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ABSTRACT
We proposea radicalapproachto relationalqueryprocessingthat
aims at automaticallyand consistentlyachieving a good perfor-
manceon any memory hierarchy. We believe this automaticity
andstablenessof performanceis at timesmoredesirablethansome
peakperformanceachieved throughcarefultuning, especiallybe-
causebothdatabasesystemsandhardwareplatformsarebecoming
increasinglycomplex anddiverse. Our approachis basedon the
cache-obliviousmodel,in whichdatastructuresandalgorithmsare
awareof the existenceof a multi-level memoryhierarchy but do
not assumeany knowledgeabouttheparametervaluesof thehier-
archy, suchasthe numberof levels in the hierarchy, the capacity
andtheblocksizeof eachlevel. Sincetraditionaldatabasesystems
areintrinsically awareof theseparameters,e.g.,thememorypage
size,our cache-obliviousapproachrequiresusto rethinkthequery
processingarchitectureandimplementation.In thispositionpaper,
we presentthe architecturaldesignof our cache-oblivious query
processor, EaseDB,discussthetechnicalchallengesandreportour
initial results.

1. INTRODUCTION
Bothrelationaldatabasesystemsandhardwareplatformsarebe-

comingincreasinglycomplex anddiverse.As a result,it is a chal-
lengingtaskto automaticallyandconsistentlyachieveagoodquery
processingperformanceacrossplatforms. This problemis even
more severe for in-memoryquery processing,becausethe upper
levelsof a memoryhierarchy, suchastheCPUcaches,arehard,if
feasibleatall, to manageby software.

SinceCPU cachesarean importantfactor for databaseperfor-
mance[3, 11], cache-conscioustechniques[10, 11,14,22,35,41]
have beenproposedto improve the in-memoryquery processing
performance.In this approach,the capacityand block size of a
target level in a speciÞcmemoryhierarchy, e.g.,theL2 cache,are
takenasexplicit parametersfor datalayoutandqueryprocessing.
As a result,cache-conscioustechniquescanachieve a high perfor-
mancewith suitableparametervaluesand Þnetuning. Neverthe-
less,it is difÞcultto determinethesesuitableparametervaluesatall
timesandacrossplatforms[7, 20, 21, 33], sincethey areaffected
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by thecharacteristicsof thememoryhierarchy andthesystemrun-
timedynamics.

ConsideringthedifÞcultiesfacedby thecache-consciousapproach,
weproposeanotheralternative,namelycache-obliviousquerypro-
cessing,to achieve thegoalof improving in-memoryperformance
automatically. Ourapproachis basedonthecache-obliviousmodel
[18] proposedby M. Frigo et al. in 1999.A cache-obliviousalgo-
rithm is aware of theexistenceof a multi-level memoryhierarchy,
but assumesno knowledgeaboutthe parametersof the hierarchy.
By eliminatingthedependency on thememoryparameters,cache-
oblivious datastructuresandalgorithms[5, 7, 12, 13, 18] usually
have provableupperboundson the numberof block transfersbe-
tweenany two adjacentlevels of an arbitrarymemoryhierarchy.
Furthermore,thismemoryefÞciency asymptoticallymatchesthose
moreknowledgeableexternalmemoryalgorithmsin many cases.

Despitethenicetheoreticalpropertiesof thecache-obliviousap-
proach,it is uncertainwhethera relationalqueryprocessorcanbe
implementedin a cache-obliviousmanner. Onereasonis that tra-
ditional databasesystemsaredesignedto beawareof memorypa-
rameters.Moreover, mostof thecache-obliviouswork is on basic
datastructuresandcomputationalalgorithms,for example,cache-
oblivious B-trees[5, 7], sorting and matrix operations[18]. As
such,evenif a cache-obliviousqueryprocessoris implemented,it
is unclearhow well it will performon realmachines,especiallyin
comparisonwith aÞne-tuned,cache-consciouscounterpart.

In this paper, we presentour initial designof EaseDB,the Þrst
cache-obliviousqueryprocessorfor memory-residentrelational
databases.Wealsodiscussthetechnicalchallengesin cache-oblivious
query processingand report our experiencewith designing,im-
plementing,andevaluatingcache-obliviousqueryprocessingtech-
niques.

