SPARTAN . Using Constrained Models for Guaranteed-Err or
Semantic Compression

Shivnath Babu*
Computer Science Department
Stanford University
Stanford, CA 94305

shivnath@cs.stanford.edu

ABSTRACT

While avariety of lossycompressioscheme$iave beendevelopedfor cer
tain forms of digital data(e.g., images,audio, video), the areaof lossy
compressiotechniquedor arbitrarydatatableshasbeenleft relatively un-
explored. Neverthelesssuchtechniquesre clearly motivatedby the ever-
increasingdatacollectionratesof modernenterprisesndthe needfor ef-
fective, guaranteed-qualitapproximateanswersto queriesover massve
relationaldatasets.

In this paperwe proposeSPAR TAN, asystenthattakesadvantageof at-
tribute semanticanddata-miningmodelsto performlossycompressiorof
massie datatables.SPARTAN is basedon the novel ideaof exploiting
predictve datacorrelationsand prescribederrortoleranceconstraintsfor
individual attributesto constructconciseand accurateClassificationand
RaressionTree (CaRT)modelsfor entire columnsof a table. More pre-
cisely SPARTAN selectsa certainsubsetof attributes (referredto as
predictedattributes)for which no valuesare explicitly storedin the com-
pressedable; instead,conciseerror-constained CaRT's that predictthese
values(within the prescribecderror tolerancesre maintained. To restrict
the huge searchspaceof possibleCaRT predictors, SPARTAN usesa
Bayesiametwork structureto guidetheselectiorof CaRI modelsthatmin-
imize theoverall storageequirementbasecdnthepredictionandmaterial-
ization costsfor eachattribute. SPART.AN"'s CaRI-building algorithms
emplo/ novel integratedpruningstrat@iesthattake advantageof thegiven
error constraintson individual attributesto minimize the computationagéf-
fort involved. Our experimentationwith several real-life datasetsoffers
corvincing evidenceof the effectivenessof SPARTAN's model-based
approach- SPARTAN is ableto consistentlyyield substantiallybetter
compressiomatios than existing semanticor syntacticcompressiortools
(e.g.,0zip) while utilizing only small samplesof the datafor modelinfer-
ence.

1. INTRODUCTION

Effective exploratoryanalysisof massie, high-dimensionatables
of alphanumeridatais a ubiquitousrequirementor a variety of
applicationervironmentsjncludingcorporatadatawarehouses)et-
work traffic monitoring,andlarge socioeconomior demographic
suneys. For example, large telecommunicatiorproviders typi-
cally generat@ndstorerecordf information,termed‘Call-Detalil
Records"(CDRs),for every phonecall carriedover their network.
A typical CDRis afixed-lengthrecordstructurecomprisingseveral
hundredbytesof datathatcaptureinformationon various(cateyor-
ical and numerical)attributesof eachcall; this includesnetwork-
level information(e.g.,endpointexchanges)time-stampnforma-
tion (e.g., call startand endtimes), andbilling information (e.qg.,
appliedtariffs), amongothers[4]. TheseCDRsare storedin ta-
blesthat cangrow to truly massve sizes,in the order of several
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TeraBytegeryear Similar massve tablesarealsogeneratedrom
network-monitoringtools that gatherswitch- androuterlevel traf-
fic data,suchas SNMP/RMON probes[19] and Cisco’s NetFlow
measurementools [1]. Suchtools typically collect traffic infor-
mationfor eachnetwork elementat fine granularities(e.g.,at the
level of paclet flows betweersource-destinatiopairs),giving rise
to massie volumesof tabledataover time. Thesemassie tables
of network traffic and CDR dataare continuouslyexplored and
analyzedto producethe “knowledge” that enableskey network-
managemertasks,includingapplicationanduserprofiling, proac-
tive and reactive resourcemanagementtraffic engineering,and
capacityplanning,aswell asproviding and verifying Quality-of-
Serviceguaranteefor endusers.

Traditionally, datacompressiorissuesarise naturally in applica-
tions dealingwith 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 instanceclientsareusually
disconnectednd,thereforepftenneedtio downloaddatafor offline
use. Theseclients may uselow-bandwidthwirelessconnections
and can be palmtop computersor handhelddevices with severe
storageconstraints Thus,for efficient datatransferandclient-side
resourceconseration, the relevant dataneedsto be compressed.
Severalstatisticalanddictionary-basedompressiommethodshave
beenproposedor text corporaandmultimediadata,someof which
(e.g.,Lempel-Zv or Huffman)yield provably optimal asymptotic
performancén termsof certainergodicpropertief thedatasource.
Thesemethods,however, fail to provide adequatesolutionsfor
compressing massve datatable,asthey view thetableasalarge
bytestringanddonotaccounfor thecomple dependencpatterns
in thetable.

Comparedo corventionalcompressiormethodsfor text or mul-
timediadata,effectively compressingnassie datatablespresents
a hostof novel challengeglueto several distinctcharacteristicef
tabledatasetsandtheir analysis.

e Approximate (Lossy) Compression.Dueto the exploratoryna-
tureof mary data-analysigpplicationsthereareseveralscenarios
in which an exactanswermay not be required,and analystsmay
in fact prefer a fast, approximateanswey as long as the system
canguarantedhat userprescribedconstaints on the approxima-
tion error are met. For example, during a drill-down query se-
guencein ad-hocdatamining, initial queriesin the sequencdre-
quently have the sole purposeof determiningthe truly interesting
queriesandregionsof the datatable. Providing (reasonablyaccu-
rate)approximateanswergo thesenitial querieggivesanalystghe
ability to focustheir explorationsquickly andeffectively, without
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consumingnordinateamountsof valuablesystenresourcesThus,
in contrastto traditionallosslessdatacompressionthe compres-
sionof massve tablescanoftenafford to belossy aslong assome
(user or application-definedyipperboundson the compressiorr-

ror areguaranteedy thecompressiomlgorithm. Thisis obviously

acrucialdifferentiation,asevensmallerrortolerancesanhelpus
achieve muchbettercompressiomatios.

e Semantic Compression. Existing compressiortechniquesare
“syntactic” in thesensehatthey operateatthelevel of consecutie
bytesof data. As explainedabore, suchsyntacticmethodstypi-
cally fail to provide adequatesolutionsfor table-datacompression,
sincethey essentiallyview the dataasa large byte string anddo
notexploit the complex dependengcpatterndn 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 specifiederror tolerances)and, (2) existing data
dependencieandcorrelationsamongattributesin thetable.

In this paper we describehearchitectureof SPARTAN?, asys-
tem that takes adwantageof attribute semanticsand data-mining
modelsto performlossy compressiorof massve datatables[2].
SPARTAN is basedon the novel ideaof exploiting datacorre-
lationsanduserspecified‘loss”/errortolerancedor individual at-
tributesto constructconciseand accurateClassificationand Re-
gressionTree (CaRT) models[3] for entire columnsof a table.
More precisely SPARTAN selectsa certainsubsebf attributes
(referredto aspredictedattributes)for which no valuesareexplic-
itly storedin the compressedable; instead,conciseCaRTs that
predictthesevalues(within the prescribederrorbounds)aremain-
tained.Thus,for a predictedattribute X thatis stronglycorrelated
with otherattributesin thetable, SPARTAN is typically ableto
obtaina very succinctCaRT predictorfor the valuesof X, which
canthenbe usedto completelyeliminatethe columnfor X in the
compressedable. Clearly, storinga compactCaRT modelin lieu
of millions or billions of actualattribute valuescanresultin sub-
stantialsavingsin storage.In 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[3; 16].

ExampLE 1.1: Considerthe table with 4 attributesand 8 tu-
plesshownin Figure 1(a), wheie ead tuple representsa dataflow
in an IP network. The categorical attribute protocol recods the
application-level protocolgenentingtheflow; thenumericattribute
durationis the time duration of the flow; and, the numeric at-
tributesbyte-countand paclets captue the total numberof bytes
andpadetstransfered. Letthe acceptablesrrors dueto compes-
sion for the numericattributesduration byte-count and paclets
be 3, 1,000,and 1, respectively Also, assumethat the protocol
attribute hasto be compessedvithouterror (i.e., zeo tolerance).
Figure 1(b) depictsa regressiontreefor predictingthe durationat-
tribute (with pacletsasthe predictorattribute)anda classification
tree for predicting the protocol attribute (with paclets and byte-
countas the predictor attributes). Observethat in the regression
tree the predictedvalue of duration (label value at ead leaf) is
almostalwayswithin 3, the specifiecerror tolerance of theactual

1[From Webster]Spartan: /’spart-*n/ (1) of or relatingto Sparta
in ancientGreece(2) a: marked by strict self-disciplineandavoid-
anceof comfort andluxury, b: sparingof words: TERSE: LA-
CONIC.
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packets > 16
n y
protocol | duration | byte-count| paclets

http 12 2,000 1 duration =15 duration = 29
http 16 24,000 5 (outlier: packets = 11)
ftp 27 100,000 24
http 15 20,000 8 packets > 10
ftp 32 300,000 35 n y
http 19 40,000 11
http 26 58,000 18 byte-count >
fip 18 80,000 | 15 n w;m

_ y

protocol = http
protocol = http protocol = ftp
(a) Tuplesin Table (b) CaRT Models

Figurel: Model-BasedsemanticCompression.

tuple value For instance the predictedvalue of durationfor the
tuplewith paclets= 1is 15while theoriginal valueis 12. Theonly
tuplefor which the predictedvalueviolatesthis error boundis the
tuple with paclets= 11, which is an marked asan outlier valuein
theregressiontree Thele are no outliersin the classificationtree
By explicitly storing in the compessedversion of the table eath
outlier valuealongwith the CaRTmodelsandthe projectionof the
table onto only the predictor attributes (paclets and byte-couny,
we can ensue that the error dueto compessiondoesnot exceed
the userspecifiedbounds.Further, storingthe CaRTmodels(plus
outliers) for durationand protocolinsteadof the attribute values
themselvesesultsin a reductionfrom8 to 4 valuesfor duration(2
labelsfor leaves+ 1 split valueat internal node+ 1 outlier) and
a reductionfrom8 to 5 valuesfor protocol(3 labelsfor leaves+ 2
split valuesat internal nodes) il

The key algorithmic problemfacedby 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 constraints.This
is avery challengingoptimizationproblemsince,not only is there
an exponentialnumberof possibleCaRTl-basedmodelsto choose
from, but alsobuilding CaRT's (to estimatetheir compressioen-
efits) is a computation-intense task, typically requiring multiple
passe®ver the data[3; 12; 18]. As aconsequence§PARTAN
hasto emplg/ a numberof sophisticatedechniquegrom theareas
of knowledgediscovery and combinatorialoptimizationin order
to efficiently discover a“good” (sub)sebf predictedattributesand
constructthe correspondin@gaRT models.Below, we list someof
SPARTAN s salientfeatures.

e Useof BayesianNetwork to Uncover Data Dependencies.
A Bayesiannetwork is a DAG whoseedgesreflect strong
predictive correlationsbetweemodesof the graph[14; 15].
Thus, a Bayesiannetwork on the tables attributes can be
usedo dramaticallyreducehesearctspaceof potentialCaRT
modelssince, for ary attribute, the most promising CaRT
predictorsare the onesthat involve attributesin its “neigh-
borhood”in the network. Our currentSPARTAN imple-
mentationusesa constraint-baseBayesiametwork builder
basedon recentlyproposedalgorithmsfor efficiently infer-
ring Bayesianstructurefrom data. To control the computa-
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tional overhead the Bayesiannetwork is built usinga rea-
sonablysmallrandomsampleof theinputtable.

e Novel CaRT-selectionAlgorithms that Minimize Storage
Cost. SPARTAN exploits the inferred Bayesiannetwork
structureby usingit to intelligently guide the selectionof
CaRT modelsthatminimizethe overall storagerequirement,
basedon the predictionand materializationcostsfor each
attribute. Intuitively, the goal is to minimize the sum of
the predictioncosts(for predictedattributes)and material-
ization costs(for attributesusedin the CaRTs). We demon-
stratethat this model-selectiorproblemis a strict general-
ization of the WeightedMaximumIndependenSet(WMIS)
problem[6; 10], whichis known to be N'P-hard. However,
by employing a novel algorithmthat effectively exploits the
discoreredBayesianstructurein conjunctionwith efficient,
nearoptimal WMIS heuristics, SPARTAN is ableto ob-
tain agoodsetof CaRT modelsfor compressinghetable.

e Improved CaRT Construction Algorithms that Exploit
Err or Constraints. A significationportionof SPARTAN s
executiontime is spentin building CaRT models. This is
mainlybecaus& PAR T AN needgo actuallyconstructmary
promisingCaRTs in orderto estimatetheir predictioncost,
and CaRT constructionis a computationally-intense pro-
cess. To reduceCaRT-building timesand speedup system
performanceSPARTAN emplgs the following threeop-
timizations: (1) CaRTs are built usingrandomsamplesin-
steadof the entire dataset, (2) leaves are not expandedif
valuesof tuplesin them can be predictedwith acceptable
accuray, and (3) pruningis integratedinto the tree grow-
ing phaseusingnovel algorithmsthatexploit the prescribed
errortoleranceconstraintdor the predictedattribute.

We have implementedhe SPARTAN systemandconductedan
extensie experimentalstudywith threereal-life datasetsto com-
parethequality of compressionlueto SPARTAN'smodel-based
approachwith existing syntacticand semanticcompressiortech-
niques. For all threedatasets,andeven for small errortolerances
(e.g.,1%), we found that SPART.AN is ableto achieve, on an
average,20-30% bettercompressiorratios. Further our experi-
mentalresultsindicatethat SPARTAN compressetablesbetter
whenthey containmorenumericattributesandaserrorthresholds
grow bigger Forinstancefor atablecontainingmostlynumericat-
tributesandfor highererrortolerancesn the5-10%range SPAR-
TAN outperformedxisting compressionechniquedy morethan
afactorof 3. Finally, we shav thatourimproved CaRT construc-
tion algorithmsmake SPARTANs performanceompetitive, en-
abling it to compressdatasetscontainingmore than half a mil-
lion tuplesin afew minutes.Thus,our experimentakesultsclearly
demonstratahe effectivenessof SPARTAN's methodologyfor
compressingnassve tables.

The technicaldiscussionn this overview paperwill focusmostly
on SPARTAN s efficient CaRT constructioralgorithmsandhow
they exploit theprescribederrorconstraintgor predictedattributes.
For moredetailson otherSPARTAN componentsheinterested
readeris referredto [2].

2. PROBLEM FORMULATION AND
OVERVIEW OF OUR APPROACH

In this section,we describeour proposednodel-basedrameavork
for the semanticcompressiorof massve datatablesandwe pro-
vide an overview of the architectureof SPARTAN, a system
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built aroundthis framewvork. We startby providing someneces-
sary definitionsand backgroundnformation on compressiorand
datamining models.

2.1 Preliminaries

Definitions and Notation. The input to the SPARTAN system
consistsf a n-attribute table’T’, comprisinga large numberof tu-
ples(rows). Welet X = {Xi,...,X,} denotethe setof n at-
tributesof T anddom(X;) representhe domainof attribute X;.
Attributeswith adiscreteunorderedraluedomainarereferredo as
categorical, whereaghosewith orderedvaluedomainsarereferred
to asnumeric We alsouseT, to denotethe compressedersionof
tableT’, and|T| (|T¢|) to denotethestorage-spaceequirements$or
T (T.) in bytes.

Thekey inputparameteto our semanticompressiomlgorithmsis
a(user or application-specified)-dimensionalectorof error tol-
erancese = [es, ..., e,] thatdefinesthe per-attribute acceptable
degreeof informationlosswhencompressing’. (Perattributeer
ror constraintarealsoemplo/edin thefasciclesramevork [11].)
Intuitively, thei** entry of thetolerancevectore; specifiesanup-
perboundon the errorby which ary (approximateyalueof X; in
thecompressethbleT, candiffer fromits original valuein T'. Our
errortolerancesemanticgliffer acrosscatgoricalandnumericat-
tributes,dueto thevery differentnatureof thetwo attributeclasses.

1. For anumericattribute X;, thetolerancee; definesanupper
boundon theabsolutedifferencebetweerthe actualvalueof
X, in T andthe correspondingapproximate)valuein the
compressedable T.. Thatis, if z, 2’ denotethe accurate
andapproximatevalue (respectiely) of attribute X; for any
tuple of T', thenour compressoguaranteeshatz € [z’ —
ei, ' + eil.

2. For a cateyorical attribute X;, the tolerancee; definesan
upperboundon the probability thatthe (approximate)yalue
of X; in T, is differentfrom the actualvaluein 7. More
formally, if z, 2’ denotethe accurateandapproximatevalue
(respectiely) of attribute X; for any tuple of T', then our
compressoguaranteethat Pjz = z'] > 1 —e;.

For numericattributes the errortolerancecould very well be spec-
ified in termsof quantilesof the overall rangeof valuesratherthan
absolute constantvalues. Similarly, for cateyorical attributesthe
probability of error could be specifiedseparatelyfor eachindivid-
ualattributeclass(i.e., value)ratherthananoverallmeasure(Note
that suchan extensionwould, in a sensemalke the error bounds
for categoricalattributesmore*“local”, similarto thenumericcase.)
Ourproposednodel-basedompressioiframeavork andalgorithms
canbe readily extendedto handlethesescenariosso the specific
definitionsof error toleranceare not centralto our methodology
To male our discussionconcrete we usethe definitionsoutlined
above for the two attribute classes.(Note that our errortolerance
semanticzanalsoeasilycapturelosslescompressiorasa special
casepy settinge; = 0 for all 7.)

Metrics. Thebasicmetricusedto comparehe performancef dif-
ferentcompressiomlgoritmsis thewell-knovn compessiorratio,
definedastheratio of the size of the compressedlatarepresenta-
tion producedy thealgorithmandthesizeof theoriginal (uncom-
pressedinput. A secondarperformancenetricis thecompession
throughputthat,intuitively, correspondso therateatwhichacom-
pressioralgorithmcanprocessiatafrom its input; this is typically
definedasthe size of the uncompressethput divided by the total
compressiotime.
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Our work focusesprimarily on optimizing the compressionatio,
thatis, achiving the maximumpossiblereductionin the size of
the datawithin the acceptabldevels of error definedby the user
This choiceis mainly driven by the massie, long-lived datasets
that are characteristiof our target datawarehousingapplications
andthe obseration thatthe computationakostof effective com-
pressioncan be amortizedover the numerousphysicaloperations
(e.g.,transmissionsver alow-bandwidthlink) thatwill take place
duringthelifetime of thedata.Also, notethatour methodologyof-
fersakey “knob” for tuningcompressiotthroughputperformance,
namelythe sizeof the datasampleusedby SPARTAN s model-
constructioralgorithms.Settingthesamplesizebasedntheamount
of mainmemoryavailablein the systemcanhelpensurehighcom-
pressiorspeeds.

2.2 Model-BasedSemanticCompression:
Problem Statement

Briefly, ourproposednodel-baseframewvork for thesemanticom-
pressionof tablesis basedon two key technicalideas. First, we
exploit the (user or application-specified@rror constraintson in-
dividual attributesin conjunctionwith datamining techniqueso
efficiently build accuate modelsof the data.Secondywe compress
the input table using a selectsubsetof the modelsbuilt. The ba-
sic intuition hereis thatthis selectsubsebf data-miningmodelsis
carefully choserto capturelarge portionsof the input tablewithin
the specifiederrorbounds.

More formally, we definethe model-basedcompressedersionof
theinputtableT asapairT. =< T',{M;,..., M} > where
(1) T’ is a small (possiblyempty) projectionof the datavaluesin
T thatareretainedaccumtelyin T;; and,(2) {Mi,...,M,}isa
selectsetof data-miningnodels carefullybuilt with thepurposeof
maximizingthe degreeof compressiomchiezedfor T' while obey-
ing the specifiederrortoleranceconstraints Abstractly therole of
the projectionT” is to capturevalues(tuplesor sub-tuples)f the
original table that cannotbe effectively “summarizedaway” in a
compactdata-miningmodelwithin the specifiederror tolerances.
(Someof thesevaluesmay in fact be neededas input to the se-
lectedmodels.)Theattribute valuesin T’ caneitherberetainedas
uncompressedataor becompressedsinga corventionallossless
algorithm.

A definitionof ourgeneramodel-basedemanticompressiomprob-
lem cannow bestatedasfollows.

[Model-BasedSemanticCompression(MBSC) ] Givenamas-

sive, multi-attributetableT andavectorof (perattribute)er
rortoleranceg, find acollectionof models{ M1, ..., M}
andacompressioschemdor T basednthesemodelsT, =<
T, {M;,..., M} > suchthatthe specifiederror bounds
€ arenot exceededandthe storagerequirementgT¢| of the
compressethbleareminimized.ll

Giventhe multitudeof possiblemodelsthatcanbe extractedfrom
the data, this is obviously a very generalproblemdefinition that
covers a hugedesignspaceof possiblealternatves for semantic
compressionWe provide a more concretestatementf the prob-
lem addresseth ourwork onthe SPARTAN systemlaterin this
section.First, howvever, we discusshow our model-basedompres-
sion framavork relatesto recentwork on semanticcompression
anddemonstratéhe needfor themoregeneralpproachadwcated
in this paper

Comparisonwith Fascicles Our model-basedemanticcompres-
sionframework, in fact,generalizegarlierideasfor semantiaata
compressionsuchasthe very recentproposalof JagadishMadar

SIGKDD Explorations.

and Ng on using fasciclesfor the semanticcompressiorof rela-
tional tables[11]. (To the bestof our knowledge, this is the only
work on lossysemanticcompressiomnf tableswith guaranteedip-
perboundsonthecompressiorerror)

A fasciclebasically represents collection of tuples (rows) that
have approximatelymatchingvaluesfor some(but not necessarily
all) attributes,wherethe degree of 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 basedon the acceptablelegreeof lossduring datacompression.
The key ideaof fascicle-basedemanticcompressioris to exploit
the givenerrorboundsto allow for aggressie groupingand“sum-
marization”of valuesby clusteringmultiple rows of thetablealong
severalcolumns(i.e., thedimensionalityof thecluster).

ExAaMPLE 2.1: Considerthe table in Figure 1(a) described
in Examplel.1. Error tolerancesof 3, 1,000and 1 for the three
numericattributesduration byte-countand paclets respectively
resultin thefollowing two fasciclesamongothers):

F Fy
http | 12 [ 2,000 | 1 fio | 27 | 100,000] 24
http | 15 [ 20,000] 8 fiop | 32 | 300,000] 35
http | 16 | 24,000] 5 P ’

Thetuplesin thetwo fasciclesF; and F» are similar (with respect
to the permissibleerrors) on the protocoland durationattributes.
(Two numericattribute valuesare consideed similar if the differ-
encebetweenthemis at mosttwice the error boundfor that at-
tribute) Substitutingfor ead numericattribute value the mean
of the maximumand minimumvalue of the attribute in a fascicle
ensuesthat the introducederror is acceptable Consequentlyin
order to compessthe table usingfascicles,the single (sub)tuple
(http, 14) replacesthe three corresponding(sub)tuplesn the first
fascicleand(ftp, 29.5)eplaceghetwo subtuplesn thesecondas-
cicle. Thus,in the final compessedable the maximumerror for
durationis not greaterthan 3, andthe numberof valuesstored for
the protocolanddurationattributesis reducedrom8to 5. i

As the abore example shaws, in mary practical cases fascicles
caneffectively exploit thespecifiederrortoleranceso achieve high
compressiomatios. Therearehowever, severalscenariogor which
a more general, model-baseccompressiorapproachis in order
Themainobsenrationhereis thatfasciclesonly try to detect‘row-
wise” patterns,where setsof rows have similar valuesfor sev-
eral attributes. Such“row-wise” patternswithin the given error
boundscanbeimpossibleto find whenstrong“column-wise” pat-
terns/dependenciés.g.,functionaldependenciesixist acrossat-
tributesof the table. On the otherhand,data-miningmodelslike
CaRTs captureand model attribute correlationsand, thereby can
attain much better semanticcompressiorwhen such correlations
exist. Revisiting Examplel.1, we seethat CaRTs resultin better
compressiorthanfascicleseven for our toy exampletablé® — the
storagefor the duration attribute reducesdrom 8 to 4 with CaRT's
comparedo 5 with fascicles.

