
���������	��
 : Using Constrained Models for Guaranteed-Err or
Semantic Compression

Shivnath Babu �
Computer Science Department

Stanford University
Stanford, CA 94305

shivnath@cs.stanford.edu

Minos Garofalakis
Bell Labs, Lucent Technologies

600 Mountain Avenue
Murray Hill, NJ 07974

minos@bell-labs.com

Rajeev Rastogi
Bell Labs, Lucent Technologies

600 Mountain Avenue
Murray Hill, NJ 07974

rastogi@bell-labs.com

ABSTRACT
While avarietyof lossycompressionschemeshavebeendevelopedfor cer-
tain forms of digital data(e.g., images,audio, video), the areaof lossy
compressiontechniquesfor arbitrarydatatableshasbeenleft relatively un-
explored. Nevertheless,suchtechniquesareclearlymotivatedby theever-
increasingdatacollectionratesof modernenterprisesandtheneedfor ef-
fective, guaranteed-qualityapproximateanswersto queriesover massive
relationaldatasets.
In thispaper, wepropose
������������ , asystemthattakesadvantageof at-
tributesemanticsanddata-miningmodelsto performlossycompressionof
massive datatables. 
������������ is basedon thenovel ideaof exploiting
predictive datacorrelationsand prescribederror-toleranceconstraintsfor
individual attributes to constructconciseand accurateClassificationand
RegressionTree(CaRT)modelsfor entirecolumnsof a table. More pre-
cisely, 
������������ selectsa certainsubsetof attributes (referredto as
predictedattributes)for which no valuesareexplicitly storedin the com-
pressedtable; instead,conciseerror-constrainedCaRTs thatpredictthese
values(within the prescribederror tolerances)aremaintained.To restrict
the hugesearchspaceof possibleCaRT predictors,
������������ usesa
Bayesiannetwork structureto guidetheselectionof CaRT modelsthatmin-
imize theoverallstoragerequirement,basedonthepredictionandmaterial-
izationcostsfor eachattribute. 
������������ ’s CaRT-building algorithms
employ novel integratedpruningstrategiesthattake advantageof thegiven
errorconstraintson individual attributesto minimizethecomputationalef-
fort involved. Our experimentationwith several real-life datasetsoffers
convincing evidenceof the effectivenessof 
������������ ’s model-based
approach– 
������������ is able to consistentlyyield substantiallybetter
compressionratios thanexisting semanticor syntacticcompressiontools
(e.g.,gzip) while utilizing only smallsamplesof thedatafor modelinfer-
ence.

1. INTRODUCTION
Effective exploratoryanalysisof massive, high-dimensionaltables
of alphanumericdatais a ubiquitousrequirementfor a variety of
applicationenvironments,includingcorporatedatawarehouses,net-
work traffic monitoring,andlargesocioeconomicor demographic
surveys. For example, large telecommunicationproviders typi-
cally generateandstorerecordsof information,termed“Call-Detail
Records”(CDRs),for every phonecall carriedover their network.
A typicalCDRis afixed-lengthrecordstructurecomprisingseveral
hundredbytesof datathatcaptureinformationonvarious(categor-
ical andnumerical)attributesof eachcall; this includesnetwork-
level information(e.g.,endpointexchanges),time-stampinforma-
tion (e.g.,call startandend times),andbilling information(e.g.,
appliedtariffs), amongothers[4]. TheseCDRsarestoredin ta-
bles that cangrow to truly massive sizes,in the order of several
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TeraBytesperyear. Similar massive tablesarealsogeneratedfrom
network-monitoringtools thatgatherswitch-androuter-level traf-
fic data,suchasSNMP/RMONprobes[19] andCisco’s NetFlow
measurementtools [1]. Suchtools typically collect traffic infor-
mationfor eachnetwork elementat fine granularities(e.g.,at the
level of packet flowsbetweensource-destinationpairs),giving rise
to massive volumesof tabledataover time. Thesemassive tables
of network traffic and CDR dataare continuouslyexplored and
analyzedto producethe “knowledge” that enableskey network-
managementtasks,includingapplicationanduserprofiling, proac-
tive and reactive resourcemanagement,traffic engineering,and
capacityplanning,aswell asproviding andverifying Quality-of-
Serviceguaranteesfor endusers.
Traditionally, datacompressionissuesarisenaturally in applica-
tions dealingwith massive datasets,and effective solutionsare
crucial for optimizing the usageof critical systemresources,like
storagespaceand I/O bandwidth(for storing and accessingthe
data)andnetwork bandwidth(for transferringthedataacrosssites).
In mobile-computingapplications,for instance,clientsareusually
disconnectedand,therefore,oftenneedto downloaddatafor offline
use. Theseclients may uselow-bandwidthwirelessconnections
and can be palmtopcomputersor handhelddevices with severe
storageconstraints.Thus,for efficient datatransferandclient-side
resourceconservation, the relevant dataneedsto be compressed.
Severalstatisticalanddictionary-basedcompressionmethodshave
beenproposedfor text corporaandmultimediadata,someof which
(e.g.,Lempel-Ziv or Huffman) yield provably optimal asymptotic
performancein termsof certainergodicpropertiesof thedatasource.
Thesemethods,however, fail to provide adequatesolutionsfor
compressinga massive datatable,asthey view thetableasa large
bytestringanddonotaccountfor thecomplex dependency patterns
in thetable.
Comparedto conventionalcompressionmethodsfor text or mul-
timediadata,effectively compressingmassive datatablespresents
a hostof novel challengesdueto severaldistinctcharacteristicsof
tabledatasetsandtheiranalysis.� Approximate (Lossy)Compression.Dueto theexploratoryna-
tureof many data-analysisapplications,thereareseveralscenarios
in which an exact answermay not be required,andanalystsmay
in fact prefer a fast, approximateanswer, as long as the system
canguaranteethat user-prescribedconstraints on the approxima-
tion error are met. For example,during a drill-down query se-
quencein ad-hocdatamining, initial queriesin the sequencefre-
quentlyhave the solepurposeof determiningthe truly interesting
queriesandregionsof thedatatable. Providing (reasonablyaccu-
rate)approximateanswersto theseinitial queriesgivesanalyststhe
ability to focustheir explorationsquickly andeffectively, without
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consuminginordinateamountsof valuablesystemresources.Thus,
in contrast� to traditional losslessdatacompression,the compres-
sionof massive tablescanoftenafford to be lossy, aslongassome
(user- or application-defined)upperboundson thecompressioner-
ror areguaranteedby thecompressionalgorithm.This is obviously
a crucialdifferentiation,asevensmallerrortolerancescanhelpus
achieve muchbettercompressionratios.� Semantic Compression. Existing compressiontechniquesare
“syntactic” in thesensethatthey operateat thelevel of consecutive
bytesof data. As explainedabove, suchsyntacticmethodstypi-
cally fail to provideadequatesolutionsfor table-datacompression,
sincethey essentiallyview the dataasa large byte string anddo
notexploit thecomplex dependency patternsin thetable.Effective
tablecompressionmandatestechniquesthataresemanticin nature,
in the sensethat they accountfor andexploit both (1) the mean-
ings and dynamicrangesof individual attributes(e.g., by taking
advantageof thespecifiederror tolerances);and,(2) existing data
dependenciesandcorrelationsamongattributesin thetable.

In this paper, we describethearchitectureof �! #"�$&%'"�( 1, a sys-
tem that takes advantageof attribute semanticsand data-mining
modelsto perform lossycompressionof massive datatables[2].�) #"�$&%'"*( is basedon the novel ideaof exploiting datacorre-
lationsanduser-specified“loss”/error tolerancesfor individual at-
tributesto constructconciseand accurateClassificationand Re-
gressionTree (CaRT) models[3] for entire columnsof a table.
More precisely, �! #"�$&%'"�( selectsa certainsubsetof attributes
(referredto aspredictedattributes)for which no valuesareexplic-
itly storedin the compressedtable; instead,conciseCaRTs that
predictthesevalues(within theprescribederrorbounds)aremain-
tained.Thus,for a predictedattribute + thatis stronglycorrelated
with otherattributesin the table, �! #"�$&%'"�( is typically ableto
obtaina very succinctCaRT predictorfor the valuesof + , which
canthenbeusedto completelyeliminatethecolumnfor + in the
compressedtable. Clearly, storinga compactCaRT modelin lieu
of millions or billions of actualattribute valuescanresult in sub-
stantialsavings in storage.In addition,allowing for errorsin the
attributevaluespredictedby a CaRT modelonly servesto reduce
thesizeof themodelevenfurtherand,thus,improve thequality of
compression;this is because,asis well known, thesizeof a CaRT
modelis typically inverselycorrelatedto theaccuracy with which
it modelsa givensetof values[3; 16].

EXAMPLE 1.1.: Considerthe table with 4 attributesand8 tu-
plesshownin Figure 1(a),where each tuplerepresentsa dataflow
in an IP network. Thecategorical attribute protocol records the
application-levelprotocolgeneratingtheflow; thenumericattribute
duration is the time duration of the flow; and, the numeric at-
tributesbyte-countand packetscapture the total numberof bytes
andpacketstransferred.Let theacceptableerrors dueto compres-
sion for the numericattributesduration, byte-count, and packets
be 3, 1,000,and 1, respectively. Also, assumethat the protocol
attributehasto becompressedwithouterror (i.e., zero tolerance).
Figure 1(b)depictsa regressiontreefor predictingthedurationat-
tribute(with packetsasthepredictorattribute)anda classification
tree for predicting the protocol attribute (with packets and byte-
countas the predictor attributes). Observethat in the regression
tree, the predictedvalueof duration (label valueat each leaf) is
almostalwayswithin 3, thespecifiederror tolerance, of theactual
,
[From Webster]Spartan: /’spart-*n/ (1) of or relatingto Sparta

in ancientGreece,(2) a: markedby strictself-disciplineandavoid-
anceof comfort andluxury, b: sparingof words: TERSE: LA-
CONIC.

protocol duration byte-count packets
http 12 2,000 1
http 16 24,000 5
ftp 27 100,000 24

http 15 20,000 8
ftp 32 300,000 35

http 19 40,000 11
http 26 58,000 18
ftp 18 80,000 15

n y

duration = 29

protocol = http protocol = ftp

yn
protocol = http

n y

duration = 15

packets

(outlier: packets = 11)

 > 16

byte-count > 
60000

packets > 10

(a) Tuplesin Table (b) CaRT Models

Figure1: Model-BasedSemanticCompression.

tuple value. For instance, the predictedvalueof durationfor the
tuplewith packets= 1 is 15while theoriginal valueis 12. Theonly
tuplefor which thepredictedvalueviolatesthis error boundis the
tuplewith packets= 11,which is an markedasan outlier valuein
theregressiontree. There are no outliers in theclassificationtree.
By explicitly storing, in the compressedversion of the table, each
outlier valuealongwith theCaRTmodelsandtheprojectionof the
table onto only the predictor attributes(packetsand byte-count),
we can ensure that the error dueto compressiondoesnot exceed
theuser-specifiedbounds.Further, storing theCaRTmodels(plus
outliers) for durationand protocol insteadof the attribute values
themselvesresultsin 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 internalnodes).

The key algorithmic problemfacedby �! #"�$&%'"�( ’s compres-
sion engineis that of computingan optimal setof CaRT models
for the input table suchthat (a) the overall storagerequirements
of the compressedtable are minimized, and (b) all predictedat-
tributevaluesarewithin the user-specifiederror constraints.This
is a very challengingoptimizationproblemsince,not only is there
an exponentialnumberof possibleCaRT-basedmodelsto choose
from, but alsobuilding CaRTs (to estimatetheir compressionben-
efits) is a computation-intensive task,typically requiringmultiple
passesover thedata[3; 12; 18]. As a consequence,�) #"-$&%'"�(
hasto employ a numberof sophisticatedtechniquesfrom theareas
of knowledgediscovery and combinatorialoptimizationin order
to efficiently discover a “good” (sub)setof predictedattributesand
constructthecorrespondingCaRT models.Below, we list someof�! #"�$&%'"�( ’ssalientfeatures.

� Useof BayesianNetwork to Uncover Data Dependencies.
A Bayesiannetwork is a DAG whoseedgesreflect strong
predictive correlationsbetweennodesof thegraph[14; 15].
Thus, a Bayesiannetwork on the table’s attributescan be
usedtodramaticallyreducethesearchspaceof potentialCaRT
modelssince, for any attribute, the most promisingCaRT
predictorsarethe onesthat involve attributesin its “neigh-
borhood”in the network. Our current �! #"�$&%'"�( imple-
mentationusesa constraint-basedBayesiannetwork builder
basedon recentlyproposedalgorithmsfor efficiently infer-
ring Bayesianstructurefrom data. To control thecomputa-
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tional overhead,the Bayesiannetwork is built usinga rea-
sonablysmallrandomsampleof theinput table.

. Novel CaRT-selectionAlgorithms that Minimize Storage
Cost. /!0#1�2&3'1�4 exploits the inferredBayesiannetwork
structureby using it to intelligently guide the selectionof
CaRT modelsthatminimizetheoverall storagerequirement,
basedon the predictionand materializationcostsfor each
attribute. Intuitively, the goal is to minimize the sum of
the predictioncosts(for predictedattributes)andmaterial-
izationcosts(for attributesusedin theCaRTs). We demon-
stratethat this model-selectionproblemis a strict general-
ization of the WeightedMaximumIndependentSet(WMIS)
problem[6; 10], which is known to be 450 -hard. However,
by employing a novel algorithmthateffectively exploits the
discoveredBayesianstructurein conjunctionwith efficient,
near-optimal WMIS heuristics,/)0#1�2&3'1*4 is able to ob-
tain a goodsetof CaRT modelsfor compressingthetable.

. Impr oved CaRT Construction Algorithms that Exploit
Err or Constraints. A significationportionof /!0#1�2&3'1�4 ’s
executiontime is spentin building CaRT models. This is
mainlybecause/)0#1�2&3'1*4 needstoactuallyconstructmany
promisingCaRTs in orderto estimatetheir predictioncost,
and CaRT constructionis a computationally-intensive pro-
cess. To reduceCaRT-building timesandspeedup system
performance,/!0#1�2&3'1�4 employs thefollowing threeop-
timizations: (1) CaRTs arebuilt using randomsamplesin-
steadof the entire dataset, (2) leaves are not expandedif
valuesof tuples in them can be predictedwith acceptable
accuracy, and (3) pruning is integratedinto the tree grow-
ing phaseusingnovel algorithmsthatexploit theprescribed
error-toleranceconstraintsfor thepredictedattribute.

We have implementedthe /!0#1�2&3'1�4 systemandconductedan
extensive experimentalstudywith threereal-life datasetsto com-
parethequalityof compressiondueto /!0#1�2&3'1�4 ’smodel-based
approachwith existing syntacticandsemanticcompressiontech-
niques.For all threedatasets,andeven for smallerror tolerances
(e.g.,1%), we found that /)0#1-2&3'1�4 is able to achieve, on an
average,20-30%bettercompressionratios. Further, our experi-
mentalresultsindicatethat /)0#1�2&3'1*4 compressestablesbetter
whenthey containmorenumericattributesandaserror thresholds
grow bigger. For instance,for atablecontainingmostlynumericat-
tributesandfor highererrortolerancesin the5-10%range,/!0#1�2 -3'1�4 outperformedexistingcompressiontechniquesby morethan
a factorof 3. Finally, we show thatour improvedCaRT construc-
tion algorithmsmake /!0#1�2&3'1�4 ’sperformancecompetitive,en-
abling it to compressdatasetscontainingmore than half a mil-
lion tuplesin a few minutes.Thus,ourexperimentalresultsclearly
demonstratethe effectivenessof /!0#1�2&3'1�4 ’s methodologyfor
compressingmassive tables.
The technicaldiscussionin this overview paperwill focusmostly
on /!0#1�2&3'1�4 ’sefficientCaRT constructionalgorithmsandhow
they exploit theprescribederrorconstraintsfor predictedattributes.
For moredetailson other /!0#1�2&3'1�4 componentstheinterested
readeris referredto [2].

2. PROBLEM FORMULA TION AND
OVERVIEW OF OUR APPROACH

In this section,we describeour proposedmodel-basedframework
for the semanticcompressionof massive datatablesandwe pro-
vide an overview of the architectureof /!0#1�2&3'1�4 , a system

built aroundthis framework. We startby providing someneces-
sarydefinitionsandbackgroundinformationon compressionand
datamining models.

2.1 Preliminaries
Definitions and Notation. The input to the /!0#1�2&3'1�4 system
consistsof a 6 -attributetable 7 , comprisinga largenumberof tu-
ples (rows). We let 8:9<;>=@?BADCDCDCEAF=HG'I denotethe setof 6 at-
tributesof 7 and JLKNMPOQ=HRTS representthe domainof attribute =UR .
Attributeswith adiscrete,unorderedvaluedomainarereferredtoas
categorical, whereasthosewith orderedvaluedomainsarereferred
to asnumeric. Wealsouse7WV to denotethecompressedversionof
table 7 , and X 7YX ( X 7 V X ) to denotethestorage-spacerequirementsfor7 ( 7 V ) in bytes.
Thekey inputparameterto oursemanticcompressionalgorithmsis
a(user- or application-specified)6 -dimensionalvectorof error tol-
erances Z[ 9]\ [ ? A>CDCECDA [ G�^ thatdefinestheper-attributeacceptable
degreeof informationlosswhencompressing7 . (Per-attributeer-
ror constraintsarealsoemployedin thefasciclesframework [11].)
Intuitively, the _a`Qb entryof thetolerancevector [ R specifiesanup-
perboundon theerrorby which any (approximate)valueof = R in
thecompressedtable 7 V candiffer from its originalvaluein 7 . Our
error tolerancesemanticsdiffer acrosscategoricalandnumericat-
tributes,dueto theverydifferentnatureof thetwo attributeclasses.

1. For a numericattribute = R , thetolerance[ R definesanupper
boundon theabsolutedifferencebetweentheactualvalueof=HR in 7 and the corresponding(approximate)value in the
compressedtable 7WV . That is, if c , c'd denotethe accurate
andapproximatevalue(respectively) of attribute =HR for any
tuple of 7 , thenour compressorguaranteesthat cfeg\ c d�h[ RiAFc d�j [ R ^ .

2. For a categorical attribute =UR , the tolerance[ R definesan
upperboundon theprobability that the(approximate)value
of =HR in 7 V is different from the actualvalue in 7 . More
formally, if c , c d denotetheaccurateandapproximatevalue
(respectively) of attribute =HR for any tuple of 7 , then our
compressorguaranteesthat kH\ cl9fc d ^�m�n h [ R .

For numericattributes,theerrortolerancecouldverywell bespec-
ified in termsof quantilesof theoverall rangeof valuesratherthan
absolute,constantvalues. Similarly, for categorical attributesthe
probabilityof errorcouldbespecifiedseparatelyfor eachindivid-
ualattributeclass(i.e.,value)ratherthananoverallmeasure.(Note
that suchan extensionwould, in a sense,make the error bounds
for categoricalattributesmore“local”, similarto thenumericcase.)
Ourproposedmodel-basedcompressionframework andalgorithms
canbe readily extendedto handlethesescenarios,so the specific
definitionsof error tolerancearenot centralto our methodology.
To make our discussionconcrete,we usethe definitionsoutlined
above for the two attributeclasses.(Note that our error-tolerance
semanticscanalsoeasilycapturelosslesscompressionasa special
case,by setting [ R 9po for all _ .)
Metrics. Thebasicmetricusedto comparetheperformanceof dif-
ferentcompressionalgoritmsis thewell-known compressionratio,
definedasthe ratio of thesizeof thecompresseddatarepresenta-
tion producedby thealgorithmandthesizeof theoriginal (uncom-
pressed)input. A secondaryperformancemetricis thecompression
throughputthat,intuitively, correspondsto therateatwhichacom-
pressionalgorithmcanprocessdatafrom its input; this is typically
definedasthesizeof theuncompressedinput dividedby the total
compressiontime.
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Our work focusesprimarily on optimizing the compressionratio,
that is,q achieving the maximumpossiblereductionin the size of
the datawithin the acceptablelevels of error definedby the user.
This choiceis mainly driven by the massive, long-lived datasets
that arecharacteristicof our target datawarehousingapplications
andthe observation that the computationalcostof effective com-
pressioncanbe amortizedover the numerousphysicaloperations
(e.g.,transmissionsover a low-bandwidthlink) thatwill take place
duringthelifetime of thedata.Also, notethatourmethodologyof-
fersakey “knob” for tuningcompressionthroughputperformance,
namelythesizeof thedatasampleusedby r!s#t�u&v't�w ’s model-
constructionalgorithms.Settingthesamplesizebasedontheamount
of mainmemoryavailablein thesystemcanhelpensurehighcom-
pressionspeeds.

2.2 Model-BasedSemanticCompression:
Problem Statement

Briefly, ourproposedmodel-basedframework for thesemanticcom-
pressionof tablesis basedon two key technicalideas. First, we
exploit the (user- or application-specified)error constraintson in-
dividual attributesin conjunctionwith datamining techniquesto
efficiently build accuratemodelsof thedata.Second,wecompress
the input tableusinga selectsubsetof the modelsbuilt. The ba-
sic intuition hereis thatthis selectsubsetof data-miningmodelsis
carefullychosento capturelargeportionsof the input tablewithin
thespecifiederrorbounds.
More formally, we definethemodel-based,compressedversionof
the input table x asa pair xWy{zY|}x�~a���B�<�>�D�D�D�D�i���L��� where
(1) x ~ is a small (possiblyempty)projectionof thedatavaluesinx thatareretainedaccurately in xWy ; and,(2) �B�<�>�D�D�>�E�F���L� is a
selectsetof data-miningmodels,carefullybuilt with thepurposeof
maximizingthedegreeof compressionachievedfor x while obey-
ing thespecifiederror-toleranceconstraints.Abstractly, therole of
the projection x ~ is to capturevalues(tuplesor sub-tuples)of 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.)Theattributevaluesin x�~ caneitherberetainedas
uncompresseddataor becompressedusinga conventionallossless
algorithm.
A definitionof ourgeneralmodel-basedsemanticcompressionprob-
lem cannow bestatedasfollows.

[Model-BasedSemanticCompression(MBSC) ] Givenamas-
sive,multi-attributetable x andavectorof (per-attribute)er-
ror tolerances�� , find acollectionof models�B�<�>�D�>�D�D�i�����
andacompressionschemefor x basedonthesemodelsx y zY|x�~a���B� � �D�D�D�D��� � ��� suchthat thespecifiederrorbounds�� arenot exceededandthe storagerequirements� xWy�� of the
compressedtableareminimized.

Giventhemultitudeof possiblemodelsthatcanbeextractedfrom
the data,this is obviously a very generalproblemdefinition that
covers a hugedesignspaceof possiblealternatives for semantic
compression.We provide a moreconcretestatementof the prob-
lem addressedin ourwork on the r)s#t�u&v't*w systemlaterin this
section.First,however, wediscusshow ourmodel-basedcompres-
sion framework relatesto recentwork on semanticcompression
anddemonstratetheneedfor themoregeneralapproachadvocated
in this paper.

Comparison with Fascicles.Our model-basedsemanticcompres-
sionframework, in fact,generalizesearlierideasfor semanticdata
compression,suchasthevery recentproposalof Jagadish,Madar,

and Ng on using fasciclesfor the semanticcompressionof rela-
tional tables[11]. (To the bestof our knowledge,this is the only
work on lossysemanticcompressionof tableswith guaranteedup-
perboundson thecompressionerror.)
A fasciclebasically representsa collection of tuples (rows) that
have approximatelymatchingvaluesfor some(but not necessarily
all) attributes,wherethe degreeof approximationis specifiedby
user-provided compactnessparameters.Essentially, fasciclescan
be seenasa specificform of data-miningmodels,i.e., clustersin
subspacesof the full attributespace,wherethenotionof a cluster
is basedon theacceptabledegreeof lossduringdatacompression.
Thekey ideaof fascicle-basedsemanticcompressionis to exploit
thegivenerrorboundsto allow for aggressive groupingand“sum-
marization”of valuesby clusteringmultiplerowsof thetablealong
severalcolumns(i.e., thedimensionalityof thecluster).

EXAMPLE 2.1.: Considerthe table in Figure 1(a) described
in Example1.1. Error tolerancesof 3, 1,000and 1 for the three
numericattributesduration, byte-countand packets, respectively,
resultin thefollowing two fascicles(amongothers):

� � ���
http 12 2,000 1
http 15 20,000 8
http 16 24,000 5

ftp 27 100,000 24
ftp 32 300,000 35

Thetuplesin thetwo fascicles
� � and

���
are similar (with respect

to thepermissibleerrors) on theprotocolanddurationattributes.
(Two numericattributevaluesare considered similar if thediffer-
encebetweenthemis at mosttwice the error boundfor that at-
tribute.) Substitutingfor each numericattribute value, the mean
of the maximumand minimumvalueof the attribute in a fascicle
ensures that the introducederror is acceptable. Consequently, in
order to compressthe table using fascicles,the single (sub)tuple
(http, 14) replacesthe threecorresponding(sub)tuplesin thefirst
fascicleand(ftp, 29.5)replacesthetwosubtuplesin thesecondfas-
cicle. Thus,in thefinal compressedtable, themaximumerror for
durationis not greaterthan3, andthenumberof valuesstoredfor
theprotocolanddurationattributesis reducedfrom8 to 5.

As the above exampleshows, in many practicalcases,fascicles
caneffectively exploit thespecifiederrortolerancesto achievehigh
compressionratios.Therearehowever, severalscenariosfor which
a more general,model-basedcompressionapproachis in order.
Themainobservationhereis thatfasciclesonly try to detect“row-
wise” patterns,where setsof rows have similar valuesfor sev-
eral attributes. Such“row-wise” patternswithin the given error-
boundscanbe impossibleto find whenstrong“column-wise”pat-
terns/dependencies(e.g.,functionaldependencies)exist acrossat-
tributesof the table. On the otherhand,data-miningmodelslike
CaRTs captureandmodelattribute correlationsand, thereby, can
attain much bettersemanticcompressionwhen suchcorrelations
exist. Revisiting Example1.1, we seethat CaRTs result in better
compressionthanfascicleseven for our toy exampletable2 – the
storagefor theduration attribute reducesfrom 8 to 4 with CaRTs
comparedto 5 with fascicles.

ConcreteProblemDefinition. Theabovediscussiondemonstrates
theneedfor asemanticcompressionmethodologythatis moregen-
eralthansimplefascicle-basedrow clusteringin thatit canaccount
for and exploit strongdependenciesamongthe attributesof the
input table. The importantobservation here(alreadyoutlined in�

This is notsurprisinggiventhestrongcorrelationsamongtheattributesin
a tableof network traffic records[1].
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Example1.1) is that datamining offers models(i.e., CaRTs) that
canaccurately� capturesuchdependencieswith very concisedata
structures.Thus,in contrastto fascicles,our generalmodel-based
semanticcompressionparadigmcanaccommodatesuchscenarios.
Theideasof row-wisepatterndiscovery andclusteringfor seman-
tic compressionhave beenthoroughlyexplored in the context of
fascicles[11]. In contrast,our work on the �!�#���&�'��� semantic
compressorreportedin this paperfocusesprimarily on the novel
problemsarising from the needto effectively detectand exploit
(column-wise)attribute dependenciesfor the purposesof seman-
tic table compression.The key idea underlyingour approachis
that, in many cases,a small classification(regression)treestruc-
ture canbe usedto accuratelypredict the valuesof a categorical
(resp.,numeric)attribute (basedon the valuesof otherattributes)
for a very large fraction of tablerows. This meansthat, for such
cases,our compressionalgorithmscan completelyeliminate the
predictedcolumnin favor of a compactpredictor (i.e., a classifi-
cationor regressiontreemodel)anda small setof outlier column
values.Moreformally, thedesignandarchitectureof �!�#���&�'���
focusesmainlyon thefollowing concreteMBSCproblem.

[ �)�#���&�'�*� CaRT-BasedSemanticCompression ] Given
a massive, multi-attribute table � with a set of categorical
and/ornumericattributes � , anda vectorof (per-attribute)
error tolerances�� , find a subset B¡l¢N£E¤D¤D¤D£F¡�¥�¦ of � anda
collectionof correspondingCaRT models  >§ ¢ £D¤E¤D¤D£F§ ¥ ¦
suchthat: (1) model §]¨ is a predictorfor thevaluesof at-
tribute ¡ ¨ basedsolelyon attributesin �ª©« B¡ ¢ £D¤E¤D¤D£F¡ ¥ ¦ ,
for each¬�­¯®�£>¤D¤D¤D£Q° ; (2) thespecifiederrorbounds�� arenot
exceeded;and,(3) thestoragerequirements± �W²³± of thecom-
pressedtable �W²´­Yµ«��¶a£� B§<¢>£D¤D¤D¤D£i§�¥L¦-· areminimized.

Abstractly, ournovel semanticcompressionalgorithmsseekto par-
tition thesetof input attributes � into a setof predictedattributes >¡@¢B£D¤D¤E¤D£F¡-¥�¦ andasetof predictorattributes�¸©& B¡l¢>£D¤D¤>¤D£F¡�¥L¦
such that the valuesof eachpredictedattribute can be obtained
within thespecifiederrorboundsbasedon(asubsetof) thepredic-
tor attributesthrougha small classificationor regressiontree(ex-
ceptperhapsfor asmallsetof outlier values).(Weusethenotation� ¨ ©º¹»¡ ¨ to denotea CaRT predictorfor attribute ¡ ¨ usingthe
setof predictorattributes �!¨H¼]�½©¾ >¡@¢B£D¤D¤D¤E£F¡-¥�¦ .) Note that
wedonotallow apredictedattribute ¡U¨ to alsobeapredictorfor a
differentattribute.This restrictionis importantsincepredictedval-
uesof ¡H¨ cancontainerrors,andtheseerrorscancascadefurther
if theerroneouspredictedvaluesareusedaspredictors,ultimately
causingerrorconstraintsto beviolated.Thefinal goal,of course,is
to minimizetheoverall storagecostof thecompressedtable.This
storagecost ± �W²�± is thesumof two basiccomponents:

1. Materializationcost, i.e.,thecostof storingthevaluesfor all
predictorattributes �¿©¸ B¡ ¢ £D¤E¤D¤D£�¡ ¥ ¦ . This costis repre-
sentedin the ��¶ componentof thecompressedtable,which
is basicallythe projectionof � onto the setof predictorat-
tributes. (The storagecost of materializingattribute ¡U¨ is
denotedby MaterCost ÀQ¡H¨TÁ .)

2. Prediction cost, i.e., the cost of storing the CaRT models
usedfor predictionplus(possibly)a smallsetof outlier val-
uesof the predictedattribute for eachmodel. (The storage
costof predictingattribute ¡H¨ throughthe CaRT predictor� ¨ ©'¹Â¡ ¨ is denotedby PredCost Àa� ¨ ©'¹Â¡ ¨ Á ; note
that this doesnot includethe costof materializingthe pre-
dictorattributesin � ¨ .)

We shouldnote herethat our proposedCaRT-basedcompression
methodologyis essentiallyorthogonalto techniquesbasedonrow-
wiseclustering,like fascicles.It is entirelypossibleto combinethe
two techniquesfor an even moreeffective model-basedsemantic
compressionmechanism.As an example, the predictorattribute
table ��¶ derived by our “column-wise” techniquescan be com-
pressedusingafascicle-basedalgorithm.(In fact,thisis exactlythe
strategy usedin our current �!�#���&�'��� implementation;how-
ever, othermethodsfor combiningthetwo arealsopossible.)The
importantpoint hereis that,sincetheentriesof ��¶ areusedasin-
putsto (approximate)CaRT modelsfor otherattributes,caremust
betakento ensurethaterrorsintroducedin thecompressionof � ¶
do notcompoundover theCaRT modelsin a way thatcauseserror
guaranteesto beviolated.Moredetailscanbefoundin [2].

2.3 Overview of the Ã@Ä*ÅfÆªÇ�ÅÉÈ System
As depictedin Figure2, thearchitectureof the �!�#���&�'��� sys-
temcomprisesof fourmajorcomponents:theDEPENDENCYFINDER,
the CARTSELECTOR, the CARTBUILDER, andthe ROWAGGRE-
GATOR. In the following, we provide a brief overview of each�!�#���&�'��� component.
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Figure2: �)�#�-�&�'��� systemarchitecure.

Ð DEPENDENCYFINDER.Thepurposeof theDEPENDENCYFINDER

componentis to producean interaction model for the input ta-
ble attributes,that is thenusedto guide the CaRT building algo-
rithms of �)�#���&�'�*� . The main observation hereis that, since
thereis anexponentialnumberof possibilitiesfor building CaRT-
basedattributepredictors,we needa concisemodelthat identifies
thestrongestcorrelationsand“predictive” relationshipsin theinput
data.
The approachusedin the DEPENDENCYFINDER componentof�!�#���&�'��� is to constructaBayesiannetwork[14] on theunder-
lying setof attributes� . Abstractly, aBayesiannetwork imposesa
DirectedAcyclic Graph(DAG) structureÑ on thesetof nodes� ,
suchthat directededgescapturedirect statisticaldependencebe-
tweenattributes.In effect,a Bayesiannetwork is a graphicalspec-
ification of a joint probability distribution that is believed to have
generatedthe observed data. Bayesiannetworks arean essential
tool for capturingcausaland/orpredictive correlationsin observa-
tional data;suchinterpretationsaretypically basedon well-known
dependencesemanticsof theBayesiannetwork structure[14; 15].
Intuitively, a set of nodesin the “neighborhood”of node ¡ ¨ inÑ (e.g., ¡H¨ ’s parents)capturestheattributesthatarestronglycor-
relatedto ¡H¨ and, therefore,show promiseaspossiblepredictor
attributesfor ¡ ¨ [2].Ð CARTSELECTOR.TheCARTSELECTOR componentconstitutes
thecoreof �!�#���&�'��� ’s model-basedsemanticcompressionen-
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gine. Given the input table Ò and error tolerancesÓBÔ , as well
as theÕ Bayesiannetwork on the attributesof Ò built by the DE-
PENDENCYFINDER, the CARTSELECTOR is responsiblefor se-
lecting a collection of predictedattributesand the corresponding
CaRT-basedpredictorssuchthat the final overall storagecost is
minimized (within the given error bounds). As discussedabove,Ö)×#Ø�Ù&Ú'Ø*Û

’s CARTSELECTOR employs the BayesiannetworkÜ
built on Ý to intelligently guide the searchthroughthe huge

spaceof possibleattributepredictionstrategies.Clearly, thissearch
involvesrepeatedinteractionswith theCARTBUILDERcomponent,
which is responsiblefor actuallybuilding theCaRT-modelsfor the
predictors(Figure2).
Wedemonstratethatevenin thesimplecasewherethesetof nodes
that is usedto predictan attributenodein

Ü
is fixed, theproblem

of selectinga setof predictorsthatminimizesthe combinationof
materializationandpredictioncostnaturallymapsto theWeighted
MaximumIndependentSet(WMIS)problem,which is known to beÛÞ×

-hardandnotoriouslydifficult to approximate[6; 10]. Based
on this observation, we proposea CaRT-modelselectionstrategy
thatstartsoutwith aninitial solutionobtainedfrom a near-optimal
heuristicfor WMIS [9; 10] andtriesto incrementallyimprove it by
smallperturbationsbasedontheuniquecharacteristicsof ourprob-
lem. We alsogive analternative greedymodel-selectionalgorithm
thatchoosesits setof predictorsusingasimplelocalconditiondur-
ing a single“roots-to-leaves” traversalof theBayesiannetwork

Ü
.ß CARTBUILDER.Givenacollectionof predictedand(correspond-

ing) predictorattributesÝ Ô�à'áãâHÔ , thegoalof theCARTBUILDER

componentis to efficiently constructCaRT-basedmodelsfor eachâ Ô in termsof Ý!Ô for the purposesof semanticcompression.In-
ductionof CaRT-basedmodelsis typically acomputation-intensive
processthatrequiresmultiplepassesovertheinputdata[3; 18;12].
As we demonstrate,however,

Ö!×#Ø�Ù&Ú'Ø�Û
’s CaRT-construction

algorithmscan take advantageof the compressionsemanticsand
exploit the user-definederror-toleranceconstraintsto effectively
prunecomputation.In addition,by building CaRTsusingdatasam-
ples insteadof the entiredataset,

Ö)×#Ø�Ù&Ú'Ø*Û
is ableto further

speedup modelconstruction.ß ROWAGGREGATOR.Once
Ö!×#Ø�Ù&Ú'Ø�Û

’sCARTSELECTORcom-
ponenthasfinalizeda“good” solutionto theCaRT-basedsemantic
compressionproblem,it handsoff its solutionto theROWAGGRE-
GATOR componentwhich triesto furtherimprove thecompression
ratio through row-wise clustering. Briefly, the ROWAGGREGA-
TOR usesa fascicle-basedalgorithm[11] to compressthe predic-
tor attributes,while ensuring(basedontheCaRT modelsbuilt) that
errorsin the predictorattributevaluesarenot propagatedthrough
the CaRTs in a way that causeserror tolerances(for predictedat-
tributes)to beexceeded.

The next sectiondiscusses
Ö)×#Ø�Ù&Ú'Ø*Û

’s CARTBUILDER com-
ponentin detail, focusingon our novel CaRT-constructionalgo-
rithms that effectively exploit user-prescribederror constraintson
individual attributes.Detailsof theotherthree

Ö)×#Ø�Ù&Ú'Ø*Û
com-

ponentscanbefoundin theoriginal
Ö!×#Ø�Ù&Ú'Ø�Û

paper[2].

3. THE älå*æfçªè�æÉé CARTBUILDER
TheCARTBUILDERcomponentof

Ö)×#Ø-Ù&Ú'Ø�Û
constructsaCaRT

predictor Ý!Ô à'áêâ Ô for theattribute â Ô with Ý!Ô asthepredictor
attributes. The CARTBUILDER component’s objective is to con-
struct the smallest(in termsof storagespace)CaRT model such
thateachpredictedvalue(of a tuple’s valuefor attribute âUÔ ) devi-
atesfrom theactualvalueby at most ÓNÔ , theprescribederror toler-
ancefor attribute âHÔ .

If thepredictedattribute â Ô is categorical,thentheCARTBUILDER

componentbuilds a compactclassificationtreewith valuesof âUÔ
servingasclasslabels.CARTBUILDER employsclassificationtree
constructionalgorithmsfrom [18; 17] to first constructa low stor-
agecost treeand then explicitly storessufficient numberof out-
liers suchthat the fractionof misclassifiedrecordsis lessthanthe
specifiederror bound Ó Ô . Thus, CARTBUILDER guaranteesthat
thefractionof attribute â Ô ’svaluesthatareincorrectlypredictedis
lessthan Ó Ô .
In the remainderof this section,we focus on the casewhen the
predictedattribute â Ô is numeric.Specifically, we presentefficient
algorithmsfor constructingcompactregressiontreesfor predictingâHÔ with anerrorthatdoesnotexceedÓ Ô .
3.1 StorageCostof RegressionTrees
A regressiontreeconsistsof two typesof nodes– internalnodes
and leaves. Eachinternal nodeis labeledwith a splitting condi-
tion involving attribute âìëÞí Ý!Ô – this condition is of the formâ ë	î¯ï if â ë is a numericattributeand â ë í¸ð ï�ñFïºòañDó>óEóõô if â ë
is categorical. Eachleaf is labeledwith a numericvalue ï which
is the predictedvaluefor âHÔ for all tuplesin table Ò that belong
to the leaf (a tuple belongsto a leaf if it satisfiesthe sequenceof
splitting conditionson the path from the root to the leaf). Thus,
for a tuple ö belongingto a leaf with label ï , the predictedvalue
of ö on attribute â Ô , öD÷ â ÔQø , satisfiesthe error boundsif öE÷ â ÔQø í÷ ï à Ó Ô ñFï&ù Ó Ô ø . Tuples ö in the leaf for whom öD÷ âHÔ ø lies outside
therange ÷ ï à ÓBÔ ñFï{ù ÓNÔúø areoutliers sincetheir predictedvalues
differ from theiractualvaluesby morethanthetolerancelimit.
Thestoragecostof aregressiontree û for predictingâ Ô thuscom-
prises(1) thecostof encodingnodesof thetreeandtheirassociated
labels,and (2) the costof encodingoutliers. The costof encod-
ing an internalnode ü of the tree is ý ù¾þ ÿ ��� Ý Ô � ù����	��
 Ô
��� ü�� ,
where1 bit is neededto specifythetypeof node(internalor leaf),þ ÿ ��� Ý!Ô � is the numberof bits to specifythesplitting attributeand� �	��
 Ô�� � ü�� is the costof encodingthe split value for node ü . If� is the numberof distinct valuesfor the splitting attribute âìë
at node ü , then � �	��
 Ô
� � ü���� þ ÿ � � � à ý�� if â ë is numericand� �	��
 Ô�� � ü���� þ ÿ � �	��� à ��� if âìë is categorical. Next, we compute
the costof encodinga leaf with label ï . Due to Shannon’s theo-
rem, in general,the numberof bits requiredto store � valuesof
attribute âHÔ is � timestheentropy of âHÔ . Since âUÔ is a numeric
attribute, þ ÿ ��� � � �!� â Ô	� � is agoodapproximationfor theentropy ofâ Ô . Thus,to encodea leaf node ü , we need ý ù«þ ÿ � � � � � �!� â Ô"� � �
bits,where1 bit is neededto encodethenodetypefor theleaf andþ ÿ � � � � � �#� â Ô"� � � bits areusedto encodethe label. Finally, if the
leaf contains� outliers,thentheseneedto beencodedseparately
at a total costof approximately� þ ÿ � � � � � �!� â Ô"� � � .
In the following subsections,we presentefficient algorithmsfor
computinga low-costregressiontreethatpredictsâ Ô .
3.2 RegressionTreeConstruction with Sepa-

rate Building and Pruning
Weconstructalow-costregressiontreein two phases– atreebuild-
ing phasefollowed by a tree pruning phase. At the start of the
building phase,the treecontainsa singleroot nodecontainingall
the tuples in Ò . The tree building procedurecontinuesto split
eachleaf ü in the tree until for tuples ö in the leaf, the differ-
encebetweenthe maximumandminimum valuesof öD÷ â ÔQø is less
than or equalto ��Ó Ô . The splitting condition for a node ü con-
taining a setof tuples $ is chosensuchthat the meansquareer-
ror of the two setsof tuplesdue to the split is minimized. Thus,
if the split partitions $ into two setsof tuples $&% and $(' , then) �"*,+,- �úöD÷ âHÔ ø à/.0% � ' ù ) �	* +�1 �úöE÷ âHÔ ø à2.3' � ' is minimized,where
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405 and 436 arethemeansof 7�8 9;:=< for tuples7 in > 5 and > 6 , respec-
tively? .
At the endof the treebuilding phase,for eachleaf @ of thecon-
structedtree A , the label B is set to CD7FE :�G 8 9 : <&HI7FEKJMLN8 9 : <PORQ�S ,
where 7 E :�G and 7 EKJML arethe tuplesin @ with the minimum and
maximumvaluesfor 9 : . Thus,A containsnooutlierssince CD7RETJMLU8 9 : <=V7 E :
G(8 9W:X<POZY[S�\�: andasa result,theerror in thepredictedvalues
of attribute 9 : arewithin thepermissiblelimit. However, thecost
of A may not be minimum – specifically, deletingnodesfrom A
mayactuallyresultin a treewith smallerstoragecost. This is be-
causewhile pruningan entiresubtreefrom A may introduceout-
lierswhosevaluesneedto bestoredexplicitly, thecostof explicitly
encodingoutliersmaybemuchsmallerthanthecostof thedeleted
subtree.
Thus,thegoalof thepruningphaseis to find thesubtreeof A (with
thesameroot as A ) with theminimumcost. Consideran internal
node @ in A andlet > be the setof tuplesin @ . Let A�] be the
subtreeof A rootedat node @ with cost ^;C=A ] O (the costof en-
codingnodesandoutliersin A�] ). Thus, ^;C=A�]�O is essentiallythe
reductionin thecostof A if @ ’schildrenaredeletedfrom A . Now,
deletionof @ ’s childrenfrom A causes@ to becomea leaf whose
new costis asfollows. Supposethat B is thelabelvaluefor @ that
minimizesthenumber, say _ , of outliers.Thenthenew costof leaf@ , ^;C=@�O�`ba�Hdcfe�ghCji k lm_!CX9 : O�i OnHo_pcfemgqCji k l�_#CX9 : O�i O . Thus,if^;C=@rOsYt^;C=A ] O for node @ , thendeleting @ ’s childrenfrom A
causesA ’scostto decrease.
The overall pruning algorithm for computingthe minimum cost
subtreeof A considersthenodes@ in A in decreasingorderof their
distancefrom the root of A . If, for a node @ , ^;C=@�OsYb^;C=A ] O ,
thenits childrenaredeletedfrom A . Oneissuethatwe still need
to resolve whencomputinĝ;C=@�O for a node @ is determiningthe
label B for @ thatminimizesthenumber, _ , of outliers.This can
easilybe achieved by maintainingfor eachnode @ , a sortedlist
containingthe 9;: valuesof tuplesin @ . Then,in asinglepassover
the list, for eachvalue Bvu in the list, it is possibleto computethe
numberof elements(in thelist) thatfall in thewindow 8 BNu	wjBvuPHsSm\�:D< .
If B u is thevaluefor which thewindow 8 B u wRB u HxSm\ : < containsthe
maximumnumberof elements,thenthe label B for node @ is set
to B u Hd\ : (sincethiswould minimizethenumberof outliers).

3.3 RegressionTree Construction with Inte-
grated Building and Pruning

In the treeconstructionalgorithm presentedin the previous sub-
section,portionsof tree A areprunedonly after A is completely
built. Consequently, the algorithmmay expendsubstantialeffort
on building portionsof the treethat aresubsequentlypruned. In
this subsection,we presentan algorithm that during the growing
phase,first determinesif a nodewill beprunedduring the follow-
ing pruningphase,andsubsequentlystopsexpandingsuchnodes.
Thus,integratingthepruningphaseinto thebuilding phaseenables
thealgorithmto reducethenumberof expandedtreenodesandim-
prove performance.AlthoughRastogiandShim[17] presentinte-
gratedalgorithmsfor classificationtrees,thealgorithmswepresent
in thissubsectionarenovel sincein ourcase,weareprimarily inter-
estedin regressiontreesandwe allow boundederrorsin predicted
values.
Recallthat for a completelybuilt regressiontree A , for a non-leaf
node @ in A , we pruned@ ’s childrenif ^;C=@�OyYI^;C=A ] O , where^;C=A�]�O and ^;C=@�O arethe costsof encodingthe subtreeA�] and
node @ (consideringit to be a leaf), respectively. However, if A
is a partially built regressiontree,then A�] maystill containsome
leavesthatareeligible for expansion.As aresult, ^;C=A ] O , thecost
of thepartialsubtreeA�] , maybegreaterthanthecostof thefully

procedure LowerBound( z , { : , | )
Input: Leaf z for which lower boundonsubtreecostis to becomputed;

errortolerance{ : for attribute } : ; bound | on themaximumnumber
of internalnodesin subtreerootedat z .

Output: Lower bound~��Dz;� oncostof subtreerootedat z .
begin
1. for �(� �o� to �
2. minOut[����� ] := �
3. for ��� �d� to |��#�
4. minOut[���D� ] := 0
5. �v� �#�
6. for �(� �o� to �
7. while � :v� ���f� 5K��� { :
8. �v� �#���!�
9. for ��� �x� to |q�#�
10. minOut[�"�X� ] := �����,� minOut[� � �M�X� ] + 1, minOut[�X�D� � � ] �
11. end
12. ~��Dz;�n� ���
13. for ��� �!� to |
14. ~��Dz;�n� �!����� �K~��Dz;�n� � �K�!�n���(�� M¡ ��¢ £ : ¢ �	����T�#�n� minOut�P���D�K�#���	���� M¡ �F¢ ¤�¥§¦��P} : �j¢ �3�
15. ~��Dz;�n� �#����� �K~0�Xz¨�0� � |q�r©���D|q�#���m�� M¡ ��¢ £ : ¢ �U�!�D|(� � ���� M¡ �F¢ ¤�¥§¦��P} : �j¢ �3�
16. return ~��Dz;�
end

Figure3: Algorithm for EstimatingLowerBoundonSubtreeCost.

expandedsubtreerootedat @ (after “still to be expanded”leaves
in A ] arecompletelyexpanded).This overestimationby ^;C=A ] O
of thecostof the fully expandedsubtreerootedat @ canresultin@ ’s childrenbeingwrongly pruned(assumingthatwe prune @ ’s
childrenif ^;C=@rO�Yª^;C=A ] O ).
Instead,supposethatfor a “still to beexpandedleaf” @ , we could
compute«yC=@rO , a lower boundon the costof any fully expanded
subtreerootedat @ . Further, supposefor a non-leafnode @ , we
define«yC=A ] O to bethesumof (1) for eachinternalnode@2u in A ] ,aqHrcfe�ghCji ¬ : i O­H®^�¯	° � :
± C=@ u O , (2) for each“still to beexpanded”leaf
node@2u in A ] , «²C=@2uXO and(3) for leafnodes@2u in A ] thatdonot
needto beexpandedfurtherandcontaining_ outliers, a�HICX_³Ha�O�cfe�ghCji k lm_!CX9W:"O�i O . It is relatively straightforward to observe that«²C=A�]�O is indeeda lower boundon thecostof any fully expanded
subtreerootedat node @ . As a consequence,if ^;C=@rO´Yµ«yC=A ] O ,
thenwe cansafelyprune @ ’s childrenfrom A since ^;C=@�O would
belessthanor equalto thecostof thefully expandedsubtreerooted
at @ andasa result, @ ’s childrenwould beprunedfrom A during
thepruningphaseanyway.
Thus,we simply needto beableto estimatea lower bound «yC=@rO
on the costof any fully expandedsubtreerootedat a “still to be
expanded”leaf @ . A simpleestimatefor the lower bound «yC=@rO
is a²Hx¶¸·f¹vº�cfe�ghCji ¬ : i O�wRcfe�ghCji k lm_!CX9 : O�i Oj» . However, in the follow-
ing, we show how a betterestimatefor «yC=@rO canbedevised. LetB 5 wFB 6 wM¼�¼�¼§wRBh½ be the valuesof attribute 9 : for tuplesin node @
in sortedorder. Supposewe are permittedto use ¾ intervals of
width Sm\�: to cover valuesin the sortedlist. Further, supposewe
areinterestedin choosingtheintervalssuchthatthenumberof val-
uescoveredis maximized,or alternately, thenumberof uncovered
values(or outliers)is minimized.Let minOut(¿Rwj¾ ) denotethismin-
imumnumberof outlierswhen ¾ intervalsareusedto cover values
in B 5 wRB 6 w§¼�¼�¼MwRB : . The following dynamicprogrammingrelation-
shipholdsfor minOut(¿Rwj¾ ). (In the third equationbelow, ÀKÁtÂ is
thesmallestindex for which B : V#B �f� 5 YªSm\ : .)
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minOutÃXÄjÅRÆNÇ0È
ÉÊÊË ÊÊÌ
Í

if Ä3È Í
Ä if Æ;È ÍÎ¸Ï
ÐvÑ minOutÃXÄ(ÒoÓ�ÅjÆUÇ(ÔÕÓ�Å

minOutÃ=Ö"ÅRÆ¨ÒxÓMÇj× otherwise.

The secondcondition essentiallystatesthat with 0 intervals, the
numberof outliersin Ø3Ù§Å�Ú�Ú�Ú�ÅFØhÛ is at least Ä . The final condition
correspondsto thetwo casesfor Ø Û : (1) Ø Û doesnot belongto any
of the Æ intervals(andis thusanoutlier),and(2) ØhÛ belongsto one
of the Æ intervals.
We arenow in a positionto prove the following theoremthat lays
the groundwork for us to computea good estimatefor Ü²Ã=Ý�Ç in
termsof minOutdefinedabove.

THEOREM 3.1. For a leaf Ý that still remainsto beexpanded,
a lower boundon thecostof a fully expandedsubtreewith Æ splits
and rootedat Ý is at least ÞmÆ�Ô³ÓZÔßÆ�àfá�âhÃjã ä�Ûjã Ç²ÔåÃ=Æ2Ô³ÓZÔ
minOutÃXæmÅjÆ�ÔÕÓ�ÇRÇ�àfá�âhÃjã ç èmé!ÃXêWÛ"Ç�ã Ç .
Proof: A subtreewith Æ splits has Æ internal nodesand Æ2ÔbÓ
leaves. Thus,thecostof specifyingthetypefor eachnodeis 1 bit
and the costof specifyingthe splitting attribute for eachinternal
nodeis àfá�â�Ãjã ä Û ã Ç , resultingin a total costof ÞmÆ�ÔÕÓTÔdÆ�àfá�âhÃjã ä Û ã Ç .
Further, specifyingthelabelsfor the ÆZÔIÓ leavesrequiresat leastÃ=Æ/ÔëÓMÇ­àfá�âhÃjã ç è�é#ÃXê Û Ç�ã Ç bits. Finally, the numberof outliers in
any subtreerootedat Ý and containing Æ2Ô[Ó leaves is at least
minOutÃXæmÅRÆ2ÔbÓ�Ç , the minimum numberof outliers when the æ
valuesin Ý canbe coveredby ÆWÔtÓ arbitrary intervals of widthÞ�ì�Û .
In Figure 3, we presentthe procedurefor computing ÜyÃ=ÝrÇ for
each“still to be expanded”leaf Ý in the partial tree í . Pro-
cedureLowerBound repeatedlyappliesTheorem3.1 to compute
lower boundson the costof subtreescontaining0 to î splits (for
a fixed, user-specifiedconstantî ), andthenreturnsthe minimum
from amongthem.In Steps1–11,theprocedurecomputesminOut
valuesfor Ó to î�ÔpÓ intervalsusingthedynamic-programmingre-
lationshipfor minOut presentedearlier. Then,LowerBound setsÜ²Ã=Ý�Ç to be theminimumcostfrom amongsubtreescontainingat
most î splits(Steps13–14)andgreaterthan î splits(Step15). Note
that Þ�îNÔ2ï3Ô�ÃXîvÔ�ÓMÇ�àfámâhÃjã ä�Ûjã Ç,Ô!ÃXîNÔrÞmÇ�àfá�âhÃjã ç è�é#ÃXê;Û�Ç�ã Ç is a lower
boundon thecostof any subtreecontainingmorethan î splits.
It is straightforward to observe that the time complexity of proce-
dureLowerBound is ðWÃXæmî�Ç . This is dueto the two for loops in
Steps6 and9 of the procedure.Further, the procedurescalesfor
largevaluesof æ sinceit makesa singlepassover all thevaluesin
node Ý . The procedurealsohasvery low memoryrequirements
sincefor computingminOut for eachÄ (Step10), it only needsto
storein memoryminOutvaluesfor Ä3ÒdÓ and Ö .
4. EXPERIMENT AL STUDY
In this section,we presentsomeof our resultsfrom an extensive
empirical study whoseobjective was to comparethe quality of
compressiondueto ñ�òhósô�õvóyö ’smodel-basedapproachwith ex-
isting syntactic(gzip) andsemantic(fascicles)compressiontech-
niques.(Thecompletesetof resultscanbefoundin [2].) We con-
ductedawiderangeof experimentswith threeverydiversereal-life
datasetsin which we measuredbothcompressionratiosaswell as
runningtimesfor ñ�òhósô�õvóyö . The major findingsof our study
canbesummarizedasfollows.

÷ Better CompressionRatios. On all datasets,ñ�òhósô�õvóyö
producessmallercompressedtablescomparedto gzip and

fascicles.Thecompressiondueto ñKòhóZô�õvóyö is moreef-
fective for tablescontainingmostly numeric attributes, at
timesoutperforminggzip andfasciclesby a factorof 3 (for
error tolerancesof 5-10%).Evenfor errortolerancesaslow
as1%, thecompressiondueto ñKòhóZô�õvóyö , on anaverage,
is 20-30%betterthanexistingschemes.÷ Small SampleSizesare Effective. For the datasets,even
with samplesas small as 50KB (0.06% of one data set),ñ�òhósô�õvóyö is able to computea goodsetof CaRT mod-
els that result in excellentcompressionratios. Thus,using
samplesto build theBayesiannetwork andCaRT modelscan
speedup ñKòhóZô�õvóyö significantly.÷ BestAlgorithms for ñ�òhósô�õvóyö Components.Our more
sophisticatedCaRT-selectionalgorithmbasedonWMIS com-
pressesthedatamoreeffectively that thesimplergreedyal-
gorithm.Further, sinceñKòhóZô�õvóyö spendsmostof its time
building CaRTs (between50% and 75% dependingon the
dataset), the integratedpruningandbuilding of CaRTs re-
sultsin significantspeedupsto ñ�òhósô�õvóyö ’sexecutiontimes.

Thus,our experimentalresultsvalidatethethesisof this paperthatñ�òhósô�õvóyö is aviableandeffectivesystemfor compressingmas-
sivetables.All experimentsreportedin thissectionwereperformed
onamulti-processor(4 700MHzPentiumprocessors)Linux server
with Ó GB of mainmemory.

4.1 Experimental Testbedand Methodology
CompressionAlgorithms. We considerthreecompressionalgo-
rithmsin ourstudy.÷ Gzip.gzip is thewidelyusedlosslesscompressiontool based

on the Lempel-Ziv dictionary-basedcompressiontechnique
[20; 21]. We compressthe table row-wiseusinggzip after
doinga lexicographicsortof thetable.Wefoundthis to sig-
nificantlyoutperformthecasesin whichgzip wasappliedto
arow-wiseexpansionof thetable(without thelexicographic
sort).÷ Fascicles.In [11], Jagadish,MadarandNg, describetwo al-
gorithms,Single-kandMulti-k, for compressingatableusing
fascicles.They recommendtheMulti-k algorithmfor small
valuesof Æ (thenumberof compactattributesin thefascicle),
but theSingle-kalgorithmotherwise.In our implementation,
we usetheSingle-kalgorithmasdescribedin [11]. Thetwo
main input parametersto the algorithm are the numberof
compactattributes,Æ , andthemaximumnumberof fascicles
to bebuilt for compression,ø . In our experiments,for each
individualdataset,weusedvaluesof Æ and ø thatresultedin
thebestcompressiondueto thefasciclealgorithm.Wefound
theSingle-kalgorithmto berelatively insensitive to ø (sim-
ilar to the finding reportedin [11]) andchoseø to be ù Í�Í
for all threedatasets.However, thesizesof thecompressed
tablesoutputby Single-kdid vary for differentvaluesof Æ
andsofor theCorel,Forest-cover andCensusdatasets(de-
scribedbelow), we set Æ to ú , ïmú and9, respectively. Note
thattheselargevaluesof Æ justify our useof theSingle-kal-
gorithm. We alsoset the minimum size é of a fascicleto
0.01%of the datasetsize. For eachnumericattribute, we
set the compactnesstoleranceto two times the input error
tolerancefor that attribute. However, sincefor categorical
attributes,the fascicleerror semanticsdiffers from ours,we
useda compactnesstoleranceof 0 for every categorical at-
tribute.
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û#ü�ýhþsÿ��vþ�� . The resultsshown here were obtainedus-
ingourWMIS-basedCaRT-selectionalgorithmandusingthe
Single-kfasciclealgorithmfor theROWAGGREGATOR com-
ponent[2]. Our implementationalsoemploys our integrated
buildingandpruningalgorithmsin theCARTBUILDERcom-
ponent,andusingasimplelowerboundof �����
	���
���������� ����� ���
��������� � �"!#�%$ � �&� ��' for every “yet to beexpanded”leaf node.
In orderto be fair in our comparisonwith fascicles,we set
theerrortolerancefor categoricalattributesto alwaysbe0.

Real-life Data Sets. We experimentedwith a numberof real-
life datasetswith very differentcharacteristics.Dueto spacecon-
straints,however, we only presentresultsfor the Corel3 dataset
in this paper, which we found to be representative of our overall
results(see[2] for the full setof experiments).This datasetcon-
tainsimagefeaturesextractedfrom a Corel imagecollection. We
useda �&(*) + MB subsetof thedatasetwhichcontainsthecolorhis-
togramfeaturesof 68,040photoimages.This datasetconsistsof
32 numericalattributesandcontains68,040tuples.

Default Parameter Settings. Thecritical input parameterto the
compressionalgorithmsis theerrortolerancefor numericattributes
(note that we use an error toleranceof 0 for all categorical at-
tributes). The error tolerancefor a numericattribute $ � is speci-
fied asa percentageof the width of the rangeof $,� -valuesin the
table. Anotherimportantparameterto üKýhþsÿ��vþ-� is thesizeof
thesamplethatis usedto selecttheCaRT modelsin thefinal com-
pressedtable. For thesetwo parameters,we usedefault valuesof
1% (for error tolerance)and50KB (for samplesize),respectively,
in all ourexperiments.

4.2 Experimental Results
Effect of Err or Thr esholdon CompressionRatio. Figure4(a)
depictsthecompressionratiosfor gzip, fasciclesand ü�ýhþsÿ��vþ��
for theCoreldataset.Fromthefigures,it is clearthat ü�ýhþsÿ��vþ��
outperformsbothgzip andfascicles, onanaverage,by 20-30%on
all datasets,evenfor a low errorthresholdvalueof 1%. Thecom-
pressiondue to üKýhþsÿ��vþ-� is especiallystriking for the Corel
dataset that containsonly numericattributes. For high error tol-
erances(e.g.,5-10%), ü�ýhþsÿ��vþ�� producesa compressedCorel
tablethatis almosta factorof 3 smallerthanthecompressedtables
generatedby gzip andfascicles,anda factorof 10smallerthanthe
uncompressedCoreltable.
The reasongzip doesnot compressthe datasetsas well is that
unlike fasciclesand ü�ýhþsÿ��vþ�� it treatsthetablesimply asa se-
quenceof bytesand is completelyoblivious of the error bounds
for attributes. In contrast,both fasciclesand ü�ýhþsÿ��vþ�� ex-
ploit datadependenciesbetweenattributesandalsothe semantics
of error tolerancesfor attributes. Further, comparedto fascicles
whichsimplyclustertupleswith approximatelyequalattributeval-
ues,CaRTsaremuchmoresophisticatedatcapturingdependencies
betweenattributecolumns.This is especiallytruewhentablescon-
tain numericattributessinceCaRTsemploy semanticallyrich split
conditionsfor numericattributeslike $ �/.10 . Another crucial
differencebetweenfascicle-andCaRT-basedcompressionis that,
whenfasciclesareusedfor compression,eachtupleandasa con-
sequence,every attribute value of a tuple is assignedto a single
fascicle.However, in ü�ýhþsÿ��vþ�� , apredictorattributeandthusa
predictorattributevalue(belongingto aspecifictuple)canbeused
in anumberof differentCaRTsto infer valuesfor multipledifferent
predictedattributes.Thus,CaRTs offer a morepowerful andflex-
ible model for capturingattribute correlationsthan fascicles. As2
See http://kdd.ics.uci.edu/databases/-
CorelFeatures/CorelFeatures.html.

a result,a setof CaRT predictorsareableto summarizecomplex
datadependenciesbetweenattributesmuchmoresuccinctlythan
a setof fascicles. For an error constraintof 1%, the final Corelü�ýhþsÿ��vþ�� -compressedtablecontains20CaRTsthatalongwith
outliers,consumeonly 1.98MB or 18.8%of theuncompressedta-
ble size. The compressionratiosfor üKýhþZÿ��vþ�� areeven more
impressive for largervaluesof errortolerance(e.g.,10%)sincethe
storageoverheadof CaRTs+ outliersis evensmalleratthesehigher
error values.For example,at 10% error, in the compressedCorel
dataset, CaRTs consumeonly 0.6 MB or 5.73%of the original
tablesize.

Effect of Err or Thr esholdand SampleSizeon Running Time.
In Figures4(b) and4(c), we plot the runningtimesfor üKýhþZÿ -�vþ�� for a rangeof error thresholdvaluesandsamplesizes.Two

trendsin the figures that are straightforward to observe are thatü�ýhþsÿ��vþ�� ’srunningtimedecreasesfor increasingerrorbounds,
andincreasesfor largersamplesizes.Thereasonfor thedecrease
in executiontime whenthe error toleranceis increasedis that for
larger error thresholds,CaRTs containfewer nodesandso CaRT
constructiontimes are smaller. For instance,CaRT construction
times(which constituteapproximately50-75%of üKýhþZÿ��vþ�� ’s
total execution time) reduceby approximately25% as the error
boundincreasesfrom 0.5% to 10%. Note the low runningtimes
for ü�ýhþsÿ��vþ�� on theCoreldataset.
In Figure 4(c), we plot ü�ýhþsÿ��vþ�� ’s running time againstthe
randomsamplesize insteadof the datasetsizebecauseüKýhþZÿ -�vþ�� ’s DEPENDENCYFINDER and CARTBUILDER components
which accountfor mostof ü�ýhþsÿ��vþ�� ’s runningtime (on anav-
erage,20%and75%,respectively) usethesamplefor modelcon-
struction. üKýhþsÿ��vþ-� makesvery few passesover theentiredata
set (e.g., for sampling,for identifying outliers in the dataset for
eachselectedCaRT andfor compressing3�4 using fascicles),the
overheadof which is negligible comparedto theoverheadof CaRT
modelselection.Observe that ü�ýhþsÿ��vþ�� ’s performancescales
almostlinearlywith respectto thesamplesize.
Finally, in experimentswith building regressiontreeson the data
sets,we found that integrating the pruning and building phases
canresultin significantreductionsin ü�ýhþsÿ��vþ�� ’srunningtimes.
This is because,integratingthepruningandbuilding phasescauses
fewerregressiontreenodesto beexpanded(sincenodesthatarego-
ing to beprunedlaterarenot expanded),andthusimprovesCaRT
building timesby asmuchas25%.

5. RELATED WORK
Popularcompressionprograms(e.g.,gzip, compress) employ the
Lempel-Ziv algorithm[20; 21] which treatstheinputdataasabyte
stringandperformslosslesscompressionon theinput. Thus,these
compressionroutineswhenappliedto massive tables,do not ex-
ploit datasemanticsor permiterrorsin thecompresseddata.
Otherlosslesscompressionschemesprimarily for numericattributes
andthatdonotexploit correlationsbetweenattributeshaverecently
beenproposedin the databaseliterature[8; 13]. Goldstein,Ra-
makrishnanandShaft[8] proposea pagelevel algorithmfor com-
pressingtables.For eachnumericattribute,its minimumvalueoc-
curing in tuplesin thepageis storedseparatelyoncefor theentire
page.Further, insteadof storingtheoriginal valuefor theattribute
in a tuple, thedifferencebetweentheoriginal valueandthemini-
mumis storedin thetuple. Thus,sincestoringthedifferencecon-
sumesfewerbits,thestoragespaceoverheadof thetableis reduced.
TupleDifferentialCoding(TDC) [13] is acompressionmethodthat
alsoachievesspacesavingsby storingdifferencesinsteadof actual
valuesfor attributes. However, for eachattributevaluein a tuple,

SIGKDD Explorations. Volume4, Issue1 - page19



0

0.1

0.2

0.3

0.4

0.5

0 2 4 6 8 10

C
om

pr
es

si
on

 R
at

io

5

Error Tolerance

Corel Dataset

Gzip
Fascicles

SPARTAN

50

60

70

80

90

100

110

120

2 4 6 8 10

R
un

ni
ng

 T
im

e 
(s

ec
)

6

Error Threshold

Corel Dataset

SPARTAN

0

200

400

600

800

1000

200 400 600 800 1000

R
un

ni
ng

 T
im

e 
(s

ec
)

6

Sample Size (KB)

Corel Dataset

SPARTAN

Figure4: Effectof Error ThresholdandSampleSizeonCompressionRatio/RunningTime.

thestoreddifferenceis relative to theattributevaluein thepreced-
ing tuple.
Buchsbaumetal. [4] devisea losslesscompressionschemethates-
sentiallypartitionsthesetof attributesof table7 into groupsof cor-
relatedattributesthatcompresswell (by examiningasmallamount
of training material)and then simply usesgzip to compressthe
projectionof 7 on eachgroup. A differentapproachfor lossless
compression,proposedby DaviesandMoore[5], first constructsa
Bayesiannetwork on theattributesof thetableandthenrearranges
the table’s attributesin an orderthat is consistentwith a topolog-
ical sort of theBayesiannetwork graph. The key intuition is that
reorderingthe data(usingthe Bayesiannetwork) resultsin corre-
latedattributesbeingstoredin closeproximity; consequently, tools
like gzip yield bettercompressionratiosfor thereorderedtable.
Anotherinstanceof a losslesscompressionalgorithmfor categor-
ical attributesis the one proposedby Goh et al. [7]. The algo-
rithm usesdatamining techniques(e.g., classificationtrees,fre-
quentitemsets)to find setsof categoricalattributevaluesthatoccur
frequentlyin the table. The frequentsetsarestoredseparately(as
rules)andoccurrencesof eachfrequentsetin thetablearereplaced
by therule identifierfor theset.Thenotionof a fascicle[11] gen-
eralizestheapproachof Gohet al. to bothnumericaswell ascate-
goricalattributesandperformslossydatacompressionby allowing
boundederrorsin thecompressedtable.

6. CONCLUSIONS
In this paper, we have describedthedesignandalgorithmsunder-
lying 8�9�:<;�=�:�> , a novel systemthat exploits attribute seman-
tics anddata-miningmodelsto effectively compressmassive data
tables.8�9�:<;�=�:�> takesadvantageof predictive correlationsbe-
tweenthetableattributesandtheuser- or application-specifiederror-
toleranceconstraintsto constructconciseandaccurateCaRT mod-
elsfor entirecolumnsof thetable.To restrictthehugesearchspace
of possibleCaRTs, 8�9�:<;�=�:�> explicitly identifiesstrongdepen-
denciesin the databy constructinga Bayesiannetwork modelon
the given attributes,which is thenusedto guide the selectionof
promising CaRT modelsthrough novel optimizationalgorithms.
8?9�:<;�=�:-> ’sCaRT-building componentalsoreliesonnovel inte-
gratedpruningstrategiesthattakeadvantageof theprescribed(per-
attribute)errorconstraintsto minimizethecomputationaleffort in-
volved. Our experimentationwith several real-life datasetshas
offeredconvincing evidenceof theeffectivenessof 8�9�:<;�=�:�> ’s
model-basedapproach– 8�9�:<;�=�:�> hasbeenableto consistently
yield substantiallybettercompressionratiosthanexistingsemantic
or syntacticcompressiontools while utilizing only small samples
of thedatafor modelinference.
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