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ABSTRACT

We proposea radicalapproacho relationalquery processinghat
aims at automaticallyand consistentlyachieving a good perfor
manceon ary memory hierarcly. We believe this automaticity
andstablenessf performances attimesmoredesirablehansome
peakperformanceachieszed throughcarefultuning, especiallybe-
causebothdatabassystemsandhardwareplatformsarebecoming
increasinglycomplex and diverse. Our approachis basedon the
cache-obliousmodel,in which datastructuresandalgorithmsare
aware of the existenceof a multi-level memoryhierarcty but do
notassumeary knowledgeaboutthe parameteraluesof the hier
archy, suchasthe numberof levelsin the hierarcly, the capacity
andtheblock sizeof eachlevel. Sincetraditionaldatabaseystems
areintrinsically awvare of theseparameterse.g.,the memorypage
size,our cache-oblious approachrequiresusto rethinkthe query
processingrchitectureandimplementationln this positionpaper
we presentthe architecturaldesignof our cache-oblious query
processqrEaseDBdiscusghetechnicalchallengesndreportour
initial results.

1. INTRODUCTION

Bothrelationaldatabassystemsandhardwareplatformsarebe-
comingincreasinglycomple< anddiverse.As aresult,it is achal-
lengingtaskto automaticallyandconsistentlyachiese agoodquery
processingperformanceacrossplatforms. This problemis even
more severe for in-memory query processingpecausehe upper
levelsof amemoryhierarcly, suchasthe CPU cachesarehard,if
feasibleatall, to managey software.

SinceCPU cachesare an importantfactorfor databaseerfor
mance[3, 11], cache-consciouechniqueg10, 11, 14,22,35,41]
have beenproposedto improve the in-memoryquery processing
performance. In this approachthe capacityand block size of a
targetlevel in a speciPanemoryhierarcly, e.g.,theL2 cacheare
taken asexplicit parametergor datalayoutandqueryprocessing.
As aresult,cache-consciougchniquesanachiese a high perfor
mancewith suitableparametevaluesand Pnetuning. Neverthe-
less,it is difbcultto determinehesesuitableparametevaluesatall
timesandacrossplatforms[7, 20, 21, 33], sincethey areaffected
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by the characteristicef the memoryhierarcly andthe systermrun-
time dynamics.

Consideringhedifbcultiesfacedby thecache-consciouspproach,
we proposeanotheralternatve, namelycache-obliousquerypro-
cessingto achieve the goal of improving in-memoryperformance
automatically Ourapproachs basednthe cache-obliousmodel
[18] proposedy M. Frigo etal. in 1999. A cache-oblkiousalgo-
rithm is aware of the existenceof a multi-level memoryhierarctly,
but assumeo knowledgeaboutthe parameter®f the hierarcly.
By eliminatingthe dependeng on the memoryparameterssache-
oblivious datastructuresandalgorithms[5, 7, 12, 13, 18] usually
have provable upperboundson the numberof block transfersbe-
tweenary two adjacentlevels of an arbitrary memoryhierarcly.
Furthermorethis memoryefbcieny asymptoticallymatcheghose
moreknowledgeablexternalmemoryalgorithmsin mary cases.

Despitethe nicetheoreticapropertieof thecache-obliousap-
proach,it is uncertainwhethera relationalqueryprocessocanbe
implementedn a cache-obliious manner Onereasonis thattra-
ditional databassystemsaredesignedo be awareof memorypa-
rameters.Moreover, mostof the cache-oblfiouswork is on basic
datastructuresand computationahlgorithms for example,cache-
oblivious B-trees[5, 7], sortingand matrix operations[18]. As
such,evenif acache-oblrious queryprocessois implementedit
is unclearhow well it will performon realmachinesgspeciallyin
comparisorwith a bne-tunedg¢ache-consciousounterpart.

In this paper we presentour initial designof EaseDB the brst
cache-oblriousqueryprocessofor memory-residentelational
databasedlNe alsodiscusghetechnicakhallengesn cache-oblious
query processingand report our experiencewith designing,im-
plementing andevaluatingcache-oblrious queryprocessingech-
nigues.

2. TECHNICAL CHALLENGES

In this section,we identify bve technicalchallengesn cache-
obliviousqueryprocessin@nddiscusghemin order

Thebprsttechnicalchallengdiesin thedesignof cache-oblrious
queryprocessinglgorithmsthatasymptoticallymatchthememory
efbcieny of their cache-consciousounterparts.Existing cache-
obliviouswork hasfocusedon the memoryefcieng, but noneof
it is aboutrelationalqueryprocessingRelationalqueryprocessing
algorithms, such as partitionedhashjoins [11, 35], can be both
computationand data-intensie. Moreover, thesealgorithmsare
carefullydesignedo take into accounthe memoryparametersand
achieve ahigh memoryefbcieng.

In contrastassumingno knowledgeaboutthe memoryparame-
ters,cache-oblrioustechniquesreusuallydesignedo divide and
conquer18]. Specibcallya problemis divided into a numberof
sub-problemsecursvely andthe recursionwill not enduntil the



smallestunit of computationis reached. The intuition is that, at
somepoint of the recursion,the sub-problemwill bt into some
level of thememoryhierarcly andwill furtherbtinto oneblock as
therecursioncontinues.However, dueto the absencef memory-
specibgarametershe basecaseof therecursionis usuallysetas
small constantsge.g., the binary fanoutof a cache-obkious B+-
tree.Consequentithedivide-and-conqueprocessnaybeunnec-
essarilylong. If this procesdnvolvesa signibcantamountof data
accessasin queryprocessingthe algorithmsneedto be carefully
designedo improve the memoryefbcieng.

The secondchallengeis aboutthe reductionof the recursion
overheadn cache-oblious algorithmswithout the knowledgeof
cacheparameters.As the basecasesizein the recursionis usu-
ally small, the recursionprocesggoesunnecessarilgleep. Conse-
quently therecursionoverheadespeciallythe computationabver-
head,becomessignibcant.For instance the cache-oblrious non-
indexednestedoop join hadthreetimeslessCPU busytime when
the basecaseincreasedrom oneto two tuplesin our experiments.
Moreover, thedominanceof computationatostin theoveralltime
remainedor all basecasesmallerthan64tuples.Thus,it is neces-
saryto determinea suitablebasecasesizeto avoid theunnecessary
recursions.

Thethird challenges alsoa majoronein traditionalquerypro-
cessing- costestimationfor query optimization. The difference,
again, is the absenceof memory parameters. Traditional query
optimizersestimatecostson CPU instructions[37] and disk ac-
cesseq31], and a recentcache-consciousost model estimates
CPUcachestallswith givencacheparametersf all levelsof caches
in thememoryhierarcly [11]. However, it is infeasiblefor acache-
obliviousqueryprocessoto estimatethe absolutecostwithout the
cacheparametewvalues. Therefore,we needto considerrelative
costsandto computeexpectedvaluesfor an arbitrarymemoryhi-
erarcly. Additionally, this costestimationwill be usefulfor the
determinatiorof the basecasesize.

Thefourth challengds on a cache-obliious storagemodel. Ex-
isting storagamodels e.g. theslotted-pagstoragemodel[31], are
inherently consciousof the disk, the memory or the CPU cache
parametersln orderto make a queryprocessocompletelycache-
oblivious, the storagemodel must be redesigned.A few cache-
obliviousin-memorydatastructurese.g.,the Packed Memory Ar-
ray (PMA) [5], have beenproposedsofar, but noneof themhave
beenstudiedin consideratiorof queryprocessingvorkloads.Ad-
ditionally, eventhoughwe focusonread-onlyqueriesatthecurrent
stagejt is desirableto alsoleave roomfor updateefecieny in our
storagemodel.

Thebnalchallengds ontheperformancevaluationof ourcache-
oblivious queryprocessoin comparisorwith its cache-conscious,
Pne-tunedtounterpartsMost of the cache-obliouswork focused
on establishingtheoreticalboundsof its memory efbcieng. In
contrast,we emphasizeon empirically evaluating the cacheper
formanceaswell asthe overall performanceof our queryproces-
sor on varioushardware platformsin additionto studyingits the-
oretical bounds. Furthermoreto facilitate a fair comparisonwe
needto implementrepresentatie cache-conscioualgorithmsand
to tunetheir parametewaluesfor the bestperformanceln our ex-
perimentswe have foundthatthe performancef cache-conscious
algorithmsvariesgreatlywith theparametevaluesandthebestpa-
rametevaluesfor thesealgorithmsareoftennoneof theparameter
valuesof thememoryhierarcly.

3. BACKGROUND AND RELATED WORK

In this section,we brstreview the backgroundon the memory
hierarcty andthencache-centritechniquesncluding both cache-
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consciousandcache-oblioustechniques.

3.1 Memory hierarchy

The memoryhierarcly in moderncomputerdypically contains
multiple levels of memoryfrom top down [23]:
¥ Processoregisters.They provide thefastestataaccessysually
in oneCPUcycle. Thetotal sizeis hundredof bytes.
¥ Level 1 (L1) cache.The accesdateng is a few cyclesandthe
sizeis usuallytensof kilobytes(KB).
¥ Level 2 (L2) cache.lt is anorderof magnitudeslover thanthe
L1 cachelts sizerangesrom 256 KB to afew megabytesMB).
¥ Level 3 (L3) cache. It is presentin the Intel ltanium [25]. It
hasa higherlateng thanthe L2 cache. Its sizeis often several
megabytes.
¥ Main memory Theaccessateng is typically hundredf cycles
andthe sizecanbeseveralgigabyteyGB).
¥ Disks. Theaccessateng is hundred®f thousandsf cycles. The
capacityof a singledisk canbe up to severalhundredgigabytes.
Eachlevel in the memory hierarcly hasa larger capacityand a
sloweraccesspeedhanits higherlevels. In this paper weusethe
cadhe and the memoryto representany two adjacentlevelsin the
memonyhierarchy wheneer appropriate

We debneacache conbguation asathree-elementuple< C, B,
A>, whereC is the cachecapacityin bytes,B the cacheline size
in bytesandA thedegreeof set-associatity. Thenumberof cache
linesin thecacheis . A=1is adirect-mappedache A=5- afully
associatie cacheandA=n ann-associatie cache(1 < n < %).

For the designand analysisof algorithmson the memoryhier-
archy, a numberof cachemodelshave beenproposedsuchasthe
externalmemorymodel(alsoknown asthecache-consciousodel)
[1] andthecache-oblriousmodel[18]. Bothmodelsassumetwo-
level hierarcly, the cache andthe memory Especially the cache-
obliviousmodelassumegnideal cachewhichis fully associatie
andusesanoptimalreplacemenpolicy [18]. Thecatecompleity
of analgorithmis debnedo be the asymptoticahumberof block
transfersbetweerthe cacheandthe memoryincurredby the algo-
rithm. Frigoetal. shavedthat,if analgorithmhasanoptimalcache
compleity in the cache-oblious model, this optimality holdson
all levelsof amemoryhierarcly [18].

3.2 Cache-consciousechniques

Cache-conscioutechniqueq10, 11, 14, 22, 35, 41] have been
the leadingapproachto optimizing the cacheperformanceof in-
memory relational query processing. Representates of cache-
consciougechniquesncludeblocking[35], buffering[22, 41] and
partitioning [11, 35] for temporallocality, and compressior{10]
andclustering[15] for spatiallocality.

Cache-conscioualgorithmsexplicitly take cacheparametergs
input. A commonway of obtainingthesecacheparameterss to
usecalibrationtools[27]. Oneproblemof calibrationis thatsome
calibrationresultsmay be inaccurateor missing,especiallyasthe
memorysystembecomesnorecomplex anddiverse.For example,
the calibrator[27] doesnot give the characteristicof TLB on the
P4 or Ultra-Sparamachinesisedin our experiments Furthermore,
the bestparameteraluesfor a cache-conscioualgorithmmay be
noneof the cacheparametersasour experimentsshawved. In con-
trast,cache-oblioustechniquesreanautomaticapproacho per
formanceoptimizationfor theentirememoryhierarcly withoutthe
needfor ary cacheparameters.

3.3 Cache-oblvioustechniques

Two mainmethodologiesf acache-oblriousalgorithmaredivide-
and-conqueandamortization16].
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Figure 1: The cache-oblvious B+-tree

The divide-and-conquemethodologyis widely usedin general
cache-oblrious algorithms, becauset usually resultsin a good
cacheperformanceIn this methodologya problemis recursvely
dividedinto a numberof subproblemsAt somepoint of therecur
sion,the subproblentanbptinto the cache eventhoughthe cache
capacityis unknown.

Following the divide-and-conquemethodologywe proposedo
usetwo cache-oblrious techinquesrecursive clustering[21] and
recursive partitioning [20], for the spatialandtemporallocality of
dataaccessrespectrely. As their namessuggestrecursve parti-
tioning recursvely partitionsdatasothatat somelevel of therecur
siona subpatrtitionis fully containedn somelevel of the memory
hierarcly, andrecursve clusteringrecursvely placesrelateddata
togetherso that a clusterbtsinto one block at somelevel of the
recursion. An exampleof recursve partitioningis the quick sort,
oneof the mostefbcientsortingalgorithmsin themainmemory

An exampleof recursve clusteringis the cache-oblious B+-
tree (COB+-tree)[5, 6]. A COB+-treeis obtainedby storing a
completebinarytreeaccordingo thevanEmdeBoas(VEB) layout
[38], asillustratedin Figurel. Supposehetreeconsistof N nodes
andhasa heightof h = log,(N + 1). The VEB layoutproceeds
asfollows. It brstcutsthetreeat the middle level, i.e., the edges
belov the nodesof heighth/ 2. This cut divides the treeinto a
top subtree A, andapproximately N bottomsubtregselov the
cut,B1, Bo, ...,andB;. Eachsubtreecontainsaround N nodes.
Next, it recursvely storesthesesubtreesn theorderof A, B, B2,
...,andB;. The memoryefbcieny of onesearchon a complete
binary subtreestoredin the VEB layout matcheshat of a cache-
consciousB+-tree(CCB+-tree)[5, 6].

