensedor X; to bein the predictedsetX,,¢4. We ensurethat X;
alwaysstaysin X+ by settingPr edCost (PRED(X;) — X;) to
oo if PRED(X;) = ¢, which causesX;’s weightto become—co
in Step18.

TheWMIS solutiondiscoveredafterthisfirstiterationof Maxin-
dependentSetcanbe further optimized,sinceit malesthe rather
restrictve assumptiorthatanattribute canonly be predictedbased
onits directnei ghbor hood in G. For example,considera sce-
nariowhereG containsthe directedchain{X,Y} - Z —» W,
andtheattributepair { X, Y } providesavery goodpredictorfor Z,
whichitselfis agoodpredictorfor thevalueof W. Then theinitial

WMIS solutioncanobviously selectonly oneof thesepredictors.
Ontheotherhand theabove scenarianeanghat(by “transitivity”)
it is very likely that { X, Y'} canalsoprovide a goodpredictorfor
W (i.e.,only X andY needto be materialized).

Later iterationsof MaxIndependentSets main while-loop try
to further optimizethe initial WMIS solutionbasedon the aboe
obseration. Thisis accomplishedby repeatedlymoving attributes
from the remainingsetof materializedattributes X, to the pre-
dictedattributesX),,.q. For eachmaterializedattribute X;, MaxIn-
dependentSefindsits “materializedheighborhoodin theBayesian
modelG, thatcomprisedor eachnodeX in thenei ghbor hood
of X;: (1) X itself, if X € Xnq: and(2) the (materialized)at-
tributescurrently usedto predict X, if X € Xp,eq (Step5). A
CaRT predictorfor X; basedon its materializedcheighborss then
constructedStep6). Now, sinceX; mayalreadybeusedin anum-
berof predictordor attributesin X4, we alsoneedto accounfor
thechangen storagecostfor thesepredictorsvhenX; is replaced
by its materializedneighborsusedto predictit; this change(de-
notedby cost _change;) is estimatedn Steps8—14. The node-
weighted,undirectedgraphGiemyp is thenbuilt on X4+ with the
weightfor eachnode X; setequalto the overall storagebenefitof
predictingX;, includingcost _change; (Stepsl6-18).(Notethat
this benefitmay very well be negative.) Finally, a (nearoptimal)
WMIS of Giemp is chosenand addedto the setof predictedat-
tributesX,,q With theappropriataipdatego the setof CaRT pre-
dictors. Notethat, sinceour algorithmconsiderghe “transitive ef-
fects” of predictingeachmaterializedhode X; in isolation,some
additionalcarehasto be taken to ensurethat at mostone predic-
tor attributefrom eachalreadyselectedCaRT in X,.q is choserat
eachiteration. This is accomplishedby ensuringthatall attributes
belongingto apredictorsetPRED(X; ) for someX; € X,,.q form
acliquein the constructiorof Gemp (Stepl7). Then,by its defi-
nition, the WMIS solutioncancontainat mostonenodefrom each
suchsetPRED(X ;). MaxIndependentSets while-loop continues
until nofurtherimprovementson theoverall storagecostarepossi-
ble (Step22).

ExAMPLE 3.2. ConsidettheBayesiametworkgraphshownin
Figure 3(a) and let predictioncostsfor attributesbe as described
earlier in Example3.1. Further, supposethe nei ghbor hood
functionfor anodeX; isits parents.In thefirstiteration, PRED(X1) =
¢, PRED(XQ) = X1, PRED(XS) = X, and PRED(X4) = Xs3.
Further, sinceX,,.q = ¢, cost change; = 0 for ead X; €
Xmat- Asaresult,thegraph Giemp andweightsfor thenodesare
setasshownin Figure 3(b). Notethatnode X is assignedweight
of —oo becausdPRED(X1) = ¢. Theoptimal WMISof Gtemyp iS
{X3} sinceits weightis greaterthanthe sumof theweightsof X
and X4. Thus,afterthefirstiteration Xpreq = {Xs}.