2. TECHNICAL CHALLENGES
In this section,we identify Þve technicalchallengesin cache-

obliviousqueryprocessinganddiscussthemin order.
TheÞrsttechnicalchallengelies in thedesignof cache-oblivious

queryprocessingalgorithmsthatasymptoticallymatchthememory
efÞciency of their cache-consciouscounterparts.Existing cache-
obliviouswork hasfocusedon thememoryefÞciency, but noneof
it is aboutrelationalqueryprocessing.Relationalqueryprocessing
algorithms,suchas partitionedhashjoins [11, 35], can be both
computationand data-intensive. Moreover, thesealgorithmsare
carefullydesignedto take into accountthememoryparametersand
achieveahighmemoryefÞciency.

In contrast,assumingno knowledgeaboutthememoryparame-
ters,cache-oblivioustechniquesareusuallydesignedto divide and
conquer[18]. SpeciÞcally, a problemis divided into a numberof
sub-problemsrecursively andthe recursionwill not enduntil the
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smallestunit of computationis reached.The intuition is that, at
somepoint of the recursion,the sub-problemwill Þt into some
level of thememoryhierarchy andwill furtherÞt into oneblockas
therecursioncontinues.However, dueto theabsenceof memory-
speciÞcparameters,thebasecaseof therecursionis usuallysetas
small constants,e.g., the binary fanoutof a cache-oblivious B+-
tree.Consequently, thedivide-and-conquerprocessmaybeunnec-
essarilylong. If this processinvolvesa signiÞcantamountof data
access,asin queryprocessing,thealgorithmsneedto becarefully
designedto improve thememoryefÞciency.

The secondchallengeis about the reductionof the recursion
overheadin cache-oblivious algorithmswithout the knowledgeof
cacheparameters.As the basecasesize in the recursionis usu-
ally small, the recursionprocessgoesunnecessarilydeep.Conse-
quently, therecursionoverhead,especiallythecomputationalover-
head,becomessigniÞcant.For instance,the cache-obliviousnon-
indexednestedloop join hadthreetimeslessCPUbusytime when
thebasecaseincreasedfrom oneto two tuplesin our experiments.
Moreover, thedominanceof computationalcostin theoverall time
remainedfor all basecasessmallerthan64tuples.Thus,it is neces-
saryto determineasuitablebasecasesizeto avoid theunnecessary
recursions.

Thethird challengeis alsoa majoronein traditionalquerypro-
cessing- costestimationfor queryoptimization. The difference,
again, is the absenceof memoryparameters.Traditional query
optimizersestimatecostson CPU instructions[37] and disk ac-
cesses[31], and a recentcache-consciouscost model estimates
CPUcachestallswith givencacheparametersof all levelsof caches
in thememoryhierarchy [11]. However, it is infeasiblefor acache-
obliviousqueryprocessorto estimatetheabsolutecostwithout the
cacheparametervalues. Therefore,we needto considerrelative
costsandto computeexpectedvaluesfor anarbitrarymemoryhi-
erarchy. Additionally, this cost estimationwill be useful for the
determinationof thebasecasesize.

Thefourthchallengeis on a cache-obliviousstoragemodel.Ex-
istingstoragemodels,e.g.,theslotted-pagestoragemodel[31], are
inherentlyconsciousof the disk, the memory, or the CPU cache
parameters.In orderto make a queryprocessorcompletelycache-
oblivious, the storagemodel must be redesigned.A few cache-
obliviousin-memorydatastructures,e.g.,thePackedMemoryAr-
ray (PMA) [5], have beenproposedso far, but noneof themhave
beenstudiedin considerationof queryprocessingworkloads.Ad-
ditionally, eventhoughwefocusonread-onlyqueriesat thecurrent
stage,it is desirableto alsoleave roomfor updateefÞciency in our
storagemodel.

TheÞnalchallengeisontheperformanceevaluationof ourcache-
obliviousqueryprocessorin comparisonwith its cache-conscious,
Þne-tunedