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Abstract

Query performance strongly depends on finding an exe-
cution plan that touches as few superfluous tuples as possi-
ble. The access structures deployed for this purpose, how-
ever, are non-discriminative. They assume every subset of
the domain being indexed is equally important, and their
structures cause a high maintenance overhead during up-
dates. This approach often fails in decision support or
scientific environments where index selection represents a
weak compromise amongst many plausible plans.

An alternative route, explored here, is to continuously
adapt the database organization by making reorganization
an integral part of the query evaluation process. Every
query is first analyzed for its contribution to break the
database into multiple pieces, such that both the required
subset is easily retrieved and subsequent queries may bene-
fit from the new partitioning structure.

To study the potentials for this approach, we developed
a small representative multi-query benchmark and ran ex-
periments against several open-source DBMSs. The results
obtained are indicative for a significant reduction in system
complexity with clear performance benefits.

1 Introduction

Theultimatedreamfor aqueryprocessoris to touchonly
thosetuplesin the databasethat matterfor the production
of thequeryanswer. This ideal cannotbe achievedeasily,
becauseit requiresupfront knowledgeof the user's query
intent.

In OLTP applications,all imaginabledatabasesubsets
are consideredof equal importancefor query processing.
Thequeriesmostlyretrieve just a few tupleswithout statis-
tically relevantintra-dependencies.This permitsa physical
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databasedesigncenteredaroundindex acceleratorsfor in-
dividual tablesandjoin-indicesto speedup explorationof
semanticmeaningfullinks.

In decisionsupportapplicationsandscienti�c databases,
however, it is a priori lessevidentwhatsubsetsarerelevant
for answeringthe-mostlystatistical-queries.Queriestend
to bead-hocandtemporarilylocalizedagainsta smallpor-
tion of thedatabases.Datawarehousetechniques,suchas
star- andsnow�ak eschemasandbit-indices,aretheprimary
toolsto improveperformance[Raf03].

In both domains,the ideal solution is approximatedby
a careful choiceof auxiliary information to improve nav-
igation to the databasesubsetof interest. This choiceis
commonlymadeupfrontby thedatabaseadministratorand
its propertiesaremaintainedduringevery databaseupdate.
Alternatively, anautomaticindex selectiontool mayhelpin
this processthroughanalysisof the(anticipated)work load
on the system[ZLLL01, ACK+ 04]. Betweensuccessive
databasereorganizations,a queryis optimizedagainstthis
staticnavigationalaccessstructure.

Since the choice of accessstructuresis a balancebe-
tweenstorageandmaintenanceoverhead,every querywill
inevitably touchmany tuplesof no interest. Although the
accessstructuresoftenpermitapartialpredicateevaluation,
it is only after the completepredicateevaluationthat we
know whichaccesswasin vain.

In this paperwe explore a different routebasedon the
hypothesisthat accessmaintenanceshouldbe a byproduct
of queryprocessing,not of updates.A queryis interpreted
asbotha requestfor a particulardatabasesubsetandasan
adviceto crack thedatabasestoreinto smallerpieces aug-
mentedwith anindex to accessthem.If it is unavoidableto
touch Una-interestingtuplesduring query evaluation,can
weusethatto preparefor abetterfuture?

To illustrate,considerasimplequeryselect * from R
where R.a <10 anda storageschemethat requiresa full
tablescan,i.e. touchingall tuplesto selectthoseof interest.
The resultproducedin mostsystemsis a streamof quali-
fying tuples. However, it canalsobe interpretedasa task
to fragmentthe tableinto two pieces,i.e. applyhorizontal
fragmentation.This operationdoesnot comefor free, be-
causethe new table incarnationshouldbe written backto
persistentstoreandits propertiesstoredin thecatalog.For
example,theoriginal tablecanbereplacedby a UNION TA-



BLE [MyS] or partitionedtableoverall its piecesin Oracle,
DB2,andMicrosoftSQL-Server. Thesubsequentqueryop-
timizerstepnow hasto dealwith a fragmentedtable.

Thekey questionis why thisseeminglysimpleapproach
hasnotbeenembraced?Possibleanswersare:theoverhead
of continuouscrackinga tableis utterly expensive, thecat-
alogof piecesandtheir role in queryplangenerationleads
to an explosion in the searchspace,andthereis no refer-
encebenchmarkto studyits effect in amulti-queryscenario
underlaboratoryconditions. Although databasedevelop-
ers' wisdommay indeedpoint into the right direction for
existingdatabasesystems,ourresearchinto next generation
kernelscallsfor exploringnew territories.

This paper'scontributionsarethreefold:(i) it introduces
a databaseorganizationschemebasedon cracking, (ii) it
introducesamulti-querybenchmarkto analyzethecracking
scheme,and(iii) evaluatesa prototypeimplementationof
thekey algorithms.

Theexperimentsarerun againstout-of-the-boxversions
of a few open-sourcedatabases. The resultsprovide a
glimpseof the conditionsto make crackinga successand
the bottlenecksencounteredin current DBMS offerings.
Theprospectof embeddingcrackingin adatabasekernelis
furtherstudiedin thecontext of MonetDB[Mon]. Although
this systemtakesanoff-beatapproachto physicalorganize
the databaseandits processing,it illustratesthe potentials
in a softwareareawe control.

The remainderof this paperis organisedasfollows. In
Section2, we scoutthe notion of databasecrackersin the
context of the lowestdenominatorof databaseaccess,i.e.
tablescans.Thecrackeralgorithm,administration,andop-
timization issuesarereviewed in Section3. Section4 in-
troducesa characterisationof multi-querystreamsfor per-
formanceevaluations.An initial performanceoutlookusing
open-sourcedatabasesystemsis givenin Section5.

2 Cracking the Database Store

Thedeparturetakento investin databasereorganization
in thecritical pathof ordinaryqueryprocessingis basedon
a small experimentdescribedin Section2.1. An outlook
on the performancechallengein long query sequencesis
presentedin Section2.2

2.1 Table Scans

Tablescansformthelowestaccesslevelof mostdatabase
kernels. They involve a sequentialreadof all tuplesfol-
lowed by predicateevaluation. The quali�ed tuples are
moved to a result table,passedonward to the next opera-
tor in a query evaluationpipeline, or sent to a GUI. The
expectedgrossperformanceis easyto predict. The source
operandhasto be readonce,and the fragmentof interest
hasto bewritten backto persistentstore(or shippedto the
applicationfront-end).

For a querywith selectivity factors andtablesizeof N
tuples,we know that (1� s) N tuplesdo not contribute to
the �nal result. Unfortunately, to know which tuplesdis-
qualify, thepredicatehasto beevaluatedagainsteachtuple
�rst. This raisesthe questionat how muchadditionalcost
couldwe retainthis informationby concurrentlyfragment-
ing thetableinto piecesandbuilding acatalogof tablefrag-
ments.An experimentagainstexistingsystemsprovidesan
outlookof interestfor theremainder.

ConsideratableR[int,int] with 1 M tuplesagainstwhich
we �re asequenceof rangequeries

INSERT INTO newR
SELECT * FROM R WHERE R.A> = low AND R.A< high

with varying selectivity. Figure1 illustratesthe response
time encounteredfor (a) materializationinto a temporary
table, (b) sendingthe output to the front-end,and(c) just
countingthequalifying tuples.1 Aside from very small ta-
bles,theperformanceof materializationis linearin thesize
of the fragmentselected;a key observation usedin most
cost-modelsfor queryoptimization. For large tablesit be-
comeslinearin thenumberof disk IOs.

The performance�gures alsohighlight the relative cost
of the basicoperations.Storing the resultof a query in a
new systemtable(a) is expensive,astheDBMS hasto en-
suretransactionbehavior. Sendingit to thefront-end(b) is
alreadyfaster, althoughthesystemsbehavequitedifferently
on this aspect.Finally, thecostof �nding qualifying tuples
itself (c) is cheapin somesystems.

Thesedifferencesare crucial in pursuingthe cracking
approach.It alreadyindicatesthat the marginal overhead
for writing a reorganizedtablebackinto thedatabasestore
might be acceptablefor relatively low selectivity factors
whentheresulthasto bedeliveredto thefront-endanyway.
Conversely, if thequeryis only interestedin acountof qual-
ifying tuples,it doesnot make senseto storethe fragment
at all. Thesystemcatalogmaintenancewould betoohigh.

Furthermore,whenseenfrom theperspectiveof asingle
querywith low selectivity factor, oneis not easilytempted
to repartitionthetablecompletely, aperformancedropof an
orderof magnitudemaybetheresult.A simpleexperiment
suf�ces to reconsiderthis attitude.

2.2 An Outlook

Assumethatwe areconfrontedwith anapplicationthat
continuously�res rangequeries.Hundredsof themareis-
suedin rapidsuccessionandeachquerysplitsthefragments
touchedaspartof theprocess.Thecatalogsystem— sup-
ported by an in-memory datastructure— keepstrack of
themasa partitionedtable. With time progressingthe re-
trieval speedwould increasedramaticallyandtheper-query

1All experiments are run on a dual Athlon 1400 processor with 1GB
memory system. The systems considered are MonetDB, MySQL with
ISAM backend, PostgreSQL, and SQLite. They ran out-of-the-box without
any further optimization. Experiments against commercial systems show
similar behavior.
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Figure 1. Response time for relational algebra operations

overheaddwindlesto a small fraction. In essence,this pro-
cessisanincrementalbuildupof asearchaccelerator, driven
by actualqueriesratherthandatabaseupdatesandguide-
lines given by a DBA. With properengineeringthe total
CPUcostfor suchanincrementalschemeis in thesameor-
der of magnitudeassorting,plus the catalogmaintenance
cost.

Theactualperformanceimpactof thiscontinualdatabase
reorganizationstronglydependson the databasevolatility
andquerysequence.For a full tablescan,we needN reads
and sN writes for the query answer. Furthermore,in a
cracker approachwe may have to write all tuplesto their
new location,causinganother(1 � s)N writes; an invest-
mentwhich is possiblyhardto turn to our advantage.

A small-scalesimulationprovidesthefollowingoutlook.
Considera databaserepresentedasa vectorwherethe el-
ementsdenotethe granuleof interest,i.e. tuplesor disk
pages.From this vectorwe draw at randoma rangewith
�x eds andupdatethecracker index. During eachstepwe
only touch the piecesthat shouldbe cracked to solve the
query.

Figure 2 illustratesthe fractional overheadin termsof
writesfor variousselectivity factorsusinga uniform distri-
bution anda querysequenceof up to 20 steps. Selecting
a few tuples(1%) in the �rst stepgeneratesa sizableover-
head,becausethedatabaseis effectively completelyrewrit-
ten.However, alreadyafteraquerysequenceof 5 stepsand
a selectivity of 5%, the writing overheaddue to cracking
hasdwindledto lessthantheanswersize.

Figure3 illustratesthecorrespondingaccumulatedover-
headin termsof bothreadsandwrites.Thebaseline(=1.0)
is to readthevector. Abovethebaselinewehavelostperfor-

mance,below thebaselinecrackinghasbecomebene�cial.
Observethatthebreak-evenpoint is alreadyreachedaftera
handfulof queries.

An alternative strategy (and optimal in read-onlyset-
tings) would be to completelysort or index the table up-
front, which would requireNlog(N) writes. This invest-
ment would be recoveredafter log(N) queries. Beware,
however, that this only works in thelimited casewherethe
querysequence�lters againstthe sameattribute set. This
restrictiondoesnotapplyto cracking,whereeachandevery
queryinitiatesbreakingthedatabasefurtherinto (irregular)
pieces.

Theexperimentraisesanumberof questions.Whatkind
of applicationscenarioswouldbene�t from thecrackingap-
proach?How cantheprocessingoverheadof crackingin a
realDBMS bereduced?Whatarethedecisivefactorsin de-
ciding on theinvestmentsto bemade?Whataretheeffects
of updateson theschemeproposed?And, �nally , how does
theperformancecompareto themoretraditionalapproach
of secondaryindex maintenance?In thesequel,wecanonly
addresspartsof thesequestions,leaving many desirablere-
searchquestionsfor thefuture.

3 A Database Cracker Architecture

In this section, we introduce the architectureof a
databasecracker component.It is positionedbetweenthe
semanticanalyzerand the query optimizer of a modern
DBMS infrastructure.As such,it couldbe integratedeas-
ily into existing systems,or usedasa pre-processingstage
beforequeryprocessing.Section3.1 introducesa classof
databasecrackers,followedby thecracker index in Section
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Figure 2. Cracking overhead
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Figure 3. Accumulated overhead

3.2. In Section3.4, we sketch the algorithmsneededin a
DBMS and,Section3.3 identi�es the effect on the query
optimizerandplangeneration.

3.1 Cracker Concepts

Informally, databasecrackersarequeriesthatbreakare-
lationaltableinto multiple,disjointpieces.They arederived
during the �rst stepof queryoptimization,i.e. the transla-
tion of an SQL statementinto a relationalalgebraexpres-
sion. Without lossof generality, we assumethata queryis
in disjunctive normalform andeachtermorganizedasthe
expression:

pa0,...,ak ggrps pred(R1 Z R2...Rm� 1 Z Rm) (1)

Theselectionpredicatesconsideredaresimple(range)con-
ditionsof theform attr 2 [low,high] or attr q cst with q in
f <,<= ,>,>= ,= , ! = g. For simplicity, the(natural-)join
sequenceis a join-paththroughthedatabaseschema.Theg
operatordenotesanaggregategrouping(GROUP BY).

This representationby no meansimplies a query eval-
uationorder. It forms the basisto localizeandextract the
databasecrackers only. A traditional query optimizer is
calleduponin thesecondphaseof thequeryevaluationpro-
cessto deriveanoptimalplanof action.

Theselectionpredicatesandprojectionlist form the�rst
handlefor crackingthe database.It hasbeenknown for
a long time, that they can be used to constructa hori-
zontally/verticalfragmentedtablefor distributedprocessing
[OV91]. Oncechosenproperly, it will signi�cantly improve
performancebothusingparallelprocessingandbeingable
to early�lter tuplesof no-interestto aquery. It is this latter
aspectweexploit.

Relationalalgebraoperations,like pattr(R), s pred(R), or
R Z S, suggestnaturalandintuitivewaysto split their input
table(s)into two fragmentseach,on containingthe ”inter-
esting” tuplesand the other one the ”non-interesting”tu-
ples. A projectionpattr(R), for instance,suggeststo verti-
cally split a tablesuchthatonepiececontainsall attributes

from theprojectionlist attr, andtheotheronecontainsall
attributesof R thatarenot in attr. Likewise,a(natural)join
R Z S suggestto horizontallysplit eachtablein two pieces,
onecontainingall tuplesthat �nd matchesin the otherre-
lation,anda secondthatcontainsall tuplesthatdo not �nd
a matchin the join. Obviously, thepieceof eithertableis
simplymade-upby thesemi-joinwith theothertable.

As discussedearlier, a selections pred(R) suggeststo
horizontallysplit R into two pieces,wherethe�rst consists
of all tuplesthatful�ll thepredicate,andthenon-qualifying
tuples are gatheredin the secondpiece. For single-side
rangepredicateson only oneattribute (attr q cst), the re-
sulting piecesdo have the ”nice” property, that the values
of the selectionattribute form a consecutive rangewithin
eachpiece. However, this property gets lost in caseof
point-selections(attr q cst with q in f = , ! = g) anddouble-
sided rangepredicatesattr 2 [low,high]. To re-gain the
consecutive rangesproperty, we proposea secondversion
a selection-crackingthat yields threepieces: attr < low,
attr 2 [low,high], andattr > high In this scenario,point-
selectionscanbe viewed asdouble-sidedrangeselections
with low == high. Beware,thatthispropertygloballyholds
only for the �rst crackingstepon a ”vir gin” table. Oncea
tablehasbeencracked,subsequentselectioncrackingmain-
tain the consecutivenessonly locally within the previous
pieces.

Finally, group-by operationmerely producean n-way
partitioningbasedonsingletonvalues.

This leads to the following cracker de�nitions for a
relational model and illustrated graphically for Y large
Diamond(R) in Figure4:

� Y -cracking The crackingoperationY(pattr(R)) over
ann-aryrelationR producestwo pieces
P1 = pattr(R),
P2 = pattr(R)� attr(R).

� X-cracking The crackingoperationX(s pred(R)) over
an n-ary relation R producestwo piecesin caseof
pred � attr q cst,q 2 f <,<= ,>,>= g P1 = s pred(R),
P2 = s : pred(R);



andthreepiecesin caseof pred � attr 2 / <[low,high]
P1 = sattr<low(R),
P2 = sattr2[low,high](R),
P3 = shigh<attr(R).

� ^ -cracking Thecrackingoperation̂ (R Z S) overtwo
relationsproducesfour pieces,
P1 = R n S,
P2 = Rn(R n S),
P3 = S n R,
P4 = Sn(S n R).

� W-cracking ThecrackingoperationW(ggrpR) produces
acollectionf P�!

i g�!
i 2pgrpR = sgrp=

�!
i (R).

All four crackersareloss-less, i.e., theoriginal tablecan
bereconstructedfrom thepiecesgeneratedby eachcracker.
For X, ^ , andWthe inverse of crackingis simply a union
of all pieces.For Y , we assumethateachverticalfragment
includes(or is assigned)a unique(i.e., duplicate-free)sur-
rogate(oid), thatallowssimplereconstructionby meansof
anatural1:1-joinbetweenthesurrogatesof bothpieces.

3.2 Cracker Index

Cracking the databaseinto piecesshould be comple-
mentedwith informationto reconstructits originalstateand
resulttables,whichmeanswehaveto administerthelineage
of eachpiece,i.e. its sourceandtheX, Y , ^ or Woperators
applied.

This informationcanbestoredin thesystemcatalog,as
it involvesa partitionedtable,or asa separateaccessstruc-
ture.Theformerapproachdoesnot seemthemostef�cient
track, given the way a partitionedtable is administeredin
currentDBMS implementations.Eachcreationor removal
of a partition is a changeto thetable's schemaandcatalog
entries.It requireslockingacritical resourceandmayforce
recompilationof cachedqueriesandupdateplans.

Instead,we proposea cracker index, which for each
piecekeepstrack of the (min,max)boundsof the (range)
attributes,its size,andits locationin thedatabase.The lo-
cationis anew tableor aview over thetablebeingcracked.
Theboundaryinformationis maintainedfor all orderedat-
tributes.It is usedto navigatethecracker index andit pro-
videskey informationfor thequerycostmodel.
Considerthequerysequence:

select * from R where R.a<10;
select * from R,S where R.k=S.k and R.a<5;
select * from S where S.b>25;

Figure 5 illustratesthe cracker index produced. Rela-
tion R is broken into two piecesR[1] with R.a>= 10 and
R[2] with R.a<10 tuples.In thenext steptermR.a<5 lim-
its searchto just R[2] andonly R[4] is usedto initiate the
^ cracker. R[6] andS[3] containtheelementsthatwill join
on attributek. The lastquerynow hasto inspectbothS[3]

andS[4] becausenothinghasbeenderived aboutattribute
b. Sincewe areinterestedin all attributes,crackingcauses
only two piecesin eachstep. Observe that R can be re-
constructionby takingtheunionoverR[1], R[3], R[5], and
R[6], andS usingS[5], s[6], s[7], andS[8].

The cracker index canbe representedasa global graph
datastructureor organizedon a pertablebasis.Its sizecan
be controlledby selectively trimming the graphapplying
theinverseoperationto thenodes.

Observe that for cracking we do not assumea priori
knowledgeof the querysequence.Eachtime a queryar-
rives,it is validatedagainstthecracker index andmay ini-
tiate a change. For all but simple queriesthis calls for a
dif�cult decision,becausea relationalalgebraexpression
providesmany crackingoptions.An alternativecracker in-
dex is shown in Figure6 wheretheX and^ operationsin
thesecondqueryareinterchanged.

This phenomenoncalls for a crackingoptimizerwhich
controlsthe numberof piecesto produce. It is asyet un-
clear, if this optimizer shouldwork towards the smallest
piecesor try to retainlargechunks.A plausiblestrategy is
to optimizetowardsmany piecesin thebeginningandshift
to the largerchunkswhenwe alreadyhave a largecracker
index.

Whatever the choice, the cracker index grows quickly
and becomesthe target of a resourcemanagementchal-
lenge. At somepoint, cracking is completelyovershad-
owed by cracker index maintenanceoverhead.A foresee-
able track is to introducea separateprocessto coalesce
small piecesinto largerchunks,but which heuristicworks
bestwith minimalamountof work remainsanopenissue.

3.3 Optimizer Issues

The cracker strategy leadsto an explosion in the num-
ber of table fragments.For example,a X cracker over an
ordereddomainbreaksa pieceinto threenew pieces. As
piecesbecomesmaller, thechanceof beingbrokenup also
reduces.Furthermore,for eachqueryonly thepiecesat the
predicateboundariesshouldbeconsideredfor furthercrack-
ing. Likewise,the^ -cracker producestwo piecesfor each
operandinvolved in a join. This meansfor a linear k-way
join 4(k � 1) piecesare addedto the cracker index. The
W cracker addsanother2jgj piecesfor a groupingover g
attributes. Overall thesenumberssuggesta possibledis-
astrouseffect on an optimizer. Especially if it builds a
completesetof alternativeevaluationplansto pick thebest
strategy upfront. We hypothesizethat an optimizer in the
cracker context hasan easierjob. This canbe seenasfol-
lows.

Theprimetaskof anoptimizeris to aligntheoperatorsin
suchaway thattheminimalnumberof intermediateresults
areproduced.Thecrackingindex helpshere,becauseeach
querysub-planwill be highly focusedon a portion of the
target resultandinvolve mostly small tables. They hardly
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touchunwantedtuplesand,therefore,needonly bemateri-
alizedwhentheuserretrievestheir content.

The X cracker effectively realizestheselect-push-down
rewrite rule of the optimizer. The piecesof interestfor
query evaluation are all available with precisestatistics.
The ^ cracker effectively builds a semi-join-index, split-
ting eachinput in two piecescontainingthosetuplesthat
�nd a matchin thejoin, andthosethatdonot, respectively.
The�rst piececanby usedto calculatethejoin withoutcar-
ing aboutnon-matchingtuples,the secondpiececontains
theadditionaltuplesfor anouter-join. TheWcracker clus-
terstheelementsinto disjoint groups,suchthatsubsequent
aggregationand�ltering aresimpli�ed. Sincewedonotas-
sumeany additionalindex structure,the optimizermerely
hasto �nd an ef�cient schemeto combinethepieces.Lo-
calizationcosthasdroppedto zero,dueto thecracker, and
theoptimizercanfocusonminimizationof intermediatere-
sultsonly.

3.4 Cracking Algorithms

Ideally, thedatabaseis crackedwith minimal CPU cost,
and with minimal additionalstorageoverhead. Database
extensibility andpiggybackingon thequeryevaluationare
theprimetoolsconsideredfor this.

3.4.1 Crackers in a Query Processor

Crackingcan be usedin a conventionalDBMS where it
takes the form of continualdatareorganization,e.g. par-
titioning decisionsat eachquerystep. Ratherthanrelying
uponthe help of a separatedatabasepartitioningtool, one
couldpiggybackcrackingovernormalqueryevaluationsas
follows.

Most systems use a Volcano-like query evaluation
scheme[Gra93]. Tuples are read from sourcerelations
andpassedup thetreethrough�lter -, join-, andprojection-
nodes.Thecrackerapproachcanbereadilyincludedin this
infrastructure.