ConcreteProblem Definition. Theabove discussiordemonstrates
theneedfor asemanticompressiomethodologythatis moregen-
eralthansimplefascicle-basetbw clusteringin thatit canaccount
for and exploit strongdependencieamongthe attributes of the
input table. The importantobsenration here (alreadyoutlinedin

2Thisis notsurprisinggiventhestrongcorrelationsamongtheattributesin
atableof network traffic recordq1].
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Examplel.1) is that datamining offers models(i.e., CaRTs) that
canaccuratelycapturesuchdependenciewith very concisedata
structures.Thus,in contrastto fasciclesour generalmodel-based
semantiaccompressiomparadigmcanaccommodatsuchscenarios.
Theideasof row-wise patterndiscovery andclusteringfor seman-
tic compressiorhave beenthoroughlyexploredin the context of
fascicled11]. In contrastour work onthe SPARTAN semantic
compressoreportedin this paperfocusesprimarily on the novel
problemsarising from the needto effectively detectand exploit
(column-wise)attribute dependenciefor the purposesf seman-
tic table compression.The key idea underlyingour approachis
that, in mary casesa small classification(regression)tree struc-
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 compressioralgorithmscan completelyeliminate the
predictedcolumnin favor of a compactpredictor (i.e., a classifi-
cationor regressiontreemodel)anda small setof outlier column
values.Moreformally, thedesignandarchitectureof SPARTAN
focusegmainly on thefollowing concreteMBSC problem.

[SPARTAN CaRT-BasedSemanticCompression] Given
a massve, multi-attribute table T with a setof cateyorical
and/ornumericattributes X', anda vectorof (perattribute)
errortoleranceg, find asubset{ X,,...,X,} of X anda
collection of correspondingCaRT models{M,..., M}
suchthat: (1) model M; is a predictorfor the valuesof at-
tribute X; basedsolely onattributesin X — {X1,..., X},
foreachi = 1, ..., p; (2) thespecifiederrorboundst arenot
exceededand,(3) the storageequirement$T | of thecom-
pressedableT, =< T",{Myi,..., M,} > areminimized.
1

Abstractly our novel semanticompressiomlgorithmsseekto par

tition the setof input attributesX’ into a setof predictedattributes
{X1i,...,X,} andasetof predictorattributesX — { X1, ..., Xp}

suchthat the valuesof eachpredictedattribute can be obtained
within the specifiederrorboundsbasedn (a subsebf) the predic-
tor attributesthrougha small classificationor regressiontree (ex-

ceptperhapdgor asmallsetof outlier values).(We usethenotation
X; — X, to denotea CaRT predictorfor attribute X; usingthe
setof predictorattributes; C X — {Xu,...,X,}.) Notethat
we do notallow a predictedattribute X; to alsobea predictorfor a
differentattribute. This restrictionis importantsincepredictedval-

uesof X; cancontainerrors,andtheseerrorscancascaddurther
if the erroneougpredictedvaluesare usedaspredictorsultimately
causingerrorconstraintgo beviolated. Thefinal goal,of coursejs

to minimize the overall storagecostof the compressedhable. This
storagecost|T.| is thesumof two basiccomponents:

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

2. Prediction cost i.e., the costof storingthe CaRT models
usedfor predictionplus (possibly)a small setof outlier val-
uesof the predictedattribute for eachmodel. (The storage
costof predictingattribute X; throughthe CaRT predictor
X; — X; is denotedby PredCost (X; — X;); note
that this doesnot include the costof materializingthe pre-
dictor attributesin A’;.)
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We shouldnote herethat our proposedCaRT-basedcompression
methodologyis essentiallyorthogonalto techniquedbasedn row-
wiseclusteringlikefascicleslt is entirely possibleto combinethe
two techniquedor an even more effective model-basedemantic
compressiormechanism. As an example, the predictor attribute
table T" derived by our “column-wise” techniquescan be com-
pressedisingafascicle-basedlgorithm.(In fact,thisis exactly the
stratgy usedin our currentSPARTAN implementation;how-
ever, othermethodsfor combiningthe two arealsopossible.)The
importantpoint hereis that, sincethe entriesof 7 areusedasin-
putsto (approximate)CaRT modelsfor otherattributes,caremust
betakento ensurethat errorsintroducedin the compressiorof 7"
do notcompoundover the CaRT modelsin away thatcausegrror
guaranteeo beviolated. More detailscanbe foundin [2].

2.3 Overview of the SPARTAN System

As depictedin Figure2, the architectureof the SPARTAN 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 component.

Error tolerance vector
‘©=[el, e2, €3, e4, €5, 6, e7]

1] a 7

Table T : ) f\ /

CaRT for X3 1
\wiﬁhin error €3,
'
X3z

X3<.. X3=

Pz

Predictor Attributes +
CaRT Predictors +
Error Tolerance

BuildCaRT({X4,X7}->X3 , e3)

X

Figure2: SPARTAN systemarchitecure.

e DEPENDENCY FINDER. Thepurposenf theDEPENDENCY 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
thestrongestorrelationsand“predictive” relationshipsn theinput
data.

The approachusedin the DEPENDENCYFINDER componentof
SPARTAN isto constructa Bayesiametwork[14] ontheunder
lying setof attributesX’. Abstractly a Bayesiametwork imposesa
DirectedAcyclic Graph(DAG) structureG onthe setof nodes’,
suchthat directededgescapturedirect statisticaldependencéee-
tweenattributes.In effect, a Bayesiametwork is a graphicalspec-
ification of a joint probability distribution thatis believed to have
generatedhe obsened data. Bayesiannetworks are an essential
tool for capturingcausaland/orpredictive correlationsn obsena-
tional data;suchinterpretation@retypically basedon well-knowvn
dependenceemanticof the Bayesiametwork structure[14; 15].
Intuitively, a setof nodesin the “neighborhood”of node X; in
G (e.g.,X;'s parents)aptureghe attributesthatare strongly cor-
relatedto X; and, therefore,shav promiseas possiblepredictor
attributesfor X; [2].

e CARTSELECTOR. The CARTSELECTOR componentonstitutes
thecoreof SPARTAN"s model-basedemanticcompressiomen-
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gine. Given the input table T and error tolerancese;, as well
asthe Bayesiannetwork on the attributesof T' built by the DE-
PENDENCY FINDER, the CARTSELECTOR is responsiblefor se-
lecting a collection of predictedattributesandthe corresponding
CaRT-basedpredictorssuchthat the final overall storagecostis
minimized (within the given error bounds). As discussedabore,
SPARTAN's CARTSELECTOR employs the Bayesiannetwork
G built on X to intelligently guide the searchthroughthe huge
spaceof possibleattribute predictionstratayies. Clearly, thissearch
involvesrepeatedhteractionswith the CARTBUILDER component,
whichis responsibldor actuallybuilding the CaRT-modelsfor the
predictorg(Figure?2).

We demonstratéhatevenin thesimplecasewherethesetof nodes
thatis usedto predictan attribute nodein G is fixed the problem
of selectinga setof predictorsthat minimizesthe combinationof
materializatiorand predictioncostnaturallymapsto the Weighted
MaximumindependenSet(WMIS)problem,whichis known to be
NP-hardandnotoriouslydifficult to approximatdg6; 10]. Based
on this obsenation, we proposea CaRT-model selectionstratey
thatstartsoutwith aninitial solutionobtainedfrom a nearoptimal
heuristicfor WMIS [9; 10] andtriesto incrementallyimprove it by
smallperturbationdasedntheuniquecharacteristicef our prob-
lem. We alsogive analternatve greedymodel-selectioralgorithm
thatchoosests setof predictorsusinga simplelocal conditiondur-
ing asingle“roots-to-leaes” traversalof the Bayesiametwork G.

e CARTBUILDER. Givenacollectionof predictedand(correspond-
ing) predictorattributesX; — X;, thegoalofthe CARTBUILDER
components to efficiently constructCaRT-basedmodelsfor each
X; in termsof X; for the purposef semanticcompression.In-
ductionof CaRT-basednodelsis typically a computation-intense
procesghatrequiresmultiple passesvertheinputdata[3; 18;12].
As we demonstratehowever, SPARTAN"s CaRT-construction
algorithmscan take advantageof the compressiorsemanticsaand
exploit the userdefinederrortoleranceconstraintsto effectively
prunecomputationln addition,by building CaRTs usingdatasam-
plesinsteadof the entire dataset, SPARTAN is ableto further
speedup modelconstruction.

