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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 aqueryprocessois to touchonly
thosetuplesin the databasehat matterfor the production
of the queryanswer This ideal cannotbe achieved easily
becausét requiresupfront knowledgeof the users query
intent.

In OLTP applications,all imaginabledatabasesubsets
are consideredof equalimportancefor query processing.
Thequeriesmostlyretrieve just afew tupleswithout statis-
tically relevantintra-dependencie&.his permitsa physical
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databaselesigncenteredaroundindex acceleratorgor in-
dividual tablesandjoin-indicesto speedup exploration of
semantianeaningfullinks.

In decisionsupportapplicationsandscienti ¢ databases,
however, it is a priori lessevidentwhatsubsetarerelevant
for answeringhe -mostly statistical-queries.Queriestend
to be ad-hocandtemporarilylocalizedagainsta small por-
tion of the databasesDatawarehousegechniquessuchas
star andsnav ak eschemaandbit-indices,aretheprimary
toolsto improve performancgRaf03.

In both domains,the ideal solutionis approximatedoy
a careful choice of auxiliary informationto improve nav-
igation to the databasesubsetof interest. This choiceis
commonlymadeupfrontby the databas@dministratorand
its propertiesaremaintainedduring every databaseipdate.
Alternatively, anautomatidndex selectiortool mayhelpin
this procesghroughanalysisof the (anticipated)work load
on the system[ZLLLO1, ACK* 04]. Betweensuccessie
databaseeomanizationsa queryis optimizedagainstthis
staticnavigationalaccesstructure.

Sincethe choice of accessstructuresis a balancebe-
tweenstorageand maintenanceverheadgvery querywill
inevitably touchmary tuplesof no interest. Although the
accesstructure®ftenpermitapartial predicateavaluation,
it is only after the completepredicateevaluationthat we
know which accessvasin vain.

In this paperwe explore a differentroute basedon the
hypothesighat accessnaintenancehouldbe a byproduct
of queryprocessingnot of updates A queryis interpreted
asbotharequesfor a particulardatabassubsetandasan
adviceto crack the databasetoreinto smallerpieces aug-
mentedwith anindex to accesshem.If it is unavoidableto
touch Una-interestinguplesduring query evaluation,can
we usethatto prepareor a betterfuture?

Toillustrate,considemsimplequerysel ect * fromR
where R a <10 anda storageschemethat requiresa full
tablescanj.e. touchingall tuplesto selectthoseof interest.
The resultproducedin mostsystemss a streamof quali-
fying tuples. However, it canalsobe interpretedasa task
to fragmentthe tableinto two pieces,.e. apply horizontal
fragmentation.This operationdoesnot comefor free, be-
causethe new table incarnationshouldbe written backto
persistenstoreandits propertiesstoredin the catalog.For
example theoriginaltablecanbereplacedy a UNION TA-



BLE [MyS] or partitionedtableoverall its piecesin Oracle,
DB2,andMicrosoft SQL-Senrer. Thesubsequergueryop-
timizer stepnow hasto dealwith afragmentedable.

Thekey questionis why this seeminglysimpleapproach
hasnotbeenembracedPossibleanswersre:theoverhead
of continuouscrackinga tableis utterly expensve, the cat-
alog of piecesandtheirrole in queryplangeneratioreads
to an explosionin the searchspaceandthereis no refer
encebenchmarko studyits effectin amulti-queryscenario
underlaboratoryconditions. Although databasealevelop-
ers' wisdommay indeedpoint into the right direction for
existing databassystemspurresearchnto next generation
kernelscallsfor exploring new territories.

This papers contributionsarethreefold:(i) it introduces
a databaserganizationschemebasedon cracking, (ii) it
introducesamulti-querybenchmarko analyzethecracking
schemeand (iii) evaluatesa prototypeimplementationof
thekey algorithms.

The experimentsarerun againsbout-of-the-boxversions
of a few open-sourcedatabases. The results provide a
glimpseof the conditionsto make crackinga successand
the bottlenecksencounteredn current DBMS offerings.
Theprospecbf embeddingrackingin adatabasé&ernelis
furtherstudiedin the context of MonetDB[Mon]. Although
this systemtakesan off-beatapproacho physicalorganize
the databasendits processingit illustratesthe potentials
in a softwareareawe control.

The remainderof this paperis organisedasfollows. In
Section2, we scoutthe notion of database&raclersin the
contet of the lowestdenominatoof databaseccessi.e.
tablescans.The cracler algorithm,administrationandop-
timization issuesarereviewed in Section3. Section4 in-
troducesa characterisatioof multi-query streamdor per
formanceavaluations An initial performanceutlookusing
open-sourcélatabassystemss givenin Section5.

2 Cracking the Database Store

The departurdakento investin databaseeomanization
in thecritical pathof ordinaryqueryprocessings basedn
a small experimentdescribedn Section2.1. An outlook
on the performancechallengein long query sequencess
presentedn Section2.2

2.1 Table Scans

Tablescandorm thelowestaccessevel of mostdatabase
kernels. They involve a sequentiareadof all tuplesfol-
lowed by predicateevaluation. The quali ed tuples are
moved to a resulttable, passednward to the next opera-
tor in a query evaluationpipeline, or sentto a GUI. The
expectedgrossperformances easyto predict. The source
operandhasto be readonce,and the fragmentof interest
hasto be written backto persistenstore(or shippedto the
applicationfront-end).