TheX-crackercanbeput in front of a �lter nodeto write
unwantedtuplesinto aseparatedpiece.Thetuplesreaching
the top of the operatortree are storedin their own piece.
Takentogether, thepiecescanbeusedto replacetheoriginal
tables. The storageoverhead,however, is the total sizeof
thebasetablesusedduringqueryprocessing.Theoverhead
for tuple insertscanbe reducedusing the knowledgethat
no integrity checkingis needed.Thetransactionprocessing
overheaddueto moving tuplesaroundcan,however, notbe
ignored.A similartechniquecanbeappliedto theY, ^ and
Wcrackers.

3.4.2 Crackers in an Extensible DBMS

A crackingschemecanalsobe implementedin anextensi-
ble DBMS asa new acceleratorstructure.We provide de-
tails for onesuchsystem.
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TheMonetDB2, developedatCWI, isourmajorplatform
for experimentationin coredatabasetechnologies.It is built
arounda storagestructurefor binary relationsonly, called
Binary AssociationTables(BATs) [BMK00]. Thephysical
structureof a BAT is shown in Figure7. It is a contigu-
ousareaof �x ed-lengthrecordswith automaticallymain-
tainedsearchaccelerators.Variablelengthelementsarecol-
lectedin separatestorageareas,calledtheheaps.New ele-
mentsareappendedandelementsto be deletedaremoved
to the front until transactioncommit. TheBATs aremem-
ory mappedfrom diskandthememorymanagementunit of
thesystemis usedto guaranteetransactionisolation.

N-ary relationaltablesaremappedby MonetDB's SQL
compilerinto aseriesbinarytableswith attributeshead and
tail of typebat[oid,t pe], whereoid is thesurrogatekey
andt pe the type of the correspondingattribute. For more
detailssee:[BMK00, MBK02].

Thecrackingalgorithmsarecollectedinto auserde�ned
extensionmodule,which can be moved transparentlybe-
tweenthe SQL compiler and the existing kernelby over-
loading the key algebraicoperators: select, join, and
aggregate.

The X cracker algorithm takes a value-rangeand per-
formsashuf�e-exchangesortoverall tuplesto clusterthem
accordingto their tail value.Theshuf�ing takesplacein the
original storagearea,relying on thetransactionmanagerto
notoverwritetheoriginaluntil commit.

With thedataphysicallystoredin a singlecontainer, we
canalsouseMonetDB'scheapmechanismto sliceportions
fromit usingaBAT view. A BAT view appearsto theuseras
anindependentbinarytable,but its physicallocationis de-
terminedby arangeof tuplesin anotherBAT. Consequently,
the overheadincurredby catalogmanagementis lessse-

2MonetDB, an opensource DBMS http://www.monetdb.com

vere. The MonetDB BATviews provide a cheaprepresen-
tationof thenewly createdtable. Their locationwithin the
BAT storageareaandtheir statisticalpropertiesarecopied
to thecracker index. Of course,only piecesthatneedto be
crackedareconsidered.

The ^ cracker algorithmis a slight modi�cation of the
existing join algorithms. Insteadof producinga separate
tablewith the tuplesbeingjoin-compatible,we shuf�e the
tuplesaroundsuchthat both operandshave a consecutive
areawith matchingtuples. TheWoperationcanbe imple-
mentedasa variationof theX cracker.

The researchchallengeon the tableis to �nd a balance
betweencrackingthe databaseinto pieces,theoverheadit
incurs in termsof cracker index management,queryopti-
mization,andqueryevaluationplan.Possiblecut-off points
to considerarethedisk-blocks,beingtheslowestgranular-
ity in the system,or to limit the numberof piecesadmin-
istered. If the cracker dictionaryover�ows, piecescanbe
mergedto form largerunitsagain,but potentiallydefeating
thebene�t of ignoringunwantedtuplesaltogether.

Findinganswersto thesequestionscall for a laboratory
settingto studythe contribution of the designparameters.
Therefore,we have formulateda multi-query benchmark
generationkit, introducedbelow. It canbeusedin a much
widersettingto studyprogressin multi-queryoptimization.

4 Application areas

Theapplicationareasforeseenfor databasecrackingare
datawarehousesandscienti�c databases.Datawarehouses
provide thebasisfor datamining,which is characterizedby
lengthlyquerysequenceszoominginto aportionof statisti-
cal interest[BRK98].

In thescienti�c domain,thedatabasesmaybecomposed
of a limited numberof tableswith hundredsof columns
andmulti-million rows of �oating point numbers.For ex-
ample,the tableskeeptrack of timed physicaleventsde-
tectedby many sensorsin the�eld [SBN+ 99]. In addition,
the databasecontainsmany derived tables,e.g. to repre-
sentmodel�tting experiments.It is toppedwith a version
schemeto keeptrackof thelineageof thetablesbeingman-
aged. In practice,a coarse-grainfragmentationstrategy is
usedto breakup a terabytedatabaseinto piecesof a few
tensof gigabyteseach.

For studyingdatabasecrackers,we stepaway from ap-
plicationspeci�cs andusea generic,re-usableframework.
The spaceof multi-querysequencesis organizedarounda
few dimensionsbasedon idealisticuserbehavior. Within
this setting,we distinguishbetweena homerun, a hiking,
anda strolling userpro�le. They are introducedin more
detailbelow.

Homeruns

Thehomerun userpro�le illustratesa userzoominginto
a speci�c subsetof sN tuples,usinga multi-stepqueryre-
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�nement process. It representsa hypotheticaluser, who
is able to consistentlyimprove his query with eachstep
taken,suchthathereacheshis �nal destinationin precisely
k steps(thelengthof thequerysequence).Zoomingpresup-
poseslackof apriori knowledgeaboutthedatabasecontent,
which leadsto initially ill-phrasedqueries.