In thesecondteration,PRED(X4) is setto X in Step$—7since
neighborhood(X4) = X3 and X3 € Xpreq With PRED(X3) =
X>. Further PRED(X1) = ¢ andPRED(X>) = X;. Also,since
X»> € PRED(X3), in Steps8—14,NEWPRED,(X3) = {X1} and
cost _change, =PredCost ({X2} — X3) — PredCost ({X1}
— X3) = —65. In addition,sinceX; and X4 arenotpredictorsfor
a predictedattribute, cost change; = cost change, = 0.
Thus,thegraph Gemp andweightsfor thenodesare setasshown
in Figure 3(c). Theweightfor X, is essentiallyvat er Cost (X»)
— PredCost ({X;} — X3) + cost change, =125 — 75 —
65 andtheweightfor X, isMat er Cost (X4) — Pr edCost ({X»}
— X4) + cost change, = 125 — 80 + 0. Theoptimal WMIS
of Giemp is {Xa} andthus X,,.q = {X3, X4} after the second
iteration.

Finally, Figure 3(d)illustratesGemp duringthethird iteration—
nodeX, hasaweightof —60 sincePRED(X>) = {X1} and X3 is



usedto predictboth X3 and X 4. Thus,while predicting(insteadof

materializing) X, resultsin a deceaseof 50in thecostof X, the

costof predicting X3 and X4 using X; (insteadof X») increases
increaseshy 110, thusresultingin a netincreasein costof 60.

Thealgorithm terminatessinceweightof every nodein Giemyp IS

negative Theendresultis a total storage costof only 345, which

is, in fact, the optimalsolutionfor this instancell

Complexity of Algorithm MaxIndependentSet. Analyzing the
executionof algorithmMaxIndependentSet we canshaw that,in
the worst case it requiresat mostO(n) invocationsof the WMIS

solutionheuristic(Find WMIS) andconstructsat mostO(p@)

CaRT predictorswheren is the numberof attributesin X andp
is an upperboundon the numberof predictorattributesusedfor
ary attribute in &j,eq. Further underassumptionslightly less
pessimistichanthe worst case,it canbe shavn that our MaxIn-

dependentSetalgorithmonly needsto solve O(log n) WMIS in-
stancesndbuild O(pnlog n) CaRT predictors.The detailsof the
analysiscanbefoundin thefull paper1].

3.3 The CARTBUILDER Component

SPARTAN's CARTBUILDER componentonstructsa CaRT
predictorX; — X; for theattribute X; with X; asthepredictorat-
tributes.The CARTBUILDER'sobjectie is to constructhe small-
est(in termsof storagespace)CaRT modelsuchthateachpredicted
value (of a tuple’s valuefor attribute X;) deviatesfrom the actual
valueby at moste;, theerrortolerancefor attribute X;;.

If the predictedattribute X; is categorical, thenSPARTAN's
CARTBUILDERcomponenbuildsacompactlassificatiortreewith
valuesof X; servingasclassabels.CARTBUILDERemplg/sclas-
sificationtreeconstructioralgorithmsfrom [15] to first constructa
low storagecosttreeandthenexplicitly storessuficientnumberof
outlierssuchthatthe fraction of misclassifiedecordsis lessthan
thespecifiecerrorbounde;. Thus,CARTBuUILDER guaranteethat
thefractionof attribute X;’svaluesthatareincorrectlypredicteds
lessthane;.

In the caseof numericpredictedattributes X;, SPARTAN s
CARTBUILDERemplgsanovel, efficientalgorithmfor construct-
ing compactregressiontreesfor predicting X; with an error that
is guaranteeahot to exceede;. The key technicalideain our al-
gorithmis to integratebuilding and pruning during the top-davn
constructiorof aguaranteed-erraegressiortree—thisis achieved
througha novel technique(basedon dynamic programming)for
computinga lower boundon the costof a yet-to-be-&pandedsub-
tree.Dueto spaceconstraintsthedetailsof SPAR T AN sregres-
siontreeconstructioralgorithmcanbefoundin thefull paper1].

3.4 The ROWAGGREGATOR Component

SPARTAN's CARTSELECTOR componencomputesthe set
of attributes{ X1, ... , X, } to predictandthe CaRT models{ M,
..., My} for predictingthem. Thesemodelsare storedin the
compressedersionT, of the table alongwith T’, the projection
of tableT on predictorattributes. Olviously, by compressing™
onecouldreducethestorageoverheadf T, evenfurther However,
while losslessompressiomlgorithmscanbe usedto compresg”
without ary problemswe needto be morecarefulwhenapplying
lossy compressioralgorithmsto 7”. This is becausewith lossy
compressionthe value of a predictorattribute X; in 7' may be
differentfrom its original valuethatwasinitially usedto build the
CaRTI models.As aresult,it is possiblefor errorsthatexceedthe
specifiedbounds to be introducedinto the valuesof predictedat-
tributes.For instanceconsidethetablefrom Examplel.1 (shavn
in Figurel(a))andthe CaRTsin Figurel(b)containedn thecom-
pressedrersionT, of the table. Supposehat the error tolerance

for the salary attribute is 5,000and after (lossy) compressionthe

salary value of 76,000is storedas81,000in T'. Consequently
sincethe classificationtree in Figure 1(b) is usedto predictthe

value of the assetsattribute, the value of the attribute would be

wrongly predictedas 225,000(insteadof 75,000),thus violating

the errorboundof 25,000.

SPARTAN’s ROWAGGREGATOR componenusesa fascicle-
basedalgorithm[12] to further compresghetableT” of predictor
attributes.Sincefascicle-basedompressioiis lossy in thefollow-
ing, we shav how the abore-mentionedscenariocan be avoided
when compressingiumeric attributes using fascicles. For a nu-
meric predictorattribute X;, definevaluewv to be a split valuefor
X; if X; > v is asplit conditionin someCaRT M; in T,. Also,
in a fascicle(setof records),we saythatan attribute X; is com-
pactif therange[z’, z"’] of X;-valuesin the fascicle,in addition
to having width at most2e;, alsosatisfieghe propertythatfor ev-
ery split valuew, eitherz’ > v orz” < v. In ourfascicle-based
compressioralgorithm, for eachcompactattribute X;, by using
(z' + z'")/2 asthe representate for X;-valuesin the fascicle,
we canensurethat the error boundsfor both predictoraswell as
predictedattributesare respected.In fact, we canshav that the
valuesfor predictedattributesareidenticalprior to andafterT” is
compressedsingfascicles This is becausdor eachtuplet in T,
the original andcompresseduple traversethe samepathin every
CaRl M;. Forinstancesupposdhat X; > v is a split condition
in someCaRT andt[X;] is differentafter compression.Then, if
t[X;] > v, it mustbethe casethatfor thefasciclecontainingt, for
the X;-valuerange[z’, 2], ' > v. Thus,the compressedalue
for t{X;] ((=' + z"")/2) mustalsobe greaterthanv. In asimilar
fashion,we canshav thatwhent[X;] < v, the compressedalue
of t[X;] is alsolessthanor equalto v. Thus,our morestrict def-
inition of compactattributespreventserrorsin predictorattributes
from rippling throughthe predictedattributes. Further the fasci-
cle computatioralgorithmsdevelopedin [12] canbe extendedn a
straightforvard mannetto computefasciclescontainingk compact
attributes(accordingto our new definition).

4. EXPERIMENTAL STUDY

In this section,we presenthe resultsof an extensie empirical
studywhoseobjective wasto comparethe quality of compression
dueto SPARTAN"s model-basedpproactwith existing syntac-
tic (gzip) and semantic(fascicles)compressiortechniques. We
conductedwide rangeof experimentswith threevery diversereal-
life datasetsin whichwe measurethothcompressiomatiosaswell
asrunningtimesfor SPARTAN . Themajorfindingsof our study
canbe summarizeasfollows.

e Better CompressionRatios. On all datasets, SPARTAN

producessmallercompressedablescomparedo gzip andfasci-

cles. The compressiordueto SPARTAN is more effective for

tablescontainingmostly numericattributes, at times outperform-
ing gzip andfasciclesby a factorof 3 (for errortoleranceof 5-

10%). Evenfor error tolerancesaslow as 1%, the compression
dueto SPARTAN, onanaveragejs 20-30%betterthanexisting

schemes.

e Small Sample Sizesare Effective. For the datasets,evenwith
samplesassmallas50KB (0.06%of onedataset),SPARTAN is
ableto computea goodsetof CaRT modelsthatresultin excellent
compressiomatios. Thus,usingsamplego build the Bayesiamet-
work andCaRT modelscanspeedip SPARTAN significantly

¢ BestAlgorithms for SPARTAN Components. The MaxIn-
dependentSetCaRT-selectioralgorithmcompressethedatamore
effectively thatthe Greedyalgorithm. Further sinceSPARTAN



spendsmostof its time building CaRT's (between50% and 75%
dependingon the dataset), the integratedpruningandbuilding of
CaRTs resultsin significantspeedupso SPARTAN"s execution
times.

Thus, our experimentalresultsvalidatethe thesisof this paper
that SPARTAN is a viable and effective systemfor compress-
ing massie tables. All experimentsreportedin this sectionwere
performedon a multi-processo(4 700MHz Pentiumprocessors)
Linux senerwith 1 GB of mainmemory

4.1 Experimental Testbedand Methodology

CompressionAlgorithms. We considerthreecompressioralgo-
rithmsin our experimentaktudy

e Gzip. gzip is thewidely usedosslessompressiomool basedn

the Lempel-Zv dictionary-basedompressiotechniqudg18]. We

compresshetablerow-wiseusinggzip afterdoingalexicographic
sortof thetable.Wefoundthisto significantlyoutperformthecases
in which gzip was appliedto a row-wise expansionof the table

(withoutthelexicographicsort).

e Fascicles. In [12], JagadishMadarandNg, describetwo algo-
rithms, Single-kand Multi-k, for compressing table usingfasci-
cles. They recommendhe Multi-k algorithmfor smallvaluesof &

(the numberof compactattributesin the fascicle) but the Single-k
algorithmotherwise. In our implementationwe usethe Single-k
algorithmasdescribedn [12]. Thetwo maininput parameterso

thealgorithmarethenumberof compactttributes k, andthemax-
imum numberof fasciclesto be built for compressionP. In our
experimentsfor eachindividual dataset,we usedvaluesof £ and
P thatresultedin the bestcompressiordue to the fasciclealgo-
rithm. We foundthe Single-kalgorithmto berelatively insensitve
to P (similarto thefindingreportedn [12]) andchoseP to be 500

for all threedatasets.However, the sizesof the compressethbles
outputby Single-kdid vary for differentvaluesof & andsofor the
Corel,Forest-coer andCensuglatasets(describedelon), we set
k to 6, 36 and9, respectrely. Note thattheselarge valuesof &

justify our useof the Single-kalgorithm.We alsosetthe minimum
sizem of afascicleto 0.01%of thedatasetsize.For eachnumeric
attribute, we setthe compactneswleranceto two timesthe input
errortoleranceor thatattribute. However, sincefor cateyoricalat-
tributes,the fascicleerror semanticsliffers from our’s, we useda
compactneswleranceof O for every categoricalattribute.

¢ SPARTAN . Weimplementeaill componentsftheSPARTAN
systemasdescribedn section3. For the GreedyCaRT-selection
algorithm,weusedvalueof 2 for therelative benefiparameteé. In
theMaxIndependentSetCaRT-selectioralgorithm,for findingthe
WMIS of the node-weightedjraphG'ermp, We usedthe QUALEX
software package(www. busygi n. dp. ua/ npc. ht m ). This soft-
wareimplementsan algorithmbasedon a quadraticprogramming
formulation of the maximumweightedclique problem[9]. The
runningtimeis O(n*) (Wheren is numberof verticesin thegraph).
In our experiments,QUALEX always found the optimal solution
and accountedfor a negligible fraction of the overall execution
time. We alsoimplementedthe integratedbuilding and pruning
algorithmin theBui | dCaRT componentandusedasimplelower
boundof 1 + min{log(|X;|), log(|dom(X;)|)} for every “yet to
be expanded”leaf node. Finally, in the ROWAGGREGATOR com-
ponentwe emplo/edthe Single-kfasciclealgorithm,with P setto
500 andk equalto two-thirdsof the numberof attributesin 7”. In
orderto be fair in our comparisorwith fascicleswe setthe error
tolerancdor cateoricalattributesto alwaysbeO.

Real-life Data Sets. We usedthefollowing real-life datasetswith

very differentcharacteristicén our experiments.

e Census(www. bl s. census. gov/ ) Thisdatasetwastakenfrom
the CurrentPopulationSuney (CPS)data,whichis amonthlysur
vey of about50,000householdsonductedby the Bureauof the
Censudor the Bureauof Labor Statistics.Eachmonths datacon-
tainsaround135,000tupleswith 361 attributes,of which we used
7 catgyorical attributes (e.g., education,race)and 7 numeric at-
tributes(e.g.,age,hourly payrate). In the final dataset,we used
datafor 5 months(JunethroughOctober2000) that containeda
total of 676,000tuplesandoccupied28.6 MB of storage.

e Corel. (kdd. i cs. uci . edu/ dat abases/ Cor el Feat ur es/)
This datasetcontainamagefeaturesextractedfrom a Corelimage
collection.Weuseda 10.5 MB subsebf thedatasetwhichcontains
the color histogramfeaturesof 68,040photoimages.This dataset
consistof 32 numericalattributesandcontainss8,040tuples.

e Forest-caver. (kdd. i cs. uci . edu/ dat abases/ covertype/)
This datasetcontainsheforestcover typefor 30 x 30 metercells
obtainedrom US ForestService(USFS)Region 2 Resourcénfor-
mationSystem(RIS) data.The75.2 MB datasetcontains581,000
tuples,and10 numericand44 cateyorical attributesthat describe
theelevation,slope,soil type, etc. of thecells.

Default Parameter Settings. The critical input parameteto the
compressiomlgorithmsis theerrortolerancdor numericattributes
(note that we use an error toleranceof O for all cateyorical at-
tributes). The error tolerancefor a numericattribute X; is speci-
fied asa percentag®f the width of the rangeof X;-valuesin the
table. Anotherimportantparametetto SPARTAN is the size
of the samplethatis usedto selectthe CaRT modelsin the final
compressedable. For thesetwo parameterswe usedefault val-
uesof 1% (for error tolerance)and 50KB (for samplesize), re-
spectvely, in all our experiments.Note that 50KB correspondso
0.065%,0.475%and0.174%of the total size of the Forest-cwer,
CorelandCensuglatasets respectiely. Finally, unlessstatedoth-
erwiseSPARTAN alwaysusesMaxindependentSetfor CaRI-
selectiorandtheintegratedpruningandbuilding algorithmfor con-
structingregressiortrees.

4.2 Experimental Results

Effect of Err or Thresholdon CompressionRatio. Figure5 de-
picts the compressionatiosfor gzip, fasciclesand SPARTAN
for thethreedatasets.Fromthefiguresit is clearthat SPARTAN
outperformsothgzip andfascicles, onanaveragepy 20-30%on
all datasets,evenfor alow errorthresholdvalueof 1%. Thecom-
pressiondueto SPARTAN is especiallystriking for the Corel
datasetthat containsonly numericattributes. For high error tol-
erancege.g.,5-10%),SPARTAN producescompresse€orel
tablethatis almosta factorof 3 smallerthanthe compresseda-
bles generateddy gzip and fascicles,and a factor of 10 smaller
thanthe uncompresse@oreltable. Evenfor the Censudataset,
which containsan equalnumberof numericand cateyorical at-
tributes SPARTAN compressebetterthanfasciclesor smaller
and moderateerror thresholdvalues(e.g.,0.5%to 5%); only for
largererrorbounds(e.g.,10%)do fascicleperformslightly better
thanSPARTAN. .

Thereasongzip doesnot compresghe datasetsaswell is that
unlike fasciclesand SPARTAN it treatsthetablesimply asa se-
guenceof bytesandis completelyoblivious of the error bounds
for attributes. In contrast,both fasciclesand SPARTAN ex-
ploit datadependenciebetweenattributesandalsothe semantics
of error tolerancedor attributes. Further comparedo fascicles
which simply clustertupleswith approximatelyequalattributeval-
ues,CaRTsaremuchmoresophisticateat capturingdependencies
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Figure5: Effect of Err or Thresholdon CompressionRatio.

betweerattribute columns.Thisis especiallytruewhentablescon-
tain numericattributessinceCaRTl's emplg/ semanticallyrich split
conditionsfor numericattributeslike X; > v. Anothercrucial
differencebetweenfascicle-and CaRT-basedcompressioris that,
whenfasciclesareusedfor compressioneachtuple andasa con-
sequenceevery attribute value of a tuple is assignedo a single
fascicle. However, in SPARTAN, apredictorattribute andthusa
predictorattribute value(belongingto a specifictuple) canbeused
in anumberof differentCaRT sto infer valuesfor multiple different
predictedattributes. Thus, CaRT's offer a morepaowerful andflex-
ible modelfor capturingattribute correlationsthan fascicles. As
aresult,a setof CaRT predictorsareableto summarizecomple
datadependenciebetweenattributesmuch more succinctlythan
a setof fascicles. For an error constraintof 1%, the final Corel
SPARTAN -compressethblecontains20 CaRT s thatalongwith
outliers,consumeonly 1.98MB or 18.8%of theuncompresseth-
ble size. Similarly, for the Forest-coer dataset, the numberof
predictedattributesin the compressedableis 21 (8 numericand
13 catgorical) andthe CaRT storageoverheadwith outliers)is a
measly4.77MB or 6.25%0f theuncompressethble.