Theamortizatiormethodologys usedto reducetheaveragecost
peroperatiorfor asetof operationseventhoughthecostof asingle
operationmay be high. We useamortizationto improve the reuse
of thedatathatresidein the cache.Specibcallywe have designed
anovel cache-oblious buffer hierarcly to amortizedataaccesses
to the buffers [20, 21], asshowvn in Figure 2. Thesebuffers are
organizedinto ahierarcly. Whenabufferis full, we Bushthebuffer
by distributing the buffereditemsto its child buffersrecursvely.

Thesizesof buffersin thehierarcly arerecursvely debPnedThis
dePnitionfollows the VEB recursion[38]. At eachcut of the re-
cursion,we debnéhesizesof thebuffersatthemiddlelevel. If the
treecontainsN buffers, we setthe size of a buffer at the middle
level to beN 2 log, N %, which equalsthe total size of the buffers
in the bottom subtree. This processendswhen the tree contains
only onebuffer. If the sizeof the buffer for this nodehasnot been
determinedit is setto a smallvalue. For example,if the buffer is
usedin atreeindex, it is setto theindex nodesize[21]. At some
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Buffer

Figure 2: A buffer hierarchy in EaseDB.The buffers form a
binary treestructur e. Their sizesarerecursively debned.

Table 1: Notations usedin this paper

Parameter| Description
C Cachecapacity(bytes)
B Cachdine size(bytes)
R,S Outerandinnerrelationsof thejoin

r,s Tuplesizesof R andS (bytes)

[RI,IS] Cardinalitiesof R andS
IIRILLIISII | Sizesof R andS (bytes)
Cs The basecasesizein numberof tuples

level of therecursion buffers canbtinto the cacheandarereused
beforethey are evicted from the cache. Thus, the averagecostof
eachoperationis reduced.

Representates of existing cache-oblious techniquesnclude
recursve partitioning[18] andbuffering [12, 18] for temporallo-
cality, andrecursve clustering[5] for spatiallocality. Especially
for queryprocessingthefollowing cache-oblriousdatastructures
andalgorithmsmatchthecachecompleity of theircache-conscious
counterpartsThenotationsusedthroughouthis paperaresumma-
rizedin Tablel.

¥ B+-trees[7]: The cachecompleity of a searchon the B+-
treefor relationR is O(logg |R]).

¥ Sorting[13]: The cachecompleity of sortingrelationR is
O('5! logc IR|).

¥ Nested-loogoins (NLJ) [21]: Thecachecompleity of join-
ing relationsR andS without andwith the B+-treeindex is
O(IRESly and O('g—| loge |SI), respectiely. For indexed
NLJs,a COB+-treeis built on S in adwance.

¥ Hashjoins[20]: Thecachecompleity of joining relationsR
andS is O('g—| logc |S]), whereR andS arethe probeand
build relations respectiely.

Our previous work [20, 21] hasdesignedcache-oblious algo-
rithmsfor NLJsandhashjoins. In this paper we discussarchitec-
turaldesignandimplementationissuesn developingafull-Bedged
cache-oblrious query processoinsteadof focusingon individual
algorithms.



Table 2:

Main memory relational query processors

| FastDB | TimesEn | MonetDB | EaseDB
Cateory cache-conscious | cache-conscious cache-conscious cache-oblrious
Queryoptimizer rule-based instructioncost-based cachecost-based cachecost-based
Supportedndexes T-tree,hashindex | B+-Tree, T-tree,hashindex | B+-Tree,T-tree,hashindex | B+-Tree,hashindex
Accesgo databaséle | virtual memory mainmemory virtual memory mainmemory
Storagemodel row-based row-based column-based row-based
------- e [— 4.2 Executionengine
o * T T We divide the executionengineinto threelayers,including the
/ e 2 | md_mp storageaccessnethodsandqueryoperators.
Parsed query operators son % Sﬁ:srhnje;ﬁ]e 4.2.1 Sto[age
Plan <o ¥ Quick sort | |Hashgroupirlg e
= : Currently EaseDBusesarraysto representelationsin a row-
Query plan Access @H o Lilu basedmanner Recentwork [2, 29, 36] hasshavn that column-
B methods scan B+tree Hash inde .
basedandrow-basedstoragemodelshave their own prosandcons.
Resulis] . vomory Our decisiontowardsa row-basedstoragemodelis mainly dueto
orage its simplicity, becauseelationalrows mapnaturallyto arraysin the
mainmemory

Figure 3: The systemarchitecture of EaseDB

4. EASEDB

In this section,we describethe architecturaldesignandimple-
mentationstatusof EaseDB our cache-oblious queryprocessar
The goal of EaseDBis to automaticallyandconsistentlyachieve a
goodperformancen variousmachinestall times.

4.1 SystemOverview

Figure 3 shaws the systemarchitectureof EaseDB.Thereare
threemajor componentsnamelythe SQL parsey the query opti-
mizer, andthe plan executor The queryoptimizerin turn consists
of aqueryplangeneratomanda cache-oblious costestimator At
thetime of writing, we have bnishedheimplementatiorof mostof
the plan executorandthe costestimator We will reusethe parser
componenbf PostgreSQL30] for our SQL parserandwill usea
Selingerstyle optimizer[34] for plan generation.Additionally, a
two-phaseoptimizationstratgy [24] will be usedto limit theplan
searchspacean the optimizer

EaseDBcurrentlyrunsin a singleprocesgthread).We will ap-
ply a multi-threadingmechanisat the operatorlevel, similar to
thatin stageddatabasefd 9]. We expectthis multi-threadingnech-
anismwill boostthe performanceadwantageof cache-obliousal-
gorithmsover cache-consciousnes,becausecache-oblious al-
gorithmsare more robust on cachecoherenceamongconcurrent
threadsin a processof20]. Moreover, the self-optimizingnature
of cache-obkious algorithmseliminatesthe tuning work required
in amulti-threadedervironment.

Table2 summarizeshe mainfeaturesof EaseDBin comparison
with threeexisting main memoryrelationalquery processorsin-
cluding FastDB [17], TimesTen [37] and MonetDB [29]. These
three query processorare cache-consciousyhereasEaseDBis
cache-oblious. EaseDBusescachecostasthe costmetricin the
gueryoptimizer becauséhememoryhierarcly hasbecomeanim-
portantfactorin the performancef relationalqueryprocessing.

In the following, we focus our discussioron the plan executor
andthecostestimator
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We considerboth static data(no updates)and dynamicdatain
our storagemodel. A genericarray for static datais sufbcient;
however, its performancesuffersfrom updatesin comparisonthe
linkedlist is acommonstoragemodelfor dynamicdatain acache-
conscioussetting. The nodesize of the linked list is determined
accordingto the cacheblock size. For example,the slottedpage
modelis essentiallya linkedlist with anodesizeequalto the page
size. However, without the knowledgeof the cacheblock size,the
linkedlist mayhave avery badscanperformanceConsideranode
of sizes. Thisnodespans's/B #+ 1 cachdinesin theworstcase,
even thoughs canbe very small. Therefore,an efbcientcache-
oblivious storagemodelthatbalanceghe scanandupdatecostsis
required.

We usethe pacled memoryarray(PMA) [5] asa storagemodel
for dynamicdata. To make our presentatiorself-containedwe
brieRy describehow PMA works [5]. PMA is essentiallyan ar
ray with someunoccupiedor free)slots. Thedensityof anarrayis
debnedastheratio of thenumberof elementoverthetotalnumber
of slotsin thearray A genericarrayhasa densityof 100%.

The basicideaof PMA is to debnewindows of differentsizes
ascontiguousareasof differentsizeson the array andto further
debnethe densitythresholdsfor thesewindows. The window is
debnedafterits size: a k-window meansthe size of the window
is k, whoseslots startfrom index (j $ 1) %k (1 & j & N/k,
N is the numberof slotsin the array). For simplicity, k = 2'
(i = logelogN, logelogzN + 1, ...,l0gzN). Thatis, thesmallest
window is of a sizelogzN andthe largestone of N. The den-
sity thresholdsare dePnedwith the following two rules: (1) the
upperbound density thresholddeceaseslinearly as the window
sizeincreases(2) thelower-bounddensitythresholdncreasedin-
early asthe window size increases.Given the lower-boundand
upperbounddensitythresholdf thelog: N -window andthe N -
window, all densitythresholdsfor windows of differentsizescan
bedetermined.

Insertingatupleatindexj of PMA is handledasfollows. We ex-
aminethe2' -windowscontaining ,i = loglog:N , log:logeN +1,
..., log:N until the brstwindow is found whosedensityis smaller
thanits upperbounddensitythreshold. After insertingthe tuple
into this window, we redistrilute the elementsavenly within the
window. Deletionsarehandledsimilarly. By design,PMA hasthe
following memoryefbcieny bounds:(1) scanningary n consec-
utive elementauseD(n/B + 1) cachemisses;(2) insertingor
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Figure 4: The memory pool in EaseDB

deletingameIement:ause:O((loggi"‘)2 + 1) cachemissenaver
age.

We have two considerationfor usingPMA in EaseDBFirst,we
will adjustthe densitythresholdsof the log:N - andN -windows.
This adjustmenwill be basedon the frequeng of insertionand
deletion. Second,we will use strict two-phaselocking [31] for
concurreng controlon PMA. A PMA window is lockedwhenthe
redistritution of elementss propagtedto this window.

After introducingthe storagemodelin EaseDB we discussour
designon memorymanagementEaseDBhasa memorymanager
to handlememory allocation and deallocation. Similar to other
main memory database$17, 29, 37], EaseDBdoesnot have a
global buffer manager When EaseDBstartsup, it pre-allocates
alarge memorypool. The memoryspacerequiredfor querypro-
cessings allocatedfrom the pool on demand.

We further divide the memorypool into two parts,the tempo-
rary store andthe objectstore, asshovn in Figure4. Thetempo-
rary storeallocategshe memoryfrom top down, whereaghe object
storefrom bottomup. If thesetwo storesoverlap,thememorypool
is running out of free memory Whenthis happensgither some
memorywill bereleasedrom thepool or anew memorypool will
beallocated.

Thetemporarystoreis for storingtemporaryresultsandauxiliary
datastructuresuchasbuffersfor queryprocessingThe natureof
thesedatais dynamic. Thereforejt usesthe sequentiabt scheme
[9] in memoryallocationfor high memoryutilization. In the se-
quential bt schemethe processof handlinga memoryrequestis
to traverseall memoryblocksuntil it reachesa free block thatis
large enoughto satisfythe memoryrequest.To releasea memory
block, it locatesthe block, releasest andmay memgeit with adja-
centblocksof freememory Theoriginal sequentiabtschemauses
a linked list to maintainthe stateinformation of memoryblocks
[9]. In EaseDBwe usePMA anda cache-obliious B+-treebuilt
on top of the PMA to speedup the searchprocessfor a bt free
block. Note,the spaceallocatedn thetemporarystoreis privateto
asinglethreadsothattheoverheadf concurreng controlonthese
spacds avoided.

Theobjectstoreis usedo storethebaserelationsandtheindexes
in EaseDB,which are more stablethanthe datain the temporary
store.This objectstoreis sharecamongthreads Sincetherelations
andtheindexesareall storedusingPMA, thestartaddressesf their
correspondind®MAs arelocatedvia a hashindex on the relation
nameor index name.

4.2.2 Accessmethodsandqueryopeiators

In the current status, EaseDBsupportsthree commonaccess
methodsjncludingthetablescan the B+-treeandthe hashindex.
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Figure5: The cache-oblvious hashindex

- Tablescan. Therelationis sequentiallyscannedr a binary
searchis performedon the relation accordingto the sorted
key in therelation(if applicable).

B+-trees. The COB+-treehasthe samememoryefbcieny
boundsasthe CCB+-tree andits performancen disk-based
applicationsis closeto or even betterthan the bne-tuned
CCB+-tre€[7]. Forin-memoryqueryprocessingthe COB+-
treehasa very similar performanceo the CCB+-tree.

- Hashindexes. The hashindex for R consistof |R| buckets
sothateachbucket is expectedto containonetuple. An ex-
ampleof sucha hashindex is showvn in Figure5. Themem-
ory efbcieny boundof a probeon the hashindex is O(1),
which matcheghe memoryefbcieny boundof a probeon
the cache-conscioubashindex [31]. However, the cache-
oblivious hashindex hasa spaceoverheaddueto the large
numberof hashbuckets.

We next brie3y discusscache-oblious algorithmsfor common
gueryprocessingperators.

¥ Selection. In the absencef indexes, a sequentiascanor
binary searchon the relationis used. In the presencef in-
dexes,if the selectvity is high, a datascanon therelationis
performed. Otherwise the B+-treeindex or the hashindex
canbeused.

¥ Projection. If duplicateeliminationis required,we useei-
thersortingor hashingo eliminatetheduplicategor thepro-
jection.

¥ Sorting Two cache-oblious sorting algorithms,namely
the funnel sort[12, 18] andthe distribution sort[18], have
beenproposed.The funnelsortis essentiallythe meige sort
implementatiorwith cache-oblious buffers. Experimental
resultg13] shaw thatthefunnelsortcanoutperformthepbne-
tunedquick-sortin the main memory Therefore we chose
thefunnelsortasoneof our sortingmethods.

Additionally, we have developedacache-oblriousradixsort,
becausacache-conscioumdixsorthasbeendeveloped11].
Our cache-oblrious radix sortis the binary radix sort with

our buffer hierarcly. The sorting processs similar to that
of the cache-oblrious hashjoin [20] exceptfor two differ-

enceskFirst,attheith phaseof theradixsort(i ' 0), weuse
the (log, M ax $ i)th bit from theright, whereM ax is the
maximumkey valueof thetuplesin therelation. Secondwe
usetheinsertionsortto sortthebasecase.



In thispaperwe usedtheradix sortandleave thecomparison
studyon thetwo sortingalgorithmsasfuture work.

¥ Groupingand aggregation. We usethe build phaseof the
hashjoin [20] to performgroupingandaggreation.

¥ Joins. We have implementedcache-oblious nested-loop
joinswith or withoutindexes[21], sort-megejoins,andhash
joins [20]. We brieRy introducethe cache-oblrious tech-
niquesusedin our join algorithms.

Thenon-indexedNLJ (denotedasCO_NLJ) performsrecur
sive partitioningon both relations. With recursve partition-
ing, both relationsare recursvely divided into two equal-

sizedsub-relationsandthejoin is decomposeihto four smaller

joins on the sub-relationpairs. This recursve procesggoes
onuntil thebasecases reached.

TheindexedNLJ usescache-obliousbuffersto improveits
temporalocality. Bufferingis performedoneachlevel of the
treeindex. Eachnon-leafnodeis associatedvith a buffer,
whichtemporarilystoresqueryitemsfor thenode.

Thesort-megejoin sortshothrelationsusingacache-oblious
sortingalgorithm,and meigesthe sortedrelationson a per
tuplebasis.

The hashjoin hasbeenimplementedusingrecursve binary
partitioningandcache-obliious buffers.

Each of thesejoin algorithmshasthe samememory efp-
cieng/ boundasits cache-consciousounterpart.

4.3 Costestimator

Whenmultiple queryplansareavailable,the optimizerchooses
theoneof theminimumcost. In the optimizerof EaseDB the cost
estimatorestimateghe cachecostof a queryplanin termsof the
datavolumetransferreetweerthe cacheandthe memory Com-
paredwith the cache-consciousostmodel[11], our estimationas-
sumesno knowledgeof the cacheparameter®f eachlevel or the
numberof levelsin a specibPanemoryhierarcly.

Our costestimatorestimateghe expectedvolumeof datatrans-
ferred(in bytes)betweenthe cacheandthe memoryin the cache-
obliviousmodel. This two-level memoryhierarcly hasthe follow-
ing characteristicor the simplicity of the costestimation. First,
both the cacheblock size and theg cachecapacityare a power of
two. SecondB is nolargerthan C accordingto the tall cache
assumptiofB & C) [18]. Notethattheseassumptionarebased
on somefundamentalpropertiesof the memoryhierarcly rather
thanspecibgarameteralues.Consequentlythereis no tuningor
calibrationinvolved.

To computethe expectedvolumeof datatransferreetweerthe
cacheand the memory causedby the algorithm, we needa cost
function of the algorithm. This costfunction estimateshe number
of cachemissescausedy thealgorithmfor a givencachecapacity
andcacheblock size.We denotethis costfunctionto beF (C, B).

Supposea query plan hasa working setsize ws bytes, which
is the total size of the data(e.qg., relationsandindexes) involved
in the queryplan. We considerall possiblecombinationsof the
cachecapacityandthe cacheblock sizeto computethe expected
datavolumetransferrecbetweerthe cacheandthe memoryon an
arbitrary memoryhierarcly. If C ' ws, this working setcan
bt into the cache. Oncedatain the working setare broughtinto
the cache,they stayin the cachefor further processing.Thatis,
further processingloesnot increasethe datavolume transferred.
We estimatethe datavolume of the casesthat the cachecapac-
ity is larger than the working set of the query plan to be zero.
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Thus, given a certainCy value, we considerall possibleB val-

uesand computethe expectedvolume of datatransferregto be

(W(léi(cx,lﬁ 2& (Cy,2)+ 4& (Cy,4)+ ..+ Cya
X | 1

F(Coo ) = oty 1one? 5 (Bx 8F (Cx,By)).

Therefore we estimatethe expectedvolume of datatransferred
tobeQ(F).

1
F = - -
Q(F) log, ws + 1(
k=logy Ws 1 i:loggl Cx
— - (Bx &F (Cx,Bx)).
k=0,C x =2k log, Ci+1 i=0,B x =2i

We usethecostestimatorto determinghequeryplanin theopti-
mizer. Givenaninput query the plangeneratogeneratesnultiple
possiblequeryplans. Then,we usethe costestimatorto estimate
theexpectedvolumeof datatransferredor eachqueryplan. Thus,
the optimizerdetermineswhich of thoseplanswill bethe mostef-
bcient,andrecommends to the executionengine.

We also usethe cost estimatorto determinethe suitablebase
casesize for a cache-obliious algorithm. The basecasesizeis
importantfor the efbcieny of divide-and-conquealgorithms. A
small basecasesizeresultsin a large numberof recursve calls,
which canyield asignibcanbverhead A large basecasesizemay
causecachethrashing.Sincethecostestimatomgivesthe cachecost
of analgorithm,we useit to comparethecostswith andwithoutthe
divide-and-conqueoperationfor a given problemsize. We obtain
the suitablebasecasesize to be the maximumsize of which the
problemis smallenoughto stopthe divide-and-conqueprocess.

Take CO_NLJ asanexample.We usethe costestimatorto com-
putethe minimum sizesof the relationsthat areworthwhile to be
partitionedin theNLJ. Specibcallywe comparghecachecostsfor
the NLJ without andwith partitioning: (1) thejoin is evaluatedas
a basecase,and(2) we divide the join into four smallerjoins and
evaluateeachof thesesmallerjoins asa basecase.SinceCO_NLJ
usesthetuple-baseaimpleNLJ to evaluatethe basecase the cost
functionsof the NLJ without andwith partitioningaregivenasF
andF ", respectiely. Note,we debné c to bethe sizeof thedata
(in bytes)broughtinto the cachefor arecursve call.

# 4 '
g, (IRI+ [RI&]S])) IS Cx

F(C.Bx) = s s (IRl + 1ISI)) , otherwise
) % g5 (2RIl + IR|&lIS|| + 4fc) JIS|l" 2Cx
F(CxBx) = o g (IRII+ [ISIl + 4f c) ISl & -
%(ZHRH + ||S]| + 4f ¢) ,otherwise

With the costestimatoywe obtain! = Q(F) and! "= Q(F").
Giventhe conditionof recursve partitioningin CO_NLJ, [|R|| =
[|S]|, we obtaintheminimumbasecasesizewhen! > ! .