Therearemany waysto modelthisconvergenceprocess.
In our benchmark,we considerthreeextremecases:linear,
logarithmic,andexponentialconvergence.Undera linear
convergencemodel, a useris consistentlyable to remove
a constantnumberof tuplesfrom an intermediateanswer
to reachhis goal. Theselectivity factorat eachstepof the
sequencecanbedescribedby aselectivity distributionfunc-
tion r (i,k,s), which in this caseproducesa subsetof size
(1 � i(1 � s)/k)N tuplesat the i-th stepin the query se-
quence.

A morerealisticscenariois asequencewhere,in theini-
tial phase,thecandidatesetis quickly trimmedandwhere,
in the tail of the sequence,the hard work takes placeby
�ne-tuning the queryexpressionto precisely�t the target
set.This scenariocanbemodeledwith anexponentialdis-
tribution function: r (i,k,s) = s + (1� s)e� (1� s)/2ki2.

The complementarycaseis a logarithmic distribution
function, where the quick reductionto the desiredtarget
takesplacein the tail of thesequence.This is modeledby
thefunctionr (i,k,s) = 1� (1� s)e� (1� s)/2(k� i). Thebe-
havior of thesemodelsis illustratedin Figure8.

The homerun modelsa sequenceof rangere�nements
andamonotonouslyreducinganswersets.It modelsacase,
wherethe useralreadyhasknowledgeof the whereabouts
of thetargetset,but needsto �ne-tune theparametersfor its
retrieval.

Hiking

In many sessions,though,discovering attributesof in-
terestis an integral part of the job. This meansthata user
will explore not only differentrangeselectionson a �x ed
attributeset,but will try out differentattributesor navigate
throughjoin relationshipsinspiredby thedatabaseschema.

It alsooccursin situationswherethe databaseis continu-
ously�lled with stream/sensorinformationandtheapplica-
tion hasto keeptrack or localizeinterestingelementsin a
limited window.

In thehiking pro�le, we assumethatsuchshiftsin focus
arenot random.Instead,theanswersetsof two consecutive
queriespartly overlap.They steerthesearchprocessto the
�nal goal. We assumethatour idealuseris ableto identify
ateachsteppreciselysN tuples,whichalignswith aninter-
actionsequencedrivenby samplingandtop-nqueries.The
overlapbetweenanswersetsreaches100%at theendof the
sequence.Theselectivity distribution functionscanbeused
to de�ne overlapby d(i,k,s) = r (i,k,0).

Strolling

Thebaseline for amulti-querysequenceiswhentheuser
hasno cluewhereto look for speci�cally. He samplesthe
databasein variousdirectionsusing more or lessrandom
stepsuntil hestumblesupona portionthatcanbeexplored
furtherwith ahomerun or hiking strategy.

In this situation,we only assumeultimately retrieving
sN tuplesfrom thedatabase.Thereis no zoomingbehav-
ior andthereis no explorationof thenavigationalsemantic
structure.

The selectivity function shown in Figure8 canbe used
to generatemeaningfulsequences.A convergencesequence
canbegeneratedusingthe i-th selectivity factorto selecta
randomportionof thedatabase.Alternatively, we canuse
the function asa selectivity distribution function. At each
stepwe draw a randomstepnumberto �nd a selectivity
factor. Pickingmaybewith or without replacement.In all
cases,thequeryboundsof the valuerangearedetermined
at random.

Multi-Query Sequences

Thedatabasesusedfor experimentationaregeneratedby
theDBtapestryprogram.The outputof this programis an
SQL script to build a table with N rows and a columns.
Thevaluein eachcolumnis a permutationof thenumbers
1..N.SQLupdatescanbeusedto mold thetapestrytableto
createonewith the datadistributionsrequiredfor detailed
experimentation.

Thetapestrytablesareconstructedfrom asmallseedta-
ble with a permutationof a small integer range,which is
replicatedto arrive at the requiredtablesize,and, �nally ,
shuf�ed to obtaina randomdistributionof tuples.

The dimensionsfor multi-query sequencesagainstthe
tapestrytablecanbecombinedin many ways,givingalarge
spaceto pick from. This spacecanbeconciselyde�ned as
follows:

DEFINITION The querysequencespacecanbe charac-
terisedby thetuple

MQS(a,N,k,s , r ,d) (2)



wherea denotesthetablearity
N thecardinalityof thetable
k thelengthof thesequenceto reachthetargetset
s theselectivity factorof thetargetset
r theselectivity distribution functionr (i,k,s)
d thepair-wiseoverlapasa selectivity factoroverN

A studyalongthedifferentdimensionsprovidesinsight
in theability of aDBMS to copewith andexploit thenature
of suchsequences.For theremainderof this paper, we use
thesearchspaceto assessourcrackingapproach.

5 Experimentation

A crackingapproachis of interestif andonly if its em-
beddingwithin maturerelationalsystemsis feasibleper-
formancewise. Although the necessarydata structures
andalgorithmscanreadily be pluggedinto mostarchitec-
tures,it is unclearwhetherthe envisionedbene�ts arenot
jeopardizedby �x ed overheadof fragmentmanagement
or otherglobal databasemanagementtasks. To obtainan
outlook on the global bene�ts, we conducteda seriesof
experimentsagainstPostgreSQL[Pos], MySQL[MyS], and
MonetDB[Mon]. The former two are open-sourcetradi-
tional n-ary relationalengines,while MonetDB's designis
basedon thebinaryrelationalmodel.

For thepreliminaryexperiments,weusedatapestrytable
of varioussizes,but with only two columns.It is suf�cient
to highlight theoverheadsincurredandprovidesa baseline
for performanceassessment.

In Section5.1,we introduceanapproachfor SQL based
systems.For extensibledatabasesit maybepossibleto in-
troducea new module. This is illustratedusingMonetDB
in Section5.2.

5.1 Crackers in an SQL Environment

To peekinto the future with little cost,we analyzethe
crackersusinganindependentcomponentat theSQL level
usingthedatabaseengineasablackbox. To illustrate,con-
sideradatabasewith therelationaltable:

create table R( k integer, a integer);

A X cracker attr q constant breaksit into two pieces.
As SQL doesnotallow usto movetuplesto multiple result
tablesin onequery, we have to resortto two scansover the
database.

select into frag001
r.k, r.a from r where pred(r.a);

select into frag002
r.k, r.a from r where not pred(r.a);

The costcomponentsto considerare: i) creationof the
cracker index in the systemcatalog,ii) the scansover the
relation and (iii) writing eachtuple to its own fragment.

This involvesrudimentarydatabaseoperations,whoseper-
formanceis alreadysummarizedin Figure1. They illus-
trate that materializationof a temporarytable in a DBMS
involvesa sizableoverhead.It rangesfrom 40 to 1200ms
per table. On top of this, the DBMS needsanywherebe-
tween3 to 250 ms/10000tuplesto evaluatethe predicate
andcreatethetuplecopy.

For example,considera querywith a selectivity of 5%
ran againstMySQL anddelivering the information to the
GUI. Suchaquerywouldcostin thisdatabasesetuparound
0.5second.Storingthesameinformationin a temporaryta-
bleaddsanother1.5seconds.This is notall, becausecrack-
ing requirestheoriginal tableto bebrokeninto two pieces,
effectively raisingthetotal responsetime to around10 sec-
onds. The investmentof 9.5 secondsduring this cracking
stepis hardto turn into a pro�t usinglessscancostin the
remainderof thesequence.To put it in perspective,sorting
thetableon this attributealonetookabout250seconds.

Thesimulationof theY, ^ andWoperatorsin anSQL
settingrequiremultiplescansaswell.

During result construction,the pieceslocalized in the
cracker index shouldbecombinedto producetheresultta-
ble. This requiresfast tableunionsandjoin operationsto
undoX and^ cracking.Sincecrackingmayproducemany
tableswith justa few attributesandafew tupleslinkedwith
surrogatekeys,wehaveto rely ontheDBMS capabilitiesto
handlelargeunionexpressionsandlongforeign-key join se-
quencesef�ciently to constructthe resulttables.Although
join algorithmsand join optimizationschemesbelong to
the most deeplystudiedareas,an experimentagainstour
databaseclearlyshoweda bottleneckwhencrackingis de-
ployedin a traditionalcontext.

For example,considerthe relationaltableabove, com-
prisedof only two columnsandjustamillion elements.The
tuplesform randomintegerpairs,whichmeanswecan'un-
roll' thereachabilityrelationusinglengthlyjoin sequences.
We testedthe systemswith sequencesof up to 128 joins.
Theresultsareshown in Figure9. It demonstratesthat the
join-optimizercurrentlydeployed(too) quickly reachesits
limitationsandfallsbackto adefaultsolution.Theeffect is
anexpensive nested-loopjoin or evenbreakingthesystem
by runningoutof optimizerresourcespace.

Thepracticalconsequenceis thatcrackingin oldersys-
temsis con�ned to tablesbreakingit up in just a smallcol-
lectionof verticalfragments.Otherwisethejoin implemen-
tationbecomesa standin theway to gluethepartialresults
together. A notableexceptionis MonetDB,which is built
aroundthenotion of binary tablesandis capablehandling
suchlengthlyjoin sequencesef�ciently .

Taken into accounttheseperformance�gures and the
baselinecostof primitive operators,it doesnot seempru-
dentto implementa cracker schemewithin thecurrentof-
ferings. Unlessoneis willing to changethe inner-mostal-
gorithmsto cutdown theoverhead.
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5.2 Crackers in MonetDB

A cracker module has been implementedto assess
whetherthecoststructureencounteredat theSQLlevel can
becountered.ThemoduleimplementstheX and^ crack-
ers and relies on the systemsef�cient memory manage-
mentschemeto guaranteetransactionsafetyduringcrack-
ing. The cracker index is organizedas a decoratedinter-
val tree. Eachtablecomeswith its own cracker index and
they are not saved betweensessions.They are pure aux-
iliary datastructuresto speedupprocessingof queriesover
selectedbinarytables.

The initial experiments reported here were targeted
at converging query sequencesusing both homerun and
strolling strategies.

Homeruns

A crackingstrategy is expectedto work bestwhena multi-
querysequencezoomsinto a targetsetandwhereanswers
to previousquerieshelp to speedupprocessing.Figure10
is an illustrative result we obtainedusing the multi-query
benchmark.It illustratesthetotal responsetime for a linear
homerunsequenceof k (<128)steps.Theselectivity factor
indicatesthetargetsizeto reachafterthosesteps.Thetime
for both with andwithout crackingsupportis shown. The
lattermerelyresultsin multiplescansover thedatabaseand
any performancegain is an effect of a hot table segment
lying aroundin theDBMS cache.

Thelinesfor crackingindicateits adaptivebehavior. Af-
ter a few stepsit outperformsthetraditionalscansandulti-
matelyleadsto a total reductiontime of a factor4. Undera

crackingstrategy theresponsetimesfor theindividualsteps
alsoquickly reduce.It providesa responsetime of a nearly
completelyindexedtable.

Strolling

Thebaselinetestis to simulatea randomwalk throughthe
database,i.e. the user (or multiple users)�re selection
queriesagainstthedatabasewithoutevidentintra-queryde-
pendencies.Figure11is anillustrativeexamplefor thecase
wherewe usethe selectivity distribution function to con-
verge to a desiredtarget sizeof 5%. Sequencesup to 128
stepsareexecutedandcomparedagainstthe non-cracking
approach,andthe situationwherein the �rst stepwe sort
thetablefor fastlookup.

The resultscon�rm the performanceimprovementover
non-cracking.It alsoshowsthatcrackingis aviablealterna-
tiveto sorting(or secondaryindex construction)if thenum-
berof queriesinterestedin theattributeis ratherlow. Invest-
mentin anindex becomespro�table performancecost-wise
whenthequerysequenceexceeds100stepsandrandomly
browsesthedatabase.

6 Related Research

Thecrackerapproachis inspiredby techniquesfrom dis-
tributeddatabaseresearch[OV91], partialindexing [SS95],
andclusteredindices.