For a querywith selectvity factors andtablesizeof N
tuples,we know that(1 s) N tuplesdo not contritute to
the nal result. Unfortunately to know which tuplesdis-
qualify, the predicatehasto be evaluatedagainsteachtuple

rst. This raisesthe questionat how muchadditionalcost
couldwe retainthis informationby concurrentlyfragment-
ing thetableinto piecesandbuilding a catalogof tablefrag-
ments.An experimentagainsiexisting systemsgprovidesan
outlookof interestfor theremainder

ConsidematableR[int,int] with 1 M tuplesagainsihich
we re asequencef rangequeries

INSERT INTO newR

SELECT * FROM R WHERE R.A>=low AND R.A< high
with varying selectvity. Figure1 illustratesthe response
time encounteredor (a) materializationinto a temporary
table, (b) sendingthe outputto the front-end,and (c) just
countingthe qualifying tuples! Aside from very smallta-
bles,the performancef materializatioris linearin the size
of the fragmentselected;a key obsenation usedin most
cost-modeldor queryoptimization. For large tablesit be-
comedinearin thenumberof disk 1Os.

The performancegures alsohighlight the relative cost
of the basicoperations.Storingthe resultof a queryin a
new systemtable(a) is expensve, asthe DBMS hasto en-
suretransactiorbehavior. Sendingit to the front-end(b) is
alreadyfasteralthoughthesystemsehae quitedifferently
onthis aspectFinally, thecostof nding qualifyingtuples
itself (¢) is cheapin somesystems.

Thesedifferencesare crucial in pursuingthe cracking
approach. It alreadyindicatesthat the maminal overhead
for writing a reomganizedablebackinto the databasastore
might be acceptableor relatively low selectvity factors
whentheresulthasto be deliveredto thefront-endanyway.
Corverselyif thequeryis only interestedn acountof qual-
ifying tuples,it doesnot make senseo storethe fragment
atall. Thesystemcatalogmaintenancevould betoo high.

Furthermorewhenseenfrom the perspectre of asingle
guerywith low selectvity factor oneis not easilytempted
to repartitionthetablecompletelyaperformancelropof an
orderof magnitudemaybetheresult. A simpleexperiment
sufces to reconsidethis attitude.

2.2 An Outlook

Assumethatwe are confrontedwith anapplicationthat
continuously res rangequeries.Hundredsof themareis-
suedn rapidsuccessioandeachquerysplitsthefragments
touchedaspart of the process.The catalogsystem— sup-
ported by an in-memory datastructure— keepstrack of
themasa partitionedtable. With time progressinghe re-
trieval speedvouldincreasalramaticallyandthe perquery

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

overheaddwindlesto a smallfraction. In essencethis pro-
cesdgs anincrementabuildup of asearchacceleratqrdriven
by actualqueriesratherthan databaseipdatesand guide-
lines given by a DBA. With properengineeringthe total
CPUcostfor suchanincrementakchemas in the sameor-
der of magnitudeas sorting, plus the catalogmaintenance
cost.

Theactualperformancémpactof thiscontinualdatabase
reomganizationstrongly dependson the databasevolatility
andquerysequenceFor afull tablescanwe needN reads
and sN writes for the query answer Furthermore,in a
cracler approachwe may have to write all tuplesto their
new location, causinganother(1 s)N writes; aninvest-
mentwhichis possiblyhardto turnto our advantage.

A small-scalesimulationprovidesthefollowing outlook.
Considera databaseepresenteds a vectorwherethe el-
ementsdenotethe granuleof interest,i.e. tuplesor disk
pages. From this vectorwe draw at randoma rangewith
x eds andupdatethe craclerindex. During eachstepwe
only touch the piecesthat shouldbe cracled to solve the
query

Figure 2 illustratesthe fractional overheadin termsof
writesfor variousselectvity factorsusinga uniform distri-
bution and a query sequencef up to 20 steps. Selecting
afew tuples(1%) in the rst stepgenerates sizableover
head because¢hedatabasés effectively completelyrewrit-
ten. However, alreadyafteraquerysequencef 5 stepsand
a selectvity of 5%, the writing overheaddueto cracking
hasdwindledto lessthantheanswersize.

Figure3 illustratesthecorrespondingiccumulatedver-
headin termsof bothreadsandwrites. The baseling=1.0)
istoreadthevector Abovethebaselineve havelostperfor

mance pelown the baselinecrackinghasbecomebene cial.
Obsenethatthe break-&enpointis alreadyreachedftera
handfulof queries.

An alternatve strateyy (and optimal in read-only set-
tings) would be to completelysort or index the table up-
front, which would requireNlog(N) writes. This invest-
mentwould be recoveredafter log(N) queries. Beware,
however, thatthis only worksin thelimited casewherethe
guerysequencelters againstthe sameattribute set. This
restrictiondoesnotapplyto cracking whereeachandevery
queryinitiatesbreakingthe databaséurtherinto (irregular)
pieces.

Theexperimentraisesanumberof questionsWhatkind
of applicationscenariosvouldbene t from thecrackingap-
proach?How canthe processingverheadof crackingin a
realDBMS bereducedWhatarethedecisive factorsin de-
ciding on theinvestmentdo be madeWhatarethe effects
of updateontheschemeroposed?And, nally, how does
the performancecompareto the moretraditionalapproach
of secondaryndex maintenancet thesequelwe canonly
addresgartsof thesequestionsleaving mary desirablee-
searchguestiondor thefuture.

3 A Database Cracker Architecture

In this section, we introduce the architectureof a
databaseracler component.lt is positionedbetweenthe
semanticanalyzerand the query optimizer of a modern
DBMS infrastructure.As such,it could be integratedeas-
ily into existing systemspr usedasa pre-processingtage
beforequeryprocessing.Section3.1 introducesa classof
databaseraclers,followedby thecraclerindex in Section
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3.2. In Section3.4, we sketchthe algorithmsneededn a
DBMS and, Section3.3 identi es the effect on the query
optimizerandplangeneration.

3.1 Cracker Concepts

Informally, databaseraclersarequerieshatbreakare-
lationaltableinto multiple,disjointpieces.They arederived
duringthe rst stepof queryoptimization,i.e. thetransla-
tion of an SQL statemeninto a relationalalgebraexpres-
sion. Without lossof generality we assumehata queryis
in disjunctive normalform andeachterm organizedasthe
expression:

Pao.....a%rpS pred(R1 Z R2...Rm 1Z R) 1)

Theselectionpredicatesonsiderediresimple(range)con-
ditionsof theform attr 2 [low, high] or attr q cst with q in
f<,<=,>,>=,=,1=g. Forsimplicity, the (natural-)join
sequencés ajoin-paththroughthedatabaseschemaTheg
operatordenotesanaggreategrouping(GROUP BY).

This representatiofy no meansimplies a query eval-
uationorder It formsthe basisto localize and extract the
databasecraclersonly. A traditional query optimizer is
calleduponin thesecondhaseof thequeryevaluationpro-
cesgo derive anoptimal planof action.

Theselectionpredicatesandprojectionlist form the rst
handlefor crackingthe database.lt hasbeenknown for
a long time, that they can be usedto constructa hori-
zontally/erticalfragmentedablefor distributedprocessing
[OV91]. Oncechosemroperly it will signi cantly improve
performancéoth usingparallelprocessingandbeingable
to early Iter tuplesof no-interesto aquery It is this latter
aspecive exploit.

Relationalalgebraoperationslike par (R), S pred(R), OF
R Z S, suggeshaturalandintuitive waysto split theirinput
table(s)into two fragmentseach,on containingthe "inter-
esting” tuplesand the other one the "non-interestingtu-
ples. A projectionpatiy (R), for instance suggestdo verti-
cally split a tablesuchthatonepiececontainsall attributes
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from the projectionlist attr, andthe otherone containsall
attributesof R thatarenotin attr. Likewise,a (natural)join
R Z S suggesto horizontallysplit eachtablein two pieces,
onecontainingall tuplesthat nd matchesn the otherre-
lation, anda secondhatcontainsall tuplesthatdo not nd
a matchin thejoin. Obviously, the pieceof eithertableis
simply made-ugby the semi-joinwith the othertable.

As discusseckarlier a selections preq(R) suggestso
horizontallysplit R into two pieceswherethe rst consists
of all tuplesthatful Il thepredicateandthenon-qualifying
tuples are gatheredin the secondpiece. For single-side
rangepredicateson only one attribute (attr g cst), there-
sulting piecesdo have the "nice” property that the values
of the selectionattribute form a consecutie rangewithin
eachpiece. However, this property getslost in caseof
point-selectiongattr q cst with q in f = ! = g) anddouble-
sided range predicatesattr 2 [low, high]. To re-gainthe
consecutie rangesproperty we proposea secondversion
a selection-crackinghat yields three pieces: attr < low,
attr 2 [low, high], andattr > high In this scenario,point-
selectionscan be viewed as double-sidedangeselections
with low=="high. Beware,thatthispropertyglobally holds
only for the rst crackingstepon a"vir gin” table. Oncea
tablehasbeencracked,subsequergelectiorcrackingmain-
tain the consecutienessonly locally within the previous
pieces.

Finally, group-by operationmerely producean n-way
partitioningbasedn singletonvalues.

This leadsto the following cracler de nitions for a
relational model and illustrated graphically for Y large
Diamond(R) in Figure4:

Y -cracking The crackingoperationY (patr (R)) over
ann-aryrelationR produceswo pieces

P1 = paitr(R),

P2 = Patr(r) atr(R)-

X-cracking The crackingoperationX(s preq(R)) over
an n-ary relation R producestwo piecesin caseof
pred attrgcst,q2f<,<=,>,>=9gP1= Sped(R),
P=s. pred(R);



andthreepiecesn caseof pred
P1= Satr<iow(R),

P2 = Satr2[1owhigh (R,

P3 = Shigh<attr(R).

attr 2 / <[low, high]

 -cracking Thecrackingoperatior (R Z S) overtwo
relationsproducedour pieces,

P1=RnS§,
P>= Rn(RnS),
P:= SnR,
Ps=Sn(SnR).

Weeracking ThecrackingoperationM gy pR) produces
acollectionf P, g, 2pgR " Sgrp='i (R).

All four craclersareloss-less, i.e.,the originaltablecan
bereconstructedrom the piecesgeneratedby eachcracler.
For X, ™, andWtheinverse of crackingis simply a union
of all pieces.For Y, we assuméhateachverticalfragment
includes(or is assignedp unique(i.e., duplicate-freeur
rogate(oi d), thatallows simplereconstructiorby meansof
anaturall:1-join betweerthesurrogate®f bothpieces.

3.2 Cracker Index

Cracking the databasento piecesshould be comple-
mentedwith informationto reconstrucits original stateand
resulttables whichmeansve haveto administethelineage
of eachpiece,i.e. its sourceandthe X, Y, or Woperators
applied.

This informationcanbe storedin the systemcatalog,as
it involvesa partitionedtable,or asa separat@ccesstruc-
ture. Theformerapproachdoesnot seenthe mostef cient
track, given the way a partitionedtableis administeredn
currentDBMS implementationsEachcreationor removal
of a partitionis a changeto the table’s schemaandcatalog
entries.It requiredocking acritical resourceandmayforce
recompilationof cachedqueriesandupdateplans.

Instead, we proposea cracler index, which for each
piecekeepstrack of the (min,max)boundsof the (range)
attributes,its size,andits locationin the databaseThelo-
cationis anew tableor aview overthetablebeingcracled.
The boundaryinformationis maintainedor all orderedat-
tributes. It is usedto navigatethe cracker index andit pro-
videskey informationfor the querycostmodel.
Considerthe querysequence:

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

Figure 5 illustratesthe cracler index produced. Rela-
tion R is brokeninto two piecesR[1] with R.a>= 10 and
R[2] with R.a<10tuples.In the next steptermR.a<5 lim-
its searchto just R[2] andonly R[4] is usedto initiate the
A cracler. R[6] andS[3] containthe elementghatwill join
on attribute k. Thelastquerynow hasto inspectboth S[3]

and S[4] becauseaothing hasbeenderived aboutattribute

b. Sincewe areinterestedn all attributes,crackingcauses
only two piecesin eachstep. Obsene that R canbe re-

constructiorby takingtheunionover R[1], R[3], R[5], and

R[6], andS usingS[5], s[6], s[7], andS[8].

The craclker index canbe representedsa global graph
datastructur@r organizedon a pertablebasis.Its sizecan
be controlledby selectvely trimming the graphapplying
theinverseoperatiorto thenodes.

Obserne that for crackingwe do not assumea priori
knowledgeof the query sequence.Eachtime a query ar
rives, it is validatedagainstthe cracler index andmay ini-
tiate a change. For all but simple queriesthis calls for a
dif cult decision,becausea relationalalgebraexpression
providesmary crackingoptions.An alternatve craclerin-
dex is shavn in Figure 6 wherethe X and” operationsn
thesecondjueryareinterchanged.

This phenomenortalls for a crackingoptimizerwhich
controlsthe numberof piecesto produce. It is asyet un-
clear if this optimizer shouldwork towardsthe smallest
piecesor try to retainlarge chunks.A plausiblestratey is
to optimizetowardsmary piecesin the beginningandshift
to the larger chunkswhenwe alreadyhave a large cracler
index.

Whatever the choice, the cracker index grows quickly
and becomesthe target of a resourcemanagementhal-
lenge. At somepoint, crackingis completelyovershad-
owed by cracler index maintenanceverhead.A foresee-
able track is to introducea separateprocessto coalesce
small piecesinto larger chunks,but which heuristicworks
bestwith minimal amountof work remainsanopenissue.

3.3 Optimizer Issues

The cracler stratgyy leadsto an explosionin the num-
ber of tablefragments. For example,a X cracler over an
ordereddomainbreaksa pieceinto threenew pieces. As
pieceshecomesmaller the chanceof beingbrokenup also
reducesFurthermorefor eachqueryonly the piecesatthe
predicatéboundarieshouldbeconsideredor furthercrack-
ing. Likewise,the” -cracler producegwo piecesfor each
operandnvolvedin ajoin. This meandfor a linear k-way
join 4(k 1) piecesare addedto the cracler index. The
W cracler addsanother2/9 piecesfor a groupingover g
attributes. Overall thesenumberssuggesta possibledis-
astrouseffect on an optimizer Especiallyif it builds a
completesetof alternatve evaluationplansto pick the best
stratgy upfront. We hypothesizehat an optimizerin the
cracler context hasan easierjob. This canbe seenasfol-
lows.

Theprimetaskof anoptimizeris to aligntheoperatorsn
suchaway thatthe minimal numberof intermediateesults
areproduced.Thecrackingindex helpshere,becauseach
guery sub-planwill be highly focusedon a portion of the
targetresultandinvolve mostly small tables. They hardly
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touchunwantedtuplesand,therefore heedonly be materi-
alizedwhenthe userretrievestheir content.

The X cracler effectively realizesthe select-push-dan
rewrite rule of the optimizer The piecesof interestfor
guery evaluation are all available with precisestatistics.
The” cracler effectively builds a semi-join-inde, split-
ting eachinput in two piecescontainingthosetuplesthat
nd amatchin thejoin, andthosethatdo not, respectiely.
The rst piececanby usedto calculatethejoin withoutcar
ing aboutnon-matchinguples,the secondpiece contains
the additionaltuplesfor an outerjoin. The W cracler clus-
tersthe elementsnto disjoint groups,suchthatsubsequent
aggreationand Itering aresimpli ed. Sincewe donotas-
sumeary additionalindex structure,the optimizer merely
hasto nd anefcient schemao combinethe pieces.Lo-
calizationcosthasdroppedto zero,dueto the cracler, and
the optimizercanfocuson minimizationof intermediatee-
sultsonly.

3.4 Cracking Algorithms

Ideally, the databasés cracked with minimal cpu cost,
and with minimal additional storageoverhead. Database
extensibility andpiggybackingon the queryevaluationare
the primetools consideredor this.

3.4.1 Crackersin aQuery Processor

Cracking can be usedin a corventional DBMS where it
takesthe form of continualdatareomganization,e.g. par
titioning decisionsat eachquerystep. Ratherthanrelying
uponthe help of a separatelatabasartitioningtool, one
couldpiggybackcrackingover normalqueryevaluationsas
follows.

Most systemsuse a Volcano-like query evaluation
scheme[Gra93. Tuplesare read from sourcerelations
andpassedip thetreethrough Iter -, join-, andprojection-
nodes.Thecraclerapproacttanbereadilyincludedin this
infrastructure.

The X-craclkercanbeputin front of a Iter nodeto write
unwantedtuplesinto aseparategiece.Thetuplesreaching
the top of the operatortree are storedin their own piece.
Takentogetherthepiecescanbeusedo replaceheoriginal
tables. The storageoverhead however, is the total size of
thebasetablesusedduringqueryprocessingTheoverhead
for tuple insertscan be reducedusing the knowledgethat
no integrity checkingis neededThetransactiorprocessing
overheaddueto moving tuplesaroundcan,however, notbe
ignored.A similartechniqueanbeappliedto theY , and
Wocraclers.

3.4.2 Crackersin an Extensble DBMS

A crackingschemecanalsobe implementedn anextensi-
ble DBMS asa new acceleratostructure.We provide de-
tails for onesuchsystem.
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TheMonetDPB?, developedatCWI, is ourmajorplatform
for experimentationn coredatabas¢echnologiesilt is built
arounda storagestructurefor binary relationsonly, called
Binary AssociationTables(BATs) [BMKO0O]. The physical
structureof a BAT is shown in Figure7. It is a contigu-
ousareaof x ed-lengthrecordswith automaticallymain-
tainedsearchacceleratorsvariablelengthelementsrecol-
lectedin separatestorageareascalledthe heaps.New ele-
mentsare appendedandelementdo be deletedaremoved
to the front until transactiorcommit. The BATs aremem-
ory mappedrom diskandthe memorymanagementinit of
the systemis usedto guaranted¢ransactiorisolation.

N-ary relationaltablesare mappedoby MonetDB's SQL
compilerinto aserieshinarytableswith attributeshead and
tail of typebat | oid, tpe] , whereoid is the surrogatekey
andtpe the type of the correspondingattribute. For more
detailssee:[BMKO0O, MBKO02].

Thecrackingalgorithmsarecollectedinto auserde ned
extensionmodule, which can be moved transparentlybe-
tweenthe SQL compiler and the existing kernel by over-
loading the key algebraicoperators: sel ect, j oi n, and
aggregate.

The X cracler algorithm takes a value-rangeand per
formsashufe-exchangesortoverall tuplesto clusterthem
accordingo theirtail value. Theshufing takesplacein the
original storagearea relying on thetransactiormanageto
notoverwritethe original until commit.

With the dataphysicallystoredin a singlecontainerwe
canalsouseMonetDB's cheapmechanisnto slice portions
fromit usingaBAT view. A BAT view appearso theuseras
anindependenbinarytable,but its physicallocationis de-
terminedby arangeof tuplesin anotheBAT. Consequently
the overheadincurred by catalogmanagemenis less se-

2MonetDB, an apensource DBMS http:/iwww.monetdb.com

vere. The MonetDB BATVviews provide a cheaprepresen-
tation of the newly createdable. Their locationwithin the
BAT storageareaandtheir statisticalpropertiesare copied
to thecraclerindex. Of course pnly piecesthatneedto be
crackedareconsidered.

The” cracler algorithmis a slight modi cation of the
existing join algorithms. Insteadof producinga separate
tablewith the tuplesbeingjoin-compatible we shufe the
tuplesaroundsuchthat both operandshave a consecutie
areawith matchingtuples. The W operationcanbeimple-
mentedasa variationof the X cracler.

Theresearctchallengeon the tableis to nd abalance
betweencrackingthe databasénto pieces,the overheadt
incursin termsof cracler index managementyuery opti-
mization,andqueryevaluationplan. Possiblecut-off points
to considerarethe disk-blocks beingthe slowestgranular
ity in the system,or to limit the numberof piecesadmin-
istered. If the cracler dictionary over ows, piecescanbe
meigedto form largerunitsagain,but potentiallydefeating
thebene t of ignoringunwantedtuplesaltogether

Finding answerdo thesequestionall for alaboratory
settingto studythe contrikbution of the designparameters.
Therefore,we have formulateda multi-query benchmark
generatiorkit, introducedbelow. It canbe usedin a much
wider settingto studyprogressn multi-queryoptimization.

4 Application areas

The applicationareadoreseerfor databaserackingare
datawarehouseandscienti ¢ databasesDatavarehouses
provide the basisfor dataminingwhichis characterizedyy
lengthlyquerysequencezoominginto a portionof statisti-
calinteres{BRK98].

In thescienti c domainthedatabasemaybecomposed
of a limited numberof tableswith hundredsof columns
and multi-million rows of oating point numbers.For ex-
ample, the tableskeeptrack of timed physicaleventsde-
tectedby mary sensorsn the eld [SBN* 99]. In addition,
the databasecontainsmary derived tables,e.g. to repre-
sentmodel tting experiments.It is toppedwith a version
schemedo keeptrackof thelineageof thetablesbeingman-
aged. In practice,a coarse-grairfragmentatiorstratgy is
usedto breakup a terabytedatabaseénto piecesof a few
tensof gigabytessach.

For studyingdatabaseraclers,we stepaway from ap-
plication speci cs andusea generic,re-usabldrameavork.
The spaceof multi-querysequencess organizedarounda
few dimensionsbasedon idealistic userbehaior. Within
this setting, we distinguishbetweena homerun, a hiking,
anda strolling userpro le. They areintroducedin more
detailbelow.

Homeruns

Thehomerun userpro le illustratesa userzoominginto
aspeci ¢ subsebf sN tuples,usinga multi-stepqueryre-
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nement process. It representsa hypotheticaluser who
is able to consistentlyimprove his query with eachstep
taken,suchthathereachedis nal destinatiorin precisely
k stepgthelengthof thequerysequence)Zoomingpresup-
posedack of apriori knawledgeaboutthedatabaseontent,
whichleadsto initially ill-phrasedqueries.

Therearemary waysto modelthis corvergenceprocess.
In our benchmarkwe considerthreeextremecasesiinear,
logarithmic,and exponentialcorvergence. Undera linear
corvergencemodel, a useris consistentlyable to remove
a constantnumberof tuplesfrom an intermediateanswer
to reachhis goal. The selectvity factorat eachstepof the
sequenceanbedescribedy aselectvity distributionfunc-
tion r (i,k,s), which in this caseproducesa subsewf size
(1 (1 s)/k)N tuplesat the i-th stepin the query se-
guence.

A morerealisticscenarids asequencevhere,in theini-
tial phasethe candidatesetis quickly trimmedandwhere,
in the tail of the sequencethe hard work takes place by
ne-tuning the query expressionto precisely t the tamget
set. This scenariccanbe modeledwith anexponentialdis-
tributionfunction:r (i,k,s) = s+ (1 s)e (& $)/2?