® ROWAGGREGATOR. OnceSPARTAN’s CARTSELECTORCOM-
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[11] to compresghe predic-
tor attributes,while ensuringbasecnthe CaRT modelsbuilt) that
errorsin the predictorattribute valuesare not propagatedhrough
the CaRTs in a way thatcause<rrortolerancegfor predictedat-
tributes)to be exceeded.

The next sectiondiscussesSPARTAN's CARTBUILDER com-
ponentin detail, focusingon our novel CaRT-constructionalgo-
rithms that effectively exploit userprescribederror constraintson
individual attributes. Detailsof the otherthreeSPARTAN com-
ponentscanbefoundin theoriginal SPARTAN papen2].

3. THE SPARTAN CARTBUILDER

TheCARTBuUILDERcomponenbf SPARTAN constructaCaRT
predictorX; — X; for the attribute X; with X; asthe predictor
attributes. The CARTBUILDER componens objectve is to con-
structthe smallest(in termsof storagespace)CaRlI model such
thateachpredictedvalue (of atuple’s valuefor attribute X;) devi-

atesfrom the actualvalueby at moste;, the prescribecerrortoler

ancefor attribute X;.
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If thepredictedattribute X; is categyorical,thenthe CARTBUILDER
componenbuilds a compactclassificationtree with valuesof X;

servingasclasslabels.CARTBuILDER employs classificatiortree
constructiomalgorithmsfrom [18; 17] to first constructa low stor

agecosttree and then explicitly storessufficient numberof out-
liers suchthatthe fraction of misclassifiedecordsis lessthanthe
specifiederror bounde;. Thus, CARTBUILDER guaranteeshat
thefractionof attribute X;’s valuesthatareincorrectlypredicteds
lessthane;.

In the remainderof this section,we focus on the casewhen the
predictedattribute X; is numeric.Specifically we presentefficient
algorithmsfor constructingcompactegressiortreesfor predicting
X; with anerrorthatdoesnot exceede;.

3.1 StorageCostof RegressionTrees

A regressiontree consistsof two typesof nodes— internalnodes
andleaves. Eachinternal nodeis labeledwith a splitting condi-
tion involving attribute X; € A; — this conditionis of the form
X; > ¢ if X; isanumericattributeand X; € {z,z',...} if X;
is catgorical. Eachleafis labeledwith a numericvaluez which
is the predictedvalue for X; for all tuplesin tableT thatbelong
to the leaf (a tuple belongsto a leaf if it satisfiesthe sequencef
splitting conditionson the path from the root to the leaf). Thus,
for atuplet belongingto a leaf with label z, the predictedvalue
of ¢ on attribute X;, t[X;], satisfiesthe error boundsif ¢[X;] €
[ — ei, z + e;]. Tuplest in theleaf for whom¢[X;] lies outside
therange[z — e;, = + e;] areoutliers sincetheir predictedvalues
differ from their actualvaluesby morethanthetolerancdimit.
Thestoragecostof aregressiortree R for predictingX; thuscom-
prises(1) thecostof encodingnodesof thetreeandtheirassociated
labels,and (2) the costof encodingoutliers. The costof encod-
ing aninternalnode NV of the treeis 1 + log | ;| + Caspiit (IV),
wherel bit is neededo specifythetype of node(internalor leaf),
log | X;| is the numberof bits to specifythe splitting attribute and
Cspist(IN) is the costof encodingthe split value for node N. If
v is the numberof distinct valuesfor the splitting attribute X;
atnodeN, then Cypist (V) = log(v — 1) if X; is numericand
Copit(N) = log(2° — 2) if X; is catgyorical. Next, we compute
the costof encodinga leaf with label z. Dueto Shannors theo-
rem, in generalthe numberof bits requiredto storem valuesof
attribute X; is m timestheentropy of X;. SinceX; is a numeric
attribute,log |dom(X;)| is agoodapproximatiorfor theentrofy of
X;. Thus,to encodealeafnodeN, we needl + log(|dom(X;)|)
bits, wherel bit is neededo encodethe nodetypefor theleaf and
log(|dom(X;)|) bits areusedto encodethe label. Finally, if the
leaf containsm outliers,thentheseneedto be encodedseparately
atatotal costof approximatelym log(|dom(X;)|).

In the following subsectionswe presentefficient algorithmsfor
computinga low-costregressiortreethatpredictsX;.

3.2 RegressionTree Construction with Sepa-
rate Building and Pruning
We constructalow-costregressiortreein two phases-atreebuild-
ing phasefollowed by a tree pruning phase. At the start of the
building phase the tree containsa single root nodecontainingall
the tuplesin T'. The tree building procedurecontinuesto split
eachleaf N in the tree until for tuplest in the leaf, the differ-
encebetweenthe maximumand minimum valuesof ¢[X;] is less
thanor equalto 2e;. The splitting conditionfor a node NV con-
taining a setof tuples S is chosensuchthat the meansquareer-
ror of the two setsof tuplesdueto the split is minimized. Thus,
if the split partitions S into two setsof tuples S; and S», then
Yies, HXi] —p1)® + 3, ¢ s, ([ Xi] — p2)? is minimized,where
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u1 andps arethemeansf ¢[X;] for tuplest in S1 andS,, respec-
tively.

At the endof thetree building phase for eachleaf NV of the con-
structedtree R, the label z is setto (tmin[Xi] + tmaz[X:])/2,

wheret,, i, andt .. arethetuplesin N with the minimum and

maximumvaluesfor X;. Thus,R containsooutlierssince(tqx[X:]—

tmin|[Xi]) < 2e; andasaresult,theerrorin the predictedvalues
of attribute X; arewithin the permissibldimit. However, the cost
of R may not be minimum — specifically deletingnodesfrom R

may actuallyresultin a treewith smallerstoragecost. This is be-
causewhile pruningan entire subtreefrom R may introduceout-
lierswhosevaluesneedto bestoredexplicitly, the costof explicitly

encodingoutliersmaybe muchsmallerthanthe costof thedeleted
subtree.

Thus,thegoalof thepruningphases to find thesubtreeof R (with

the sameroot as R) with the minimum cost. Consideraninternal
nodeN in R andlet S bethesetof tuplesin N. Let Ry bethe
subtreeof R rootedat node N with costC(Rx) (the costof en-
codingnodesandoutliersin Rx). Thus,C(Rx) is essentiallythe
reductionin thecostof R if N'schildrenaredeletedrom R. Now,

deletionof N’s childrenfrom R causesV to becomea leafwhose
new costis asfollows. Supposéhatz is thelabelvaluefor NV that
minimizesthenumber saym, of outliers. Thenthenew costof leaf
N, C(N) =1+ log(|Jdom(X;)|) + mlog(|dom(X;)|). Thus,if

C(N) < C(Rn) for nodeN, thendeletingN’s childrenfrom R

causesR’s costto decrease.

The overall pruning algorithm for computingthe minimum cost
subtreeof R considershenodesV in R in decreasingrderof their
distancefrom theroot of R. If, for anodeN, C(N) < C(Rn),

thenits childrenaredeletedfrom R. Oneissuethatwe still need
to resohe whencomputingC'(IN) for anodeN is determiningthe
labelz for N thatminimizesthe number m, of outliers. This can
easily be achieved by maintainingfor eachnode V, a sortedlist

containingthe X; valuesof tuplesin N. Then,in asinglepassover
thelist, for eachvaluez’ in thelist, it is possibleto computethe
numberof elementgin thelist) thatfall in thewindow [z, ' +2e;].

If 2’ is the valuefor which thewindow [z', ' + 2e;] containsthe
maximumnumberof elementsthenthe label z for nodeN is set
toz’ + e; (sincethis would minimizethe numberof outliers).

3.3 RegressionTree Construction with Inte-
grated Building and Pruning

In the tree constructionalgorithm presentedn the previous sub-
section,portionsof tree R areprunedonly after R is completely
built. Consequentlythe algorithm may expend substantiakeffort
on building portionsof the tree that are subsequentlypruned. In
this subsectionwe presentan algorithm that during the growing
phasefirst determinesf a nodewill be prunedduring the follow-
ing pruningphase andsubsequentlgtopsexpandingsuchnodes.
Thus,integratingthe pruningphasento thebuilding phasesnables
thealgorithmto reducethe numberof expandedreenodesandim-
prove performance Although RastogiandShim [17] preseninte-
gratedalgorithmsfor classificatiortrees thealgorithmswe present
in thissubsectiormrenaovel sincein our casewe areprimarily inter-
estedin regressiortreesandwe allow boundederrorsin predicted
values.

Recallthatfor a completelybuilt regressiortree R, for a non-leaf
nodeN in R, we prunedN’s childrenif C(N) < C(Rx~), where
C(Rn) andC(NN) arethe costsof encodingthe subtreeRx and
node N (consideringit to be a leaf), respectiely. However, if R
is apartially built regressiortree,then Ry maystill containsome
leavesthatareeligible for expansion As aresult,C(Rxy ), thecost
of the partial subtreeR -, maybe greaterthanthe costof thefully
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procedure LowerBound(N, e;, b)

Input: Leaf N for whichlower boundon subtreecostis to be computed;
errortolerancee; for attribute X;; boundb onthe maximumnumber
of internalnodesin subtregootedat NV.

Output: LowerboundL(N) oncostof subtregootedat NV.

begin

1. fori:=1tor

2 minOutf, 0] =14

3. forj:=1tob+1

4 minOut[, 5] :=0

5 [:=0

6. fori:=1tor

7 while z; — ;11 > 2e;

8

9

l:=0l+1
. forj:=1tob+1
10. minOutk, 5] := min{minOutf — 1, 5] + 1, minOutf, j — 1]}
11.end
12. L(N) := o0

13.forj:=0tob
14, L(N):=min{ L(N), 25 + 1 + jlog(|X;|)+

(G + 1+ minOutr, j + 1)) log(/dom(X)|) }
15. L(N) := min{ L(N) , 2b+ 3+

(b+ 1) log(|X;]) + (b + 2) log(|dom(X;)|) }
16. return L(N)
end

Figure3: Algorithm for EstimatingLower Boundon SubtreeCost.

expandedsubtreerootedat V (after “still to be expanded’leaves
in Ry arecompletelyexpanded).This overestimatiorby C (R )

of the costof the fully expandedsubtreerootedat NV canresultin

N'’s childrenbeingwrongly pruned(assuminghatwe prune N's
childrenif C(N) < C(Rnw)).

Instead supposehatfor a“still to beexpandedeaf’ N, we could
computeL(N), alower boundon the costof ary fully expanded
subtreerootedat N. Further supposdor a non-leafnode NV, we
defineL(Rx) to bethesumof (1) for eachinternalnodeN’ in Ry,

1+ log(|X;i|) + Cspit(N), (2) for each'still to beexpanded’leaf
nodeN' in Ry, L(N') and(3) for leafnodesN’ in Ry thatdonot
needto be expandedurtherandcontainingm outliers,1 + (m +

1) log(|dom(X;)|). It is relatively straightforvard to obsere that
L(Ry) is indeeda lower boundon the costof ary fully expanded
subtreerootedatnodeN. As aconsequencéf C(N) < L(Rn),

thenwe cansafelypruneN’s childrenfrom R sinceC () would

belessthanor equalto thecostof thefully expandedsubtreeooted
at N andasaresult, N's childrenwould be prunedfrom R during
the pruningphasearyway.

Thus,we simply needto be ableto estimatea lower boundL(V)

on the costof ary fully expandedsubtreerootedat a “still to be
expanded’leaf N. A simpleestimatefor the lower bound L(N)

is 1 + min{log(|X;|),log(|dom(X;)|)}. However, in thefollow-

ing, we shav how a betterestimatefor L(N) canbe devised. Let

z1, T2, ..., 2, bethevaluesof attribute X; for tuplesin node N

in sortedorder Supposewe are permittedto use k intervals of

width 2e; to cover valuesin the sortedlist. Further supposewe
areinterestedn choosingheintervals suchthatthe numberof val-

uescoveredis maximized,or alternatelythe numberof uncorered
values(or outliers)is minimized.Let minOutg, k) denotethis min-

imum numberof outlierswhenk intervalsareusedto cover values
in 21, 2,...,z;. Thefollowing dynamicprogrammingrelation-
ship holdsfor minOutg, k). (In thethird equationbelow, I > 0 is

thesmallesindex for whichz; — z;41 < 2e;.)
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0 ifi=0
i if k=0
min{minOut(z — 1, k) + 1,

minOut(l,k — 1)} otherwise.

minOut(s, k) =

The secondcondition essentiallystatesthat with 0 intenals, the
numberof outliersin z1, ..., x; is atleasti. Thefinal condition
correspondso thetwo casedor z;: (1) z; doesnot belongto ary
of thek intenals (andis thusanoutlier),and(2) z; belongsto one
of thek intenals.

We arenow in a positionto prove the following theoremthatlays
the groundwork for us to computea good estimatefor L(N) in
termsof minOutdefinedabore.

THEOREM 3.1. For aleaf IV that still remainsto be expanded,
a lower boundon the costof a fully expandedsubteewith k splits
and rootedat IV is at least2k + 1 + klog(|Xs|) + (K + 1 +
minOu(r, k + 1)) log(|dom(X;)|). I

Proof: A subtreewith k splits hask internalnodesand &k + 1
leaves. Thus,the costof specifyingthe type for eachnodeis 1 bit
andthe costof specifyingthe splitting attribute for eachinternal
nodeis log(|X;]), resultingin atotal costof 2k + 1 + klog (| X;|).
Further specifyingthe labelsfor thek + 1 leavesrequiresat least
(k + 1)log(Jdom(X;)|) bits. Finally, the numberof outliersin
ary subtreerootedat N and containingk + 1 leavesis at least
minOut(r, k + 1), the minimum numberof outliers when the »
valuesin N canbe coveredby k + 1 arbitraryintenals of width
267;. I

In Figure 3, we presentthe procedurefor computing L(N) for
each“still to be expanded’leaf N in the partial tree R. Pro-
cedureLowerBound repeatedlyappliesTheorem3.1 to compute
lower boundson the costof subtreescontainingO to b splits (for
a fixed, userspecifiedconstant), andthenreturnsthe minimum
from amongthem. In Stepsl—11,the procedurecomputesninOut
valuesfor 1 to b + 1 intenalsusingthe dynamic-programminge-
lationshipfor minOut presentecearlier Then,LowerBound sets
L(N) to bethe minimum costfrom amongsubtreesontainingat
mostb splits(Stepsl3—-14)andgreatethanb splits(Stepl5). Note
that2b+ 3+ (b+1) log(|X;]) + (b+ 2) log(|dom(X;)|) is alower
boundonthecostof ary subtreecontainingmorethanb splits.

It is straightforvard to obsere thatthe time complity of proce-
dure LowerBound is O(rb). This is dueto the two for loopsin
Steps6 and9 of the procedure.Further the procedurescalesfor
large valuesof r sinceit makesa singlepassover all the valuesin
node N. The procedurealso hasvery low memoryrequirements
sincefor computingminOutfor eachi (Step10), it only needsto
storein memoryminOutvaluesfor 7 — 1 andl.

4. EXPERIMENT AL STUDY

In this section,we presentsomeof our resultsfrom an extensve
empirical study whose objective was to comparethe quality of
compressionlueto SPARTAN s model-basedpproactwith ex-
isting syntactic(gzip) and semantic(fascicles)}compressioriech-
niques.(The completesetof resultscanbe foundin [2].) We con-
ductedawide rangeof experimentswith threevery diversereal-life
datasetsin which we measuredoth compressiomatiosaswell as
runningtimesfor SPARTAN . The major findings of our study
canbesummarizedsfollows.

e Better CompressionRatios. On all datasets SPARTAN
producessmallercompressedablescomparedio gzip and
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fascicles.The compressiordueto SPARTAN is moreef-

fective for tablescontainingmostly numeric attributes, at
timesoutperforminggzip andfascicleshy a factorof 3 (for

errortoleranceof 5-10%). Evenfor errortolerancesaslow

as1%, the compressiomlueto SPARTAN, onanaverage,
is 20-30%betterthanexisting schemes.

e Small Sample Sizesare Effective. For the datasets,even
with samplesas small as 50KB (0.06% of one data set),
SPARTAN is ableto computea good setof CaRT mod-
elsthatresultin excellentcompressiorratios. Thus, using
samplego build theBayesiametwork andCaRT modelscan
speedip SPARTAN significantly

e BestAlgorithms for SPARTAN Components.Our more
sophisticate€aRT-selectioralgorithmbasecbn WMIS com-
presseshe datamoreeffectively thatthe simplergreedyal-
gorithm. Further sinceSPARTAN spendsnostof its time
building CaRTs (between50% and 75% dependingon the
dataset), the integratedpruning and building of CaRTs re-
sultsin significantspeedupt SPARTAN sexecutiontimes.

Thus,our experimentalresultsvalidatethe thesisof this paperthat
SPARTAN is aviableandeffective systenfor compressingnas-
sivetables.All experimentgeportedn thissectiorwereperformed
onamulti-processof4 700MHz Pentiumprocessorslinux sener
with 1 GB of mainmemaory

4.1 Experimental Testbedand Methodology

CompressionAlgorithms. We considerthreecompressioralgo-
rithmsin our study

e Gzip.gzip isthewidely usedossleszompressiomool based
on the Lempel-Zv dictionary-based¢ompressiontechnique
[20; 21]. We compresghe table row-wiseusinggzip after
doinga lexicographicsortof the table. We foundthis to sig-
nificantly outperformthe casesn which gzip wasappliedto
arow-wise expansionof thetable(withoutthelexicographic
sort).

e Fascicles.In [11], JagadishMadarandNg, describetwo al-
gorithms,Single-kandMulti-k, for compressingtableusing
fascicles.They recommendhe Multi-k algorithmfor small
valuesof k (thenumberof compachttributesin thefascicle),
but the Single-kalgorithmotherwise.In ourimplementation,
we usethe Single-kalgorithmasdescribedn [11]. Thetwo
main input parametergo the algorithm are the numberof
compactttributes,k, andthe maximumnumberof fascicles
to bebuilt for compressionP. In our experimentsfor each
individual dataset,we usedvaluesof k and P thatresultedn
thebestcompressionlueto thefasciclealgorithm.Wefound
the Single-kalgorithmto be relatively insensitve to P (sim-
ilar to the finding reportedin [11]) and choseP to be 500
for all threedatasets.However, the sizesof the compressed
tablesoutputby Single-kdid vary for differentvaluesof k
andsofor the Corel, Forest-coer and Censugdatasets(de-
scribedbelow), we setk to 6, 36 and9, respectiely. Note
thatthesedarge valuesof & justify our useof the Single-kal-
gorithm. We also setthe minimum size m of a fascicleto
0.01%of the datasetsize. For eachnumericattribute, we
setthe compactnessoleranceto two timesthe input error
tolerancefor that attribute. However, sincefor categorical
attributes,the fascicleerror semanticgliffers from ours,we
useda compactnessoleranceof O for every cateyorical at-
tribute.
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o SPARTAN. The resultsshavn here were obtainedus-
ing ourWMIS-basedCaRT-selectioralgorithmandusingthe
Single-kfasciclealgorithmfor the ROWAGGREGATOR com-
ponent2]. Ourimplementatioralsoemplg/s our integrated
building andpruningalgorithmsin the CARTBUILDER com-
ponentandusingasimplelowerboundof 1+min{log(|X;|),
log(|dom(X;)|)} for every “yet to be expanded”leaf node.
In orderto be fair in our comparisorwith fascicleswe set
theerrortolerancefor catgorical attributesto alwaysbe 0.

Real-life Data Sets. We experimentedwith a numberof real-
life datasetswith very differentcharacteristicsDueto spacecon-
straints,however, we only presentresultsfor the Corel® dataset
in this paper which we found to be representatie of our overall
results(see[2] for the full setof experiments).This datasetcon-
tainsimagefeaturesextractedfrom a Corelimagecollection. We
useda10.5 MB subsebdf thedatasetwhich containgthecolor his-
togramfeaturesof 68,040photoimages.This datasetconsistsof
32 numericalattributesandcontains68,040tuples.

Default Parameter Settings. The critical input parameteto the
compressiomlgorithmsis theerrortolerancdor numericattributes
(note that we use an error toleranceof 0O 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. Anotherimportantparameteto SPARTAN is the sizeof
the samplethatis usedto selectthe CaRT modelsin thefinal com-
pressedable. For thesetwo parameterswe usedefault valuesof
1% (for errortolerance)and 50KB (for samplesize),respecitiely,
in all our experiments.

4.2 Experimental Results

Effect of Err or Thresholdon CompressionRatio. Figure4(a)
depictsthecompressiomatiosfor gzip, fascicleandSPARTAN
for theCoreldataset. Fromthefigures,it is clearthatS PARTAN
outperformsbothgzip 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 producesacompresse€orel
tablethatis almostafactorof 3 smallerthanthe compressethbles
generatedby gzip andfasciclesandafactorof 10 smallerthanthe
uncompresse@oreltable.

The reasongzip doesnot compresshe datasetsaswell is that
unlike fasciclesandSPARTAN it treatsthetablesimply asa se-
quenceof bytesandis completelyoblivious of the error bounds
for attributes. In contrast,both fasciclesand SPARTAN ex-
ploit datadependenciebetweenattributesandalsothe semantics
of error tolerancedor attributes. Further comparedto fascicles
which simply clustertupleswith approximatelyequalattribute val-
ues,CaRTsaremuchmoresophisticatea@t capturingdependencies
betweenattribute columns.Thisis especiallytruewhentablescon-
tain numericattributessinceCaRT's emplgy 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 differentCaRTsto infer valuesfor multiple different
predictedattributes. Thus, CaRTs offer a morepawerful andflex-
ible modelfor capturingattribute correlationsthan fascicles. As

3See http://kdd.ics. uci.edu/ dat abases/ -
Cor el Feat ur es/ Corel Features. htni .
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aresult,a setof CaRT predictorsareableto summarizecomple
datadependenciebetweenattributes much more succinctlythan
a setof fascicles. For an error constraintof 1%, the final Corel
SPARTAN -compressethablecontains20 CaRT s thatalongwith
outliers,consumeonly 1.98MB or 18.8%o0f theuncompresseth-
ble size. The compressionatiosfor SPARTAN areeven more
impressve for largervaluesof errortolerancge.g.,10%)sincethe
storageoverheadf CaRT's + outliersis evensmalleratthesehigher
errorvalues. For example,at 10% error, in the compresseorel
dataset, CaRT's consumeonly 0.6 MB or 5.73% of the original
tablesize.

Effect of Err or Thresholdand Sample Sizeon Running Time.
In Figures4(b) and 4(c), we plot the runningtimesfor SPAR-
TAN for arangeof errorthresholdvaluesandsamplesizes. Two
trendsin the figuresthat are straightforvard to obsere are that
SPARTAN srunningtime decreasefor increasingerrorbounds,
andincreasedor larger samplesizes. The reasorfor the decrease
in executiontime whenthe errortoleranceis increaseds that for
larger error thresholds CaRT's containfewer nodesand so CaRT
constructiontimes are smaller For instance,CaRI' construction
times (which constituteapproximately50-75%of SPARTAN s
total executiontime) reduceby approximately25% as the error
boundincreasedrom 0.5%to 10%. Note the low runningtimes

for SPARTAN ontheCoreldataset.

In Figure 4(c), we plot SPARTAN"s running time againstthe
randomsamplesize insteadof the datasetsize becauseSPAR-
TAN's DEPENDENCY FINDER and CARTBUILDER components
which accountfor mostof SPARTAN"s runningtime (on an av-
erage 20% and75%, respectiely) usethe samplefor modelcon-
struction.SPARTAN makesvery few passesver theentiredata
set(e.qg.,for sampling,for identifying outliersin the datasetfor
eachselectedCaRT andfor compressindl” usingfascicles)the
overheadf whichis negligible comparedo the overheadf CaRT
modelselection.Obsere that SPARTANs performancescales
almostlinearly with respecto the samplesize.

Finally, in experimentswith building regressiontreeson the data
sets, we found that integrating the pruning and building phases
canresultin significantreductionsn SPARTAN’srunningtimes.
Thisis becauseintegratingthe pruningandbuilding phasesauses
fewerregressiortreenodedso beexpandedsincenodeshatarego-
ing to be prunedlater arenot expanded) andthusimproves CaRT
building timesby asmuchas25%.