Thecompressiomatiosfor SPARTAN areevenmoreimpres-
sivefor largervaluesof errortolerancde.g.,10%)sincethestorage
overheadof CaRTs + outliersis even smallerat thesehighererror
values. For example,at 10% error, in the compresseorel data
set, CaRT's consumeonly 0.6 MB or 5.73%of the original table
size. Similarly, for Forest-coer, the CaRT storageoverheadre-
ducesto 2.84MB or 3.72%o0f the uncompressethble. The only
exceptionis the Censugslatasetwherethedecreas@ storageover-
headis muchsteepeffor fascicleshanfor CaRTs. We conjecture
thatthisis becausef thesmallattributedomaingn theCensuslata
thatcauseeachfascicleto cover alarge numberof tuplesat higher
errorthresholdvalues.

Effect of Random SampleSizeon CompressiorRatio. Figure6(a)
illustratesthe effect on compressiomatio asthe samplesizeis in-
creasedrom 25KB to 200KB for the Forest-coer dataset. In-
terestingly even with a 25KB sample,which is about0.03% of
the total datasetsize, SPARTAN is ableto obtaina compres-
sion ratio of approximately0.1, which is about25% betterthan
the compressiomatio for gzip andfascicles.Further notethatin-
creasinghesamplesizebeyond50KB doesnotresultin significant
improvementdn compressiomuality. Theimplicationhereis that
it is possibleto infer agoodsetof modelsevenwith asmallrandom
sampleof thedataset. Thisis significantsinceusingasmallsample
insteadof the entiredatasetfor CaRl modelconstructiorcansig-
nificantly improve SPARTAN's runningtime (seerunningtime
experimentdescribedater).

Effect of CaRT SelectionAlgorithm on CompressionRatio /
Running Time. In Tablel, we shav the compressiomatiosand

runningtimesof SPARTAN"s CaRI-selectioralgorithmsfor the
three datasets. We considerthree CaRT-selectionalgorithms—
Greedy, MaxIndependentSetwith thenei ghbor hood for anode
setto it parentandMaxIindependentSetwith thenei ghbor hood
for anodesetto it Markov blanket (in the Bayesiangraph). From
the table, it follows that the MaxIndependentSetalgorithmsal-
wayscompresdetterthanthe Greedyalgorithm. This is because
the Greedy algorithm follows a very “local” prediction stratey
for eachattribute, basingthe decisionon whetheror notto predict
an attribute solely on how well it is predictedby its materialized
ancestorsn the Bayesiametwork graph. In contrastthe Maxin-
dependentSetalgorithmadoptsa more“global” view whenmak-
ing a decisionon whetherto predictor materializean attribute —
specifically it not only takesinto accounthow well anattributeis
predictedoy attributesin its neighborhoodhut alsohow well it pre-
dictsotherattributesin its neighborhoodObsere that,in general,
the versionof MaxIndependentSetwith the Markov blanket asa
nodes nei ghbor hood performsslightly betterthan MaxInde-
pendentSetwith parentsasthenei ghbor hood.

With respecto runningtimes,in generalwe foundthatMaxIn-
dependentSetvith parentsperformsquite well acrossall the data
sets.Thisis becauseit constructsew CaRTs (18for Census32for
Coreland46for Forest-ceer)andsinceit restrictghenei ghbor -
hood for eachattributeto only its parentseachCaRT containsfew
predictorattributes.While Greedydoeshuild thefewestCaRTsin
mostcaseq10 for Census16 for Coreland19 for Forest-coer),
all the materializedancestorsf an attribute are usedas predic-
tor attributeswhen building the CaRT for the attribute. As are-
sult, sincecloseto 50%attributesarematerializedor thedatasets,
eachCaRT is built usinga large numberof attributes,thus hurt-
ing Greedys performanceFinally, the performancef MaxInde-
pendentSetwith Markov blanket suffers sinceit, in somecases,
constructsa large numberof CaRTs (56 for Census,17 for Corel
and 138 for Forest-coer). Further sincethe Markov blanket for
a nodecontainsmore attributesthan simply its parents the num-
ber of predictorattributesusedin eachCaRT for Markov blanket
is typically muchlarger As aresult,CaRT constructiortimesfor
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-coer 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 Thresholdand SampleSizeon Running Time. In
Figures6(b) and6(c), we plot the runningtimesfor SPARTAN



Forest Cover Dataset
0.2

[
N}
o

Corel Dataset

Corel Dataset
1000

SPARTAN —+— SPARTAN —+— SPARTAN —+—
110
800
o 015r S 100 o
& & g
= o 90 - 9 o 600
2 o1 E E
] 1+ — [ [
g — > 80 \\ 2 Lo
g £ £
O o005 x x
60 | 200
50 |
0 . . . . . . . . . 0 . . . . .
0 50 100 150 200 2 4 6 8 10 200 400 600 800 1000

Sample Size (KB)

Error Threshold

Sample Size (KB)

Figure 6: Effect of Err or Thr esholdand SampleSizeon CompressionRatio/Running Time.

for arangeof errorthresholdvaluesandsamplesizes.Two trends

in thefiguresthatarestraightforvardto obsere arethatSPARTAN’s

runningtime decreasefor increasingerror bounds,andincreases
for larger samplesizes. The reasonfor the decreaseén execution
time whenthe error toleranceis increaseds that for larger error
thresholdsCaRT's containfewer nodesandso CaRI construction
timesaresmaller For instance,CaRT constructiontimes (which
constituteapproximatelys0-75%of SPARTAN"stotal execution
time) reduceby approximately25% asthe error boundincreases
from 0.5%to 10%. Notethe low runningtimesfor SPARTAN
onthe Coreldataset.

In Figure6(c), we plot SPARTAN s runningtime againsthe

randomsamplesizeinsteacf thedatasetsizebecausS PARTAN s

DEePENDENCY FINDERandCARTBuUILDER componentsvhichac-
count for most of SPARTAN’s running time (on an average,
20%and75%,respectiely) usethesamplefor modelconstruction.
SPARTAN malesvery few passeover the entiredataset(e.g.,
for sampling,for identifying outliersin the datasetfor eachse-
lectedCaRTI andfor compressing” usingfascicles)theoverhead
of which is negligible comparedo the overheadof CaRT model
selection.Obsere thatSPARTAN's performancescalesalmost
linearly with respecto thesamplesize.

Finally, in experimentswith building regressiortreesonthedata
setswe foundthatintegratingthe pruningandbuilding phasesan
resultin significantreductionsin SPARTAN"s running times.
Thisis becauseintegratingthe pruningandbuilding phasesauses
fewerregressiortreenodeso beexpandedsincenodeshatarego-
ing to be prunedlaterarenot expanded)andthusimproves CaRT
building timesby asmuchas25%.

5. CONCLUSIONS

In thispaperwe have describedhedesigrandalgorithmsunder
lying SPARTAN, a novel systemthat exploits attribute seman-
tics anddata-miningmodelsto effectively compressnassve data
tables. SPARTAN takesadwantageof predictive correlationsbe-
tweenthetableattributesandthe user or application-specifiedr-
ror tolerancego constructconciseandaccurateCaRT modelsfor
entirecolumnsof thetable. Torestrictthehugesearctspaceof pos-
sible CaRTs, SPARTAN explicitly identifiesstrongdependen-
ciesin the databy constructinga Bayesiametwork modelon the
givenattributes whichis thenusedo guidetheselectiorof promis-
ing CaRT models.Unfortunately aswe have demonstrateth this
paper this model-selectiomproblemis a strict generalizatiorof an
NP-hardcombinatoriaproblem(WMIS); thus,we have proposed
a novel algorithmfor SPARTAN"s CaRI-selectioncomponent
that exploits the discoreredBayesianstructurein the datain con-

junctionwith efficient, nearoptimalWMIS heuristics SPARTAN s

CaRT-building componentlso emplg/s novel integratedpruning

strat@iesthat take adwantageof the prescribederrortolerancego
minimize the computationakffort involved. Our experimentation
with several real-life datasetshasofferedcorvincing evidenceof
the effectivenesof SPAR TAN s model-basedpproach.
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