Finally, we notethata cache-oblious costmodelfor the mesh
layoutwas proposedby Yoonetal. [39, 40]. Yoon®modelesti-
matesthe expectechumberof cachemissescausedy theaccesses
to amesh.In contrast,our costmodelestimateghe expectedvol-
umeof datatransferreetweerthecacheandthememoryfor gen-
eralqueryprocessinglgorithms.

5. PRELIMIN ARY RESULTS

We presentour preliminary performanceaesultson a few core
component®f EaseDB,specibcallythe PMA storagemodel, the
accessnethodsandthejoin algorithms.



5.1 Experimental setup

Our experimentsvereconductedn threemachinef different
architecturespnamely P4, AMD and Ultra-Sparc. The main fea-
turesof thesemachinesarelisted in Table3. The L2 cacheson
all threeplatformsare unibed. The Ultra-Sparcdoesnot support
hardwareprefetchingdatafrom themainmemory whereavothP4
andAMD do. AMD performsprefetchingfor ascendingequential
accesseenly whereasP4 supportgrefetchingfor both ascending
and descendingaccesses.In modernCPUSs, a translationlooka-
side buffer (TLB) is usedasa cachefor physical pageaddresses,
holding the translationfor the mostrecentlyusedpages.We treat
aTLB asaspecialCPU cache,usingthe memorypagesizeasits
cachdine size,andcalculatingits capacityasthenumberof entries

non-equijoinR.a; < S.a; and...and R.a, < S.a,. All pbelds
of eachtableareinvolvedin the non-equijoinpredicateso thatan
entiretupleis broughtinto the cachefor the evaluationof the pred-
icate. We usedthe non-indexed NLJ to evaluatethe non-equijoin
andusedtheindexedNLJ or the sort-megejoin or the hashjoin to
evaluatethe equi-join.

Table4 lists the main performancemetricsusedin our experi-
ments.We usedthe C/C++functionclock() to obtainthetotal exe-
cutiontime on all threeplatforms.In addition,we useda hardware
problingtool, PCL [8], to countcachemisseson P4.

Table 4: Performance metrics

- ; Metrics | Description
multiplied by the pagesize. TOT_CYC | Total executiontime in secondgsec)
L1.DCM | Numberof L1 datacachemissesn billions (10°)
Table 3: Machine characteristics L2.DCM | Numberof L2 datacachemissesn millions (10°)
Name Ultra-Sparc TLB.DM | Numberof TLB missesn millions (10°)
(6]} Linux 2.4.18 Linux 2.6.15 | Solaris8
Processor | Intel P4 | AMD Opteron | Ultra-Sparclll For the cache-consciouslgorithmsin our study we variedtheir
2.8GHz 1.8GHz 900Mhz parametewvaluesto examinethe performancevariance. Given a
L1DCache| <8K,64,4> | <128K,64,4 | <64K, 324> cacheparametely, of atamgetlevel in thememoryhierarcly (either
L2 cache | <512K,128,& | <1M, 128,8> | <8M, 64,8> C or B) of anexperimentplatform,we variedthe parametewalue
DTLB 64 1024 64 X in a cache-conscioualgorithmwithin a rangeso thatthe three
Memory | 2.0GB 15.0GB 8.0GB casex < y,x = y andx > y wereall obsered. Givena multi-

Intel P4supportghe SMT (Simultaneoudulti-Threading)fea-
tureto allow two concurrenthreadsunningin oneprocessof28].
Sincethe L2 cacheis sharedby the two runningthreadsin SMT,
we canevaluatethe performancempactof cachecoherencenour
algorithms. All experimentswere conductedn a single-threaded
ervironmentexceptthe oneevaluatingthe performanceémpactof
SMT.

All algorithmswereimplementedn C++andwerecompiledus-
ing g++ 3.2.2-5with optimizationBags(O3 andPnline-function
In our experimentsthe memorypool wassetto be 1.5G byteson
all platforms. The datain all experimentswere always memory-
residentandthe memoryusagenever exceeded®0%.

Theworkloadcontaingwo selectiorgueriesandtwo join queries
onrelationskR andS. Bothtablescontainn beldsay, ...,an , where
a; is arandomlygeneratedi-byteinteger We variedn to scaleup
or down thetuple size. Thetreeindex wasbuilt on the belda; of
R andS. Thehashindex washbuilt onthe belda; of R.

The selectionqueriesin our experimentsare in the following
form:

SelectR.a;
FromR
Where< predicate ;

One of the two selectiongueriesis with a non-equalitypredicate
x$ " < R.a; < x+ ") andthe otheran equality predicate
(R.a1 = x). Notethatx is a randomlygeneratedi-byteinteger

We usedthe B+-treeindex to evaluatethe non-equalitypredicate
andthe hashindex to evaluatethe equality predicate. Sincewe

focusedon the searchperformanceof the treeindex, we set” to a
smallconstansuchastenin the non-equalitypredicate.

Thejoin queriesin our experimentsare:

SelectR.a;
FromR, S
Where< predicate ;

One of the two join queriesis an equi-join and the other non-
equijoin. Theequi-jointakesR.a; = S.a; asthepredicateandthe
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level memoryhierarcly, we considereall cachelevelsandvaried
thecacheparametevaluein acache-conscioualgorithmfor every
level of thecache.

5.2 PMA

First, we comparedhe performancef PMA andthe linked list
for our consideratioron the choiceof the storagemodel. We began
with an emptyrelation and performedrandominsertionsinto the
relation. TherelationwasstoredusingPMA or thelinked list.

12 random insertion table scan
. 5
_— 3 02
® (]
@ 08 2
0 0.15
$ 06 3
8 o
= 04 £ 0l
o~ 2
= 0.2 0.05
0 4 8 0" 1 2 4 s
(a) IRI(M) (b) IRI(M)

Olinked-list N PMA

Figure 6: Performance of PMA and the link list on P4. On
the left is the insertion performance. On the right is the scan
performance.

Figurest (a,b)shaw the performancef PMA andthelinkedlist
for insertionandscan respectiely, whenthe upperbounddensity
thresholdgfor the log, |R|- and |R|-windows are setto be 100%
and90%. Thesehigh densitythresholdsmay causea large redis-
tribution overheadso that we can obsene the behaior of these
two choicesunderstresgestson updates.We obtainedsimilar re-
sultswhenthe densitythresholdswverevaried. We bxedr to be 8
bytesandvaried|R| in millions of tuples(M) to examinethe ef-
fect of the datasize. The bguresshav thatinsertionwith PMA is
slightly slower thanthat with the linked list, whereaghe scanon
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Figure 8: Performanceof hashindexes.The hashindex with Bk = 1is our cache-oblvious hashindex in EaseDB.