5. RELATED WORK
Popularcompressiomprogramge.g.,gzip, compress) employ the
Lempel-Zv algorithm[20; 21] which treatsthe input dataasabyte
stringandperformslosslescompressiomn theinput. Thus,these
compressiorroutineswhen appliedto massie tables,do not ex-
ploit datasemantic®r permiterrorsin thecompressedata.
Otherlosslessompressioschemegrimarily for numericattributes
andthatdonotexploit correlationdetweerattributeshave recently
beenproposedn the databasditerature[8; 13]. Goldstein,Ra-
makrishnarand Shaft[8] proposea pagelevel algorithmfor com-
pressingables.For eachnumericattribute, its minimumvalueoc-
curingin tuplesin the pageis storedseparatelyncefor the entire
page.Further insteadof storingthe original valuefor the attribute
in atuple, the differencebetweenthe original value andthe mini-
mumis storedin thetuple. Thus,sincestoringthe differencecon-
sumedewerbits, thestoragespaceoverheacf thetableis reduced.
TupleDifferentialCoding(TDC) [13] is acompressiomethodthat
alsoachievesspacesaringsby storingdifferencesnsteadof actual
valuesfor attributes. However, for eachattribute valuein atuple,
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the storeddifferenceis relative to the attribute valuein the preced-
ing tuple.

Buchsbaunetal. [4] devisealosslessompressioschemeahates-
sentiallypartitionsthesetof attributesof tableT" into groupsof cor-
relatedattributesthatcompressvell (by examiningasmallamount
of training material) and then simply usesgzip to compresshe
projectionof T' on eachgroup. A differentapproachor lossless
compressionproposedy DaviesandMoore[5], first constructsa
Bayesiametwork on the attributesof thetableandthenrearranges
the tables attributesin an orderthatis consistenwith a topolog-
ical sort of the Bayesiannetwork graph. The key intuition is that
reorderingthe data(usingthe Bayesiametwork) resultsin corre-
latedattributesbeingstoredin closeproximity; consequentlytools
like gzip yield bettercompressiomatiosfor thereorderedable.
Anotherinstanceof a losslesscompressioralgorithmfor cateyor
ical attributesis the one proposedby Goh et al. [7]. The algo-
rithm usesdatamining techniquege.g., classificationtrees, fre-
quentitemsets}o find setsof cateyoricalattributevaluesthatoccur
frequentlyin the table. Thefrequentsetsare storedseparatelyas
rules)andoccurrencesf eachfrequentsetin thetablearereplaced
by therule identifierfor the set. The notion of afascicle[11] gen-
eralizegheapproactof Gohetal. to bothnumericaswell ascate-
goricalattributesandperformslossydatacompressioiy allowing
boundederrorsin thecompressetable.

6. CONCLUSIONS

In this paper we have describedhe designandalgorithmsunder
lying SPARTAN, anovel systemthat exploits attribute seman-
tics and data-miningmodelsto effectively compressnassve data
tables.SPARTAN takesadwantageof predictive correlationsbe-
tweenthetableattributesandtheuser or application-specifiedrror
toleranceconstraintdo constructconciseandaccurateCaRl mod-
elsfor entirecolumnsof thetable. To restrictthehugesearctspace
of possibleCaRTs, SPARTAN explicitly identifiesstrongdepen-
denciesin the databy constructinga Bayesiannetwork modelon
the given attributes, which is then usedto guide the selectionof
promising CaRT modelsthrough novel optimization algorithms.
SPARTAN'sCaRI-building componenalsoreliesonnovel inte-
gratedpruningstrategiesthattake advantageof the prescribedper
attribute) errorconstraintgo minimize the computationaéffort in-
volved. Our experimentationwith several real-life datasetshas
offeredcorvincing evidenceof the effectivenesof SPARTAN's
model-basedpproach-SPARTAN hasbeenableto consistently
yield substantiallybettercompressiomatiosthanexisting semantic
or syntacticcompressionools while utilizing only small samples
of thedatafor modelinference.

SIGKDD Explorations.

7. REFERENCES

[1] “NetFlow ServicesandApplications”.CiscoSystems1999.

[2] S.Balu, M. Garofilakis,andR. Rastogi“SPARTAN: A Model-Based
SemanticCompressiorBystentor Massie DataTables”.In Proc.of the
2001ACM SIGMODIntl. Conf on Managementof Data, May 2001.

[3] LeoBreiman,JeromeH. FriedmanRichardA. Olshen,andCharlesJ.
Stone.“Classificationand RegressionTrees”. Chapmar& Hall, 1984.

[4] A.L. Buchsbaum,D.F. Caldwell, K. Church, G.S. Fowler, and
S. Muthukrishnan.“Engineeringthe Compressiorof Massve Tables:
An ExperimentalApproach”.In Proc. of the 11th Annual ACM-SIAM
Symp.on Discrete Algorithms January2000.

[5] S. Davies and A. Moore. “BayesianNetworks for LosslessDataset
Compression”In Proc. of the 5th ACM SIGKDD Intl. Conf on Knowl-
edee Discoveryand Data Mining, 1999.

[6] M.R.Garegy andD.S.JohnsonComputess andIntractability: A Guide
to the Theoryof NP-CompletenessW.H. Freeman1979.

[7] C.Goh,K. Aisaka,M. TsukamotoK. Harumoto,andS. Nishio. “Data
Compressionvith DataMining Methods”.In Proc. of the5th Intl. Cont
on Foundationf Data Organization(FODO), November1998.

[8] J.Goldstein,R. RamakrishnanandU. Shaft.“CompressingRelations
and Indexes”. In Proc. of the 14th Intl. Conf on Data Engineering
February1998.

[9] M.M. Halldérsson."Approximationsof WeightedindependenSetand
HereditarySubsetProblems”.Journal of Graph Algorithmsand Appli-
cations 4(1):1-16,2000.

[10] D.S. Hochbaum,editor “Approximation Algorithms for NP-Hard
Problems”. PWSPublishingCompaly, 1997.

[11] H.V.Jagadish).Madar andR. Ng. “SemanticCompressiorandPat-
tern Extractionwith Fascicles”.In Proc. of the 25thIntl. Conf on Very
Large Data BasesSeptembefl999.

[12] Y. Morimoto, H. Ishii, and S. Morishita. “Efficient Constructionof
Regressiorlreeswith RangeandRegion Splitting”. In Proc. of the 23rd
Intl. Conf on VeryLarge Data BasesAugust1997.

[13] W.K. Ng andC.V. Ravishankar“Block-OrientedCompressiormech-
niquesfor Large StatisticalDatabases”|EEE Trans.on Knowledg and
Data Engineering 9(2):314-328March1997.

[14] JudeaPearl.“Probabilistic Reasoningn Intelligent Systems:Net-
worksof Plausiblelnference”. MorganKaufmannPublishers1988.
[15] JudeaPearl.“Causality — Models,Reasoningand Inference”. Cam-

bridgeUniversity Press2000.

[16] J.R.Quinlan and R.L. Rivest. “Inferring Decision TreesUsing the
Minimum DescriptionLengthPrinciple”. Informationand Computation
80:227-2481989.

[17] R. RastogiandK. Shim.“PUBLIC: A DecisionTree Classifierthat
IntegratesBuilding andPruning”.In Proc. of the 24thIntl. Conf onVery
Large Data BasesAugust1998.

[18] J.Shafer R. Agrawal, andM. Mehta.“SPRINT: A ScalableParallel
Classifierfor Data Mining”. In Proc. of the 22nd Intl. Conf on Very
Large Data BasesSeptembefl 996.

[19] W. Stallings. “SNMP, SNMPv2, SNMPv3,and RMON 1 and 2".
Addison-Weésley Longman,Inc., 1999.(Third Edition).

[20] J. Ziv and A. Lempel.“A Universal Algorithm for SequentiaData
Compression”IEEE Trans.on InformationTheory 23(3),1977.

[21] J. Ziv and A. Lempel. “Compressionof Individual Sequencewia
Variable-rateCoding”. IEEE Trans.on InformationTheory 24(5),1978.

Volume4, Issuel - page20