From distributeddatabases,we take derived-horizontal
andverticalfragmentationto crackthedatabaseintosmaller
pieces. The crackingscheme,however, is not a one-time
action.It is performedcontinuouslyandproducesirregular



fragmentsuponneed.Thedatabasepartitioningschemeis
a byproductof eachquery. Their lineageis madeavailable
for dynamicadjustmentsandcontinualreorganizations.

Modern researchin distributed databases,e.g. sensor
networks and P2Psystems,tend to extrapolatethe tradi-
tional DDBMS designrouteswherea pro�le of interestis
translatedinto adviceon cachingand locality of informa-
tion. Thebalancedpro�les of multiple usersarede�ned by
theDBA usinga powerful descriptionlanguage[CGFZ03].
In a cracking scheme,the equivalent to pro�les are the
queriesbeing�red andresourcebalancingtakesplacecon-
tinuously.

Even in non-distributed systems,partitioning large ta-
bles hasbecomean important techniqueto reduceindex
maintenanceandto improvedqueryresponsiveness.For ex-
ample,MySQL, DB2 andOracleadvicetheDBA to spec-
ify range-partitionedtablesfor large datawarehouses.The
cracker schemeextendsthis practiceusinga cracker index
de�ned implicitly by queryuse,ratherthenby intervention
of aDBA.

A secondsourceof inspiration camefrom partial in-
dices,an arealargely neglectedin databaseresearch.Al-
ready in 1989, Stonebraker identi�ed the opportunity to
incrementallybuilt/maintainan index aspart of the query
executionphase[Sto89]. The techniquehasbeenimple-
mentedin Postgres,but appearshardly ever used. The
prospectsof partialindexing hasbeenstudiedby Sheshadri
andSwami using a simulationtool in [SS95]. It demon-
stratesconvincingly thepotentialfor improvedperformance
andlowermaintenancecostunderawide varietyof param-
etersettings.However, theupfrontknowledgerequiredare
databasestatisticsanda workload. The cracker index can
beconsidereda partial index; it is built aspartof accessing
portionsof interest. It follows the ideaof partial indexing
by shifting thecostof maintenanceto thequeryuser.

Clusteringtupleshaslong beenan importanttechnique
to achieve high performance.Tupleswithin a singlerela-
tion are groupedtogetherusing a cluster index, but also
tuplesfrom different tablesmay be clusteredin the same
disk pageto speedupforeign-key joins. An interestingap-
proachin this directionis presentedin [Gra03], wherethe
B-treestructureis extendedto supportdynamicreorganiza-
tion. It might provide thepropersettingto experimentwith
thecrackersin a commercialsystem.The implementation
of theMonetDBcrackermoduledynamicallyclusterstuples
within thesametablespace.Theexperimentssofararecon-
�ned to range-basedclusteringandthecracker index binds
thefragmentstogetherinto aninterval treestructure.Clus-
teringsigni�cantly reducesthe IO costandis known to be
effectivein amain-memory/cachesettingaswell [MBK02].

A solution to index selection,clusteringand partition
is addressedby emerging toolkits, such as DB2 Design
Advisor [ZLLL01], Microsoft DatabaseTuning Advisor
[ACK+ 04], and Oracle's SQL Tuning Advisor[Ora03].
They work from thepremisesthatthefutureaccesspattern
can be predictedfrom the pastor from a mock-upwork-

load.For mostapplicationsettingsthisseemstheright way
to go. Thecrackingapproachis advocatedfor thedecision
supportandscienti�c database�eld, whereinterestin por-
tionsof thedatabaseis adhoc,localizedin time,andmostly
unpredictable.Thedatabasesize,bothin termsof attributes
andtuples,precludescreationof many indices. Moreover,
theclientstypically �ock arounda portionof thedatabase
for a limited period,e.g. thereadingsfrom multiple scien-
ti�c devicesfor a starin ourgalaxy.

7 Summary and future research

To achieve progressin databasesystemsresearchcalls
for challengingestablishedimplementationroutes,e.g. by
studyingnew designparameterconstellations. The chal-
lengeput on the tablehereis: Let the query users pay for
maintaining the access structures. Its realizationis theno-
tion of databasecracking, wherea queryis �rst interpreted
asarequestto breakthedatabaseinto piecesorganizedby a
crackerindex. After crackingthedatabasethequeryis eval-
uatedusingordinary(distributed)queryoptimizationtech-
niques.

Thecrackermodelleadsto asimple,adaptiveaccelerator
structurewith limited storageoverhead.Theportionof the
databasethatmattersin a multi-querysequenceis coarsely
indexed. Only by moving outsidethis hot-set,investments
areneeded.

The cracker approachextendstechniquesdevelopedin
the context of distributeddatabases.However, thesetech-
niqueshavenot(yet)beenused— asfarasweareaware—
to its extremeasproposedherefor managingthedatabase
in a centralsetting.

The basicexperimentson traditionalrelationalsystems
show that the crackingoverheadis not neglectable.To be
successful,thetechniqueshouldbeincorporatedat thelevel
whereindex structuresarebeingmaintained.Moreover, a
main-memorycatalogstructureseemsneededto reducethe
largeoverheadotherwiseexperiencedin maintaininga sys-
temcatalog.

As thedatabasebecomescracked into many pieces,the
queryoptimizeris in abetterpositionto discardportionsof
nointerestfor evaluation.A laboratorybenchmarkhasbeen
de�ned to pursuedetailedperformancestudies. Focused
multi-querysequences,typically generatedby datamining
applications[BRK98], in particularbene�t from cracking.

Usingdatabasecrackingastheleadingforceto improve
performancein querydominantenvironmentcallsfor many
more in depthstudies. The experimentsreportedindicate
opportunitiesfor novel queryoptimizationstrategies,com-
plementaryto materializedviews currentlybeing the pre-
dominantrouteto supportmulti-querysequences.The di-
minishing return on investmentas the cracker index be-
comestoolargecallsfor heuristicsor learningalgorithmsto
fusepiecestogether. Finally, databasecrackingmayproof
a soundbasisto realizeself-organizingdatabasesin a P2P
environment.
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