PMA is over twice fasterthanthat on the linked list. This result
clearly indicatesthat PMA is the choicefor the storagemodelin
our cache-oblioussetting.

5.3 Accessamethods

We evaluatedour accessnethodsncludingthe B+-treeandthe
hashindex. We executeda numberof selectionquerieson each
accessnethod.

5.3.1 B+-trees

We comparedhe searchperformanceof COB+-treesandcache
sensitve searchrees(CSS-tree$32]. Oneachplatform,wevaried
the fanoutof the CSS-tredrom 9 to 65. The nodesizewasvaried
from 32to 256 bytes.Figure7 shawvs the performanceomparison
with the numberof tuplesin the relationvaried. The numberof
selectionqueriesexecutedwas200K .

Onall platforms,COB+-treedave asimilar performanceo CSS-
trees. The performancegap betweenthem becomessmaller as
therelationsizeincreasesWhen|R| = 64M , the COB+-treeis
around20% slower thanthe bestCSS-treeon P4andAMD, andit
is lessthan1% slowerthanthe bestCSS-treeon Ultra-Sparc.

5.3.2 Hashindexes

We evaluatedthe hashindex with the averagenumberof tuples
in eachbucket, Bk, varied. The numberof selectionqueriesexe-
cutedwas200K . Figure8 shaws the performanceof hashindexes
whenBKk is variedfrom oneto 512. Sinceeachtupletakes8 bytes
(four bytesfor the value andfour bytesfor the recordidentiber),
the bucket sizeis around(8 ( Bk) bytes. Thatis, the bucket size
is variedfrom 8 to 4K bytes.Note,the cache-oblrioushashindex
istheonewith Bk = 1.

On all platforms,the performancealegradesdramaticallyasthe
Bk valueincreases.Due to the hardware prefetchingcapability
P4 hasa smallerperformancedegradationthan Ultra-Sparc. The
cache-oblrious hashindex is fasterthanthe cache-consciousne,
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becauséts bucketsizeis smallerandthecomputatiortime oneach
bucketis likely to be smaller However, it hasa larger spaceover
headdueto its largernumberof hashbuckets.

5.4 Join algorithms

We veribedthe effectivenesf our costestimatorandevaluated
the performanceof our cache-oblious join algorithmsin com-
parisonwith the bestperformanceof their cache-consciousoun-
terparts. The reportedresultsfor non-indexed NLJs and indexed
NLJswereobtainedwhen|R| = |S| = 256K andr = s = 128
bytes,|R| = [S| = 5M andr s 8 bytes, respectiely.
Theresultsfor sort-megejoins andhashjoins wereobtainedvhen
IR| = |S| = 32M andr = s = 8 bytes.Thesesettingswverecho-
sento be comparablego the previous studieson cache-conscious
join algorithms[11, 35, 41]. More detailedresultson eachindivid-
ual algorithmcanbefoundin ourrelatedpaperq20, 21].
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Figure 9: Performance of join algorithms with the basecase
sizevaried on P4. On the left is the non-indexed nested-loop
join. On theright is the hashjoin.



5.4.1 Modelveribcation

Figure9 shavs thetime breakdavn of two representatie cache-
oblivious join algorithms,non-indexed NLJs and hashjoins, with
thebasecasesizevariedon P4. Theresultsfor the sort-megejoin
algorithmare not shown in this Pgure,sincethey were similar to
thoseof the hashjoin. The busy time is obtainedby subtracting
thethreetypesof cachestallsfrom thetotal elapsedime. Thebase
casefor thenon-indexedNLJ is ajoin ontwo equal-sizegbartitions.
Thesizeof eachpartitionis comparedvith the capacitieof theL1
andL2 cachesandthe TLB. The basecasefor the hashjoin is a
join with a small hashtable. Sinceeachhashbucket is likely to
be onecacheline, the size of the hashtableis comparedwith the
numberof cachdinesin theL1 andL2 datacachesandthenumber
of entriesin the TLB.

With theestimatedasecasesize,the busytime andcachestalls
of bothalgorithmsaregreatlyreduced . Theseresultsverify the ef-
fectivenesof our costestimator Onemay conjecturefrom Figure
9(a)thatthe L1 cachecapacityis a betterguessthanour costes-
timator for the basecasesize on P4; unfortunately this particular
phenomenomoesnot hold for differentplatforms,differentalgo-
rithms, or differentdatasizes.

5.4.2 Single-theadedevaluation

Figure 10 shawvs the performancemeasurementsf join algo-
rithmsonthethreeplatforms.

Figures10 (abc)shav the performancédor non-indexed NLJs.
Thecache-consciouslgorithmis the blocked NLJ [35], whosepa-
rameteris the block sizeof theinnerrelation. We variedthe block
sizeof theblockedNLJ from 4K B to 16M B .

Figures10 (dbf) shav the performancefor indexed NLJs with
cache-obliiousandcache-consciouguffering schemeslin cache-
consciousbuffering [41], anindex treeis organizedinto multiple
subtreegcalledvirtual nodes [41]) andthe root of eachsubtrees
associatedvith a buffer. The parameterof this cache-conscious
buffering is the numberof treelevelsin a virtual node. Givenan
index tree of | levels, we variedthe numberof levelsin a virtual
nodefromoneto (I $ 1).

Figuresl10 (gbi)shav theperformancéor sort-megejoins. The
sortingalgorithmis the radix sort. The cache-consciousadix sort
worksin two phasesFirst, giventhepartitiongranularity gr bytes,
it dividestherelationinto multiple partitionsusingtheradix cluster
algorithm[11]. Eachpartitionis aroundgr bytes.Secondjt sorts
eachpartition using the quick sort. Thesebguresshowv the best
performancenbtainedin our tuningon the radix clusteralgorithm
for thegiven partitiongranularity

Figuresl0 (jbl) shav the performancdor hashjoins. Thecache-
consciousashjoin is theradixjoin [11]. In theradixjoin, we need
to tunethe partition fanoutandthe partition granularity Givena
certainpartitiongranularity gr bytes we variedthepartitionfanout
andmeasuredhe executiontime. Thesebgureshawv thebestper
formanceobtainedn ourtuningfor the given partitiongranularity

We analyzethe resultsof Figure 10 on three aspects. First,
we studythe performancevarianceof eachcache-conscioualgo-
rithm. On a given platform, the performancevarianceof a cache-
consciougoin algorithmwith differentparametewaluesis large.
Furthermore the performancevarianceof a cache-conscioual-
gorithm differs acrossplatforms. For example, the performance
varianceof cache-consciousdexed NLJson Ultra-Spards larger
than the othertwo platforms, whereasthe performancevariance
of cache-consciouson-indexed NLJs, sort-mege joins and hash
joinson Ultra-Spards smallerthanthe othertwo platforms.

Secondyve studythebestparametevaluesfor thecache-conscious

algorithms. On a given platform, the bestparametewalue for a
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Figure 11: Time breakdown of cache-oblivious algorithms and
the bestcache-consciouslgorithms on P4

cache-consciouin algorithmmay be noneof the cacheparam-
eters,e.g.,the sizesof the L1 andL2 datacachesor the number
of entriesin the TLB. Moreover, for a given cache-conscioual-

gorithm, the bestparameteraluesdiffer acrossplatforms. These
resultsshaw it is difbcultto determinghebestparametevalueson

differentplatformsevenwith the knowledgeof the cacheparame-
ters.

Third, we comparethe overall performanceof cache-conscious
and cache-oblrious algorithmson threeplatforms. Regardlessof
the architecturaldifferencesamongthe three platforms, our join
algorithmsprovide arobustandgoodperformanceln specibcthe
performancef ourjoin algorithmsis closeto, if notbetterthan,the
bestperformancef cache-consciougin algorithmson P4,andis
mostly betterthan the bestperformanceof cache-conscioupin
algorithmsbothon AMD andUltra-Sparc.

We further examinethe time breakdevn of our cache-obkious
algorithmsandthe bestcache-conscioualgorithmsin Figure11.
The total cachestalls of the cache-conscioumin algorithmsare
signibcant,becausehesealgorithmstypically optimize only for
the cacheof a chosenlevel and cachethrashingmay occurat the
levels otherthanthe chosenone. In contrast,the cachestalls of
our cache-oblrious algorithmsarelesssignibcandueto their au-
tomatic optimizationfor the entire memoryhierarcly. The busy
time s signiPcanmongall cache-obliousjoin algorithms.

5.4.3 Multi-threadedevaluation

Finally, we investicatedthe performancempactof cacheinter
ferenceon cache-consciouand cache-oblious algorithms. We
obsenedthattheexecutiontime of eachthreadrunningin themulti-
threadedervironmentwasnot stable whereaghe systemthrough-
put wasstable. The variancein the executiontime of eachthread
is becausef the resourcecontentionand sharingin SMT at run-
time. Thereforewe usedthesystenthroughputastheperformance
metric in the multi-threadedervironment. Figure 12 shaws the
throughputimprovementof SMT on P4. Both of the concurrent
threadsran the samealgorithm, either the cache-oblious algo-
rithm or the bestcache-conscioualgorithm.

SMT improvesthethroughpubf bothcache-consciousndcache-
oblivious algorithms. The improvementto the cache-oblious al-
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gorithmsis largerthanthatto thecache-conscioualgorithms.This
is becausedhe cache-obliious algorithmis more robust thanthe
cache-conscioualgorithmon the cachecoherenceWe conjecture
thatthe advantageof suchrobustnesf the cache-oblrious algo-
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rithmwill begreateiin thefuturewhentheprocessosupportsnore
concurrenthreadq28].

6. DISCUSSION

ThroughimplementingandevaluatingEaseDBwe have gothands-

onexperienceondevelopinganefbcientcache-obliiousquerypro-
cessorWe have alsodeepenedur understandingn theefbcieny
of cache-centric¢echniquesin thefollowing, we discusghe main
adwantagesandlimitations of cache-oblioustechniquesandout-
line afew futuredirections.

The main adwantageof cache-oblioustechniquess their self-
optimization. As we obsered in the experiments,EaseDBhada
consistentlygood performanceon ary machinewithout ary mod-
iPcation. This automaticityeliminatesthe needfor the cachepa-
rameterswhich arenot alwaysavailableand are often difbcult to
obtainautomatically Moreover, this automaticityis achievedwith-
outtuningfor a speciPanemoryhierarcly. For example,onemay
developanalgorithmto tunethe block sizeof theinnerrelationin



the blocked NLJ on a target machine. The tuningis basedon the
performancalifferencesof differentblock sizes. If alargerblock
sizeimprovesthe performancewe continueto increasethe block
size.However, suchtuningis affectedby boththestaticandthedy-
namiccharacteristicef the memoryhierarcly, which aredifbcult,
if possibleto determine.In contrast,cache-oblious techniques
rely on the divide-and-conquemethodologyto achieve the auto-
maticity.

Neverthelesstheefbcieny of cache-oblrioustechniqueseeds
carefuldesignandoptimization. Without knowledgeof ary cache
parameterscache-obltious techniquesusually employ sophisti-
cateddatastructure@andmechanismsg.g.,the VEB layoutandour
recursve buffering mechanismin orderto achieve the samecache
compleity astheir cache-consciousounterpart. Moreover, they
requiresomeautomaticand machine-independermaiptimizationto
improve their efbcieng. For instancea suitablebasecasesizeim-
provestheefbcieng, but it mustbe estimatedn a cache-obkious
way.

As the brst cache-obliious query processqrEaseDBopensa
numberof areasfor cache-obliious databasesTake the storage
modelasanexample.TraditionalqueryprocessorsiseNSM [31],
DSM[11, 29,36] or PAX (Partition AttributesAcross)[2] asstor
agemodels,eitherfor main memorydatabasesr for disk-based
databases.In contrast,we considerPMA to be a suitable stor
age model for cache-oblious query processing. Currently we
usePMA to storethe relationin a row-basedmanner However,
it is aninterestingdirectionto investicatehow to supportDSM ef-
bcientlyusing PMA. For instance we considerusing somecom-
pressionschemego reducethe datavolume transferrecbetween
thecacheandthe memoryin a cache-oblioussetting.

Finally, new architecturefeatures gspeciallythe emeging pro-
cessortechniques creategreat opportunitiesfor cache-oblrious
gueryprocessingIn additionto the SMT techniquethat hasbeen
investicatedin this study we areinterestedn severalotherarchitec-
tural featuresjn particular the transactionaemory[26], multi-
coreprocessorandGPUs(GraphicsProcessindJnits) [4].

7. CONCLUSION

As the memoryhierarcly becomesan importantfactorfor the
performanceof databaseapplicationswe proposeto apply cache-
oblivioustechniquego automaticallyimprove the memoryperfor
manceof relationalquery processing. In this paper we present
our initial efforts on building a cache-oblious query processar
EaseDBandreportour preliminaryresultson cache-obliousstor
age models,accesanethodsand joins in comparisonwith their
cache-consciousounterparts. Our resultsshowv that our cache-
oblivious algorithmsprovide a good performanceon variousplat-
forms,whichis similarto or evenbetterthantheir Pne-tuneaache-
consciousounterparts.

Our currentwork on EaseDBis focusedon (1) evaluatingand
improving the performanceof the cache-oblrious accessnethods
andqueryprocessin@lgorithms;(2) developingthecost-basedp-
timizer andverifying its effectivenessand(3) usingour prototype
engineto supportsomedata-intensie applications,for example,
scientibccomputing.We expectthatthe developmentandcontinu-
ousevaluationof our prototypesystemwill bring furtheralgorith-
mic andsystenresearchssues.
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