The complementarycaseis a logarithmic distribution
function, where the quick reductionto the desiredtarget
takesplacein thetail of the sequenceThis is modeledby
thefunctionr (i,k,s) = 1 (1 s)e (& 9)/2k ) Thebe-
havior of thesemodelsis illustratedin Figure8.

The homerun modelsa sequencef rangere nements
andamonotonouslyeducingansweirsets.lt modelsa case,
wherethe useralreadyhasknowledgeof the whereabouts
of thetargetset,but needd4o ne-tune theparameterfor its
retrieval.

Hiking

In mary sessionsthough, discovering attributesof in-
terestis anintegral part of the job. This meansthata user
will explore not only differentrangeselectionson a x ed
attribute set,but will try out differentattributesor navigate
throughjoin relationshipsnspiredby the databasechema.

It alsooccursin situationswherethe databases continu-
ously lled with stream/sensanformationandtheapplica-
tion hasto keeptrack or localizeinterestingelementsn a
limited window.

In the hiking pro le, we assumehatsuchshiftsin focus
arenotrandom.Insteadthe answersetsof two consecutie
gueriespartly overlap. They steerthe searchprocesgo the

nal goal. We assumehatour ideal useris ableto identify

ateachsteppreciselysN tuples,whichalignswith aninter-

actionsequencerivenby samplingandtop-nqueries.The
overlapbetweeranswersetsreached 00%attheendof the
sequenceTheselectvity distribution functionscanbeused
to de ne overlapby d(i,k,s) = r(i,k,0).

Strolling

Thebasdine for amulti-querysequencé whentheuser
hasno clue whereto look for speci cally. He sampleghe
databasén variousdirectionsusing more or lessrandom
stepsuntil he stumblesupona portionthatcanbe explored
furtherwith ahomerun or hiking strateyy.

In this situation,we only assumeultimately retrieving
sN tuplesfrom the databaseThereis no zoomingbeha-
ior andthereis no explorationof the navigationalsemantic
structure.

The selectvity function shavn in Figure8 canbe used
to generateneaningfukequencesA corvergencesequence
canbe generatedisingthei-th selectvity factorto selecta
randomportion of the database Alternatively, we canuse
the function asa selectvity distribution function. At each
stepwe drav a randomstepnumberto nd a selectvity
factor Pickingmay be with or without replacementin all
casesthe queryboundsof the valuerangeare determined
atrandom.

Multi-Query Sequences

Thedatabasessedfor experimentatioraregeneratedy
the DBtapestryprogram. The outputof this programis an
SQL scriptto build a tablewith N rows anda columns.
Thevaluein eachcolumnis a permutationof the numbers
1..N. SQL updatesanbe usedto mold thetapestrytableto
createonewith the datadistributionsrequiredfor detailed
experimentation.

Thetapestrytablesareconstructedrom asmallseeda-
ble with a permutationof a small integer range,which is
replicatedto arrive at the requiredtable size,and, nally,
shufed to obtainarandomdistribution of tuples.

The dimensionsfor multi-query sequencesigainstthe
tapestntablecanbecombinedn mary ways,giving alarge
spaceto pick from. This spacecanbe conciselyde ned as
follows:

DEFINITION The querysequencepacecan be charac-
terisedby thetuple

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



wherea denoteghetablearity

N the cardinalityof thetable

k thelengthof thesequencéo reachthetargetset
s theselectvity factorof thetargetset

r theselectvity distributionfunctionr (i k,s)

d the pair-wise overlapasa selectvity factoroverN

A studyalongthe differentdimensiongprovidesinsight
in theability of aDBMS to copewith andexploit thenature
of suchsequencesr-or the remainderof this paper we use
thesearchspaceto assessur crackingapproach.

5 Experimentation

A crackingapproachis of interestif andonly if its em-
beddingwithin maturerelational systemsis feasibleper
formancewise. Although the necessarydata structures
andalgorithmscanreadily be pluggedinto mostarchitec-
tures, it is unclearwhetherthe ervisionedbene ts are not
jeopardizedby x ed overheadof fragmentmanagement
or otherglobal databasenanagementasks. To obtainan
outlook on the global bene ts, we conducteda seriesof
experimentsagainstPostgreSQL[Pds MySQL[MyS], and
MonetDB[Mor]. The former two are open-sourceradi-
tional n-ary relationalengineswhile MonetDB's designis
basednthebinaryrelationalmodel.

For thepreliminaryexperimentsyve usedatapestrytable
of varioussizes,but with only two columns.lIt is sufcient
to highlightthe overheadsncurredandprovidesabaseline
for performanceassessment.

In Section5.1, we introduceanapproactor SQL based
systems For extensibledatabase& may be possibleto in-
troducea nev module. This is illustratedusingMonetDB
in Section5.2.

5.1 Crackersin an SQL Environment

To peekinto the future with little cost, we analyzethe
craclersusinganindependentomponenttthe SQL level
usingthedatabasengineasablackbox. Toillustrate,con-
sideradatabaseavith therelationaltable:

create table R( k integer, a integer);

A X cracler attr g constant breaksit into two pieces.
As SQL doesnot allow usto move tuplesto multiple result
tablesin onequery we have to resortto two scansoverthe
database.

select into frag001
r.k, r.a fromr where pred(r.a);
sel ect into frag002
r.k, r.a fromr where not pred(r.a);

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

This involvesrudimentarydatabas®perationsywhoseper

formanceis alreadysummarizedn Figurel. They illus-

trate that materializationof a temporarytablein a DBMS

involvesa sizableoverhead.It rangesfrom 40 to 1200ms
per table. On top of this, the DBMS needsarywherebe-
tween3 to 250 ms/10000tuplesto evaluatethe predicate
andcreatethetuplecopy.

For example,considera querywith a selectvity of 5%
ran againstMySQL and delivering the informationto the
GUI. Suchaquerywould costin this databaseetuparound
0.5second Storingthe sameinformationin atemporaryta-
ble addsanotherl.5secondsThisis notall, becauserack-
ing requiresthe original tableto be brokeninto two pieces,
effectively raisingthe total responseime to around10 sec-
onds. The investmentof 9.5 secondsiuring this cracking
stepis hardto turn into apro t usinglessscancostin the
remainderof the sequenceTo putit in perspectie, sorting
thetableon this attribute alonetook about250seconds.

The simulationof the Y, andW operatorsn an SQL
settingrequiremultiple scansaswell.

During result construction,the pieceslocalizedin the
cracler index shouldbe combinedto producetheresultta-
ble. This requiresfasttable unionsandjoin operationgo
undoX and” cracking.Sincecrackingmayproducemary
tableswith justafew attributesandafew tupleslinkedwith
surrogatekeys, we haveto rely onthe DBMS capabilitieso
handldargeunionexpressionsindlongforeign-key join se-
guence®fciently to constructthe resulttables. Although
join algorithmsand join optimization schemedelongto
the most deeply studiedareas,an experimentagainstour
databaselearly shaved a bottleneckwhencrackingis de-
ployedin atraditionalcontext.

For example, considerthe relationaltable above, com-
prisedof only two columnsandjustamillion elementsThe
tuplesform randomintegerpairs,which meansve can'un-
roll' thereachabilityrelationusinglengthlyjoin sequences.
We testedthe systemswith sequencesf up to 128 joins.
Theresultsareshavn in Figure9. It demonstratethatthe
join-optimizercurrentlydeployed (too) quickly reachests
limitationsandfalls backto adefaultsolution. Theeffectis
anexpensve nested-loogoin or even breakingthe system
by runningout of optimizerresourcespace.

The practicalconsequencis that crackingin older sys-
temsis con ned to tablesbreakingit upin justasmallcol-
lectionof verticalfragments Otherwisethejoin implemen-
tationbecomes standin theway to gluethe partialresults
together A notableexceptionis MonetDB, which is built
aroundthe notion of binarytablesandis capablehandling
suchlengthlyjoin sequencesf ciently .

Taken into accounttheseperformancegures and the
baselinecostof primitive operatorsjt doesnot seempru-
dentto implementa cracker schemewithin the currentof-
ferings. Unlessoneis willing to changethe innermostal-
gorithmsto cutdown the overhead.
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Figure 9. Linear join experi-
ment

5.2 Crackersin MonetDB

A craclker module has been implementedto assess
whetherthe coststructureencountereatthe SQL level can
be countered.The moduleimplementshe X and” crack-
ers and relies on the systemsef cient memory manage-
mentschemeo guarantedransactiorsafetyduring crack-
ing. The cracler index is organizedas a decoratednter-
val tree. Eachtable comeswith its own craclerindex and
they are not saved betweensessions.They are pure aux-
iliary datastructureto speedugprocessingf queriesover
selectedbinarytables.

The initial experimentsreported here were targeted
at corverging query sequencesising both homerun and
strolling strateies.

Homeruns

A crackingstrategyy is expectedio work bestwhena multi-
guerysequenceoomsinto atargetsetandwhereanswers
to previous querieshelp to speedupprocessing.Figure 10
is anillustrative resultwe obtainedusing the multi-query
benchmarklt illustratesthetotal responsdime for alinear
homerursequencef k (<128)steps.Theselectvity factor
indicatesthe targetsizeto reachafterthosesteps.Thetime
for both with andwithout crackingsupportis shovn. The
lattermerelyresultsin multiple scansoverthedatabasand
ary performancegain is an effect of a hot table segment
lying aroundin the DBMS cache.

Thelinesfor crackingindicateits adaptve behavior. Af-
ter a few stepsit outperformghetraditionalscansandulti-
matelyleadsto atotal reductiontime of afactor4. Undera

60
Query-sequence length

Figure 10. Homerun experi-
ment (MonetDB)

80 100 120 0 20 40 60 80 100 120

Query-sequence length

Figure 11. Random converge
experiment (MonetDB)

crackingstratgy theresponsdimesfor theindividual steps
alsoquickly reduce.It providesaresponseime of anearly
completelyindexedtable.

Strolling

The baselingtestis to simulatea randomwalk throughthe
databasej.e. the user (or multiple users) re selection
gueriesagainsthedatabase&vithout evidentintra-queryde-
pendencieskFigurellis anillustrative examplefor thecase
wherewe usethe selectvity distribution function to con-
vergeto a desiredtarget size of 5%. Sequencesp to 128
stepsare executedand comparedagainstthe non-cracking
approachandthe situationwherein the rst stepwe sort
thetablefor fastlookup.

The resultscon rm the performancemprovementover
non-crackinglt alsoshavsthatcrackingis aviablealterna-
tiveto sorting(or secondaryndex construction)f thenum-
berof queriednterestedn theattributeis rathedow. Invest-
mentin anindex becomegpro table performanceost-wise
whenthe query sequencexceedsl00 stepsandrandomly
browsesthe database.

6 Related Research

Thecraclerapproachs inspiredby techniquegrom dis-
tributeddatabaseesearcjOV91], partialindexing [SS93,
andclusteredndices.

From distributed databaseswe take derived-horizontal
andverticalfragmentatiorio crackthedatabaséto smaller
pieces. The crackingschemehowever, is not a one-time
action. It is performedcontinuouslyandproducesrregular



fragmentsuponneed. The databaseartitioningschemds
a byproductof eachquery Their lineageis madeavailable
for dynamicadjustmentandcontinualreorganizations.

Modernresearchin distributed databasesg.g. sensor
networks and P2P systems,tend to extrapolatethe tradi-
tional DDBMS designrouteswherea pro le of interestis
translatednto adviceon cachingand locality of informa-
tion. Thebalancedro les of multiple usersarede ned by
the DBA usinga powerful descriptionlanguage[CGFZ03
In a cracking scheme,the equivalentto pro les are the
gueriesbeing red andresourcebalancingtakesplacecon-
tinuously

Even in non-distriluted systems,partitioning large ta-
bles has becomean importanttechniqueto reduceindex
maintenancandto improvedqueryresponsienessFor ex-
ample,MySQL, DB2 andOracleadvicethe DBA to spec-
ify range-partitionedablesfor large datavarehousesThe
cracler schemesxtendsthis practiceusinga cracker index
de nedimplicitly by queryuse,ratherthenby intervention
of aDBA.

A secondsourceof inspiration camefrom partial in-
dices,an arealargely neglectedin databaseesearch.Al-
readyin 1989, Stonebrakr identi ed the opportunity to
incrementallybuilt/maintainan index as part of the query
executionphase[Sto89. The techniquehasbeenimple-
mentedin Postgres,but appearshardly ever used. The
prospect®f partialindexing hasbeenstudiedby Sheshadri
and Swami using a simulationtool in [SS95. It demon-
strateccorvincingly thepotentialfor improvedperformance
andlower maintenanceostunderawide variety of param-
etersettings.However, the upfrontknowledgerequiredare
databasestatisticsand a workload. The cracler index can
be consideredh partialindex; it is built aspartof accessing
portionsof interest. It follows the ideaof partialindexing
by shifting the costof maintenancéo the queryuser

Clusteringtupleshaslong beenanimportanttechnique
to achieve high performance.Tupleswithin a singlerela-
tion are groupedtogetherusing a clusterindex, but also
tuplesfrom differenttablesmay be clusteredin the same
disk pageto speedugdoreign-key joins. An interestingap-
proachin this directionis presentedn [Gra03, wherethe
B-treestructures extendedo supportdynamicreomaniza-
tion. It might provide the propersettingto experimentwith
the craclersin a commercialsystem. The implementation
of theMonetDBcraclermoduledynamicallyclusterduples
within thesametablespace Theexperimentsofararecon-
ned to range-basedlusteringandthe cracler index binds
thefragmentgogetherinto aninterval treestructure.Clus-
tering signi cantly reduceshe 10 costandis known to be
effectivein amain-memory/cachgettingaswell [MBKO02].

A solution to index selection,clusteringand partition
is addressedy emenging toolkits, such as DB2 Design
Advisor [ZLLLO1], Microsoft DatabaseTuning Advisor
[ACK*04], and Oracles SQL Tuning Advisor[Ora03.
They work from the premisedhatthe future accesgattern
can be predictedfrom the pastor from a mock-upwork-

load. For mostapplicationsettingsthis seemgheright way
to go. The crackingapproactis adwocatedfor the decision
supportandscienti ¢ databaseeld, whereinterestin por-
tionsof thedatabasés adhoc,localizedin time,andmostly
unpredictableThedatabassize,bothin termsof attributes
andtuples,precludesreationof mary indices. Moreover,
the clientstypically ock arounda portion of the database
for alimited period,e.g. thereadingfrom multiple scien-
ti ¢ devicesfor a starin our galaxy

7 Summary and futureresearch

To achieve progressin databasesystemsresearchcalls
for challengingestablishedmplementatiorroutes,e.g. by
studyingnew designparameterconstellations. The chal-
lengeput on the table hereis: Let the query users pay for
maintaining the access structures. Its realizationis the no-
tion of databaseracking, wherea queryis rst interpreted
asarequesto breakthedatabas@to piecesorganizecdoy a
craclerindex. After crackingthedatabas¢hequeryis eval-
uatedusingordinary (distributed)queryoptimizationtech-
niques.

Thecrackermodelleadsto asimple,adaptveaccelerator
structurewith limited storageoverhead.The portion of the
databas¢hatmattersin a multi-querysequencés coarsely
indexed. Only by moving outsidethis hot-set,investments
areneeded.

The cracler approachextendstechniquesdevelopedin
the contet of distributed databasesHowever, thesetech-
nigueshave not (yet) beenused— asfaraswe areaware—
to its extremeas proposecherefor managingthe database
in a centralsetting.

The basicexperimentson traditionalrelationalsystems
shaw thatthe crackingoverheads not neglectable. To be
successfulthetechniqueshouldbeincorporatedatthelevel
whereindex structuresare beingmaintained.Moreover, a
main-memorycatalogstructureseemsieededo reducethe
large overheadbtherwiseexperiencedn maintaininga sys-
temcatalog.

As the databaséecomegracledinto mary piecesthe
gueryoptimizeris in a betterpositionto discardportionsof
nointerestfor evaluation.A laboratorybenchmarkasbeen
de ned to pursuedetailedperformancestudies. Focused
multi-query sequencestypically generatedy datamining
applicationdBRK98], in particularbene t from cracking.

Using databaserackingasthe leadingforceto improve
performancén querydominantervironmentcallsfor mary
morein depthstudies. The experimentsreportedindicate
opportunitiefor novel queryoptimizationstrateies,com-
plementaryto materializedviews currently being the pre-
dominantrouteto supportmulti-querysequencesThe di-
minishing return on investmentas the cracler index be-
comesoolargecallsfor heuristicsor learningalgorithmsto
fusepiecestogether Finally, databaserackingmay proof
a soundbasisto realizeself-oganizingdatabasem a P2P
ervironment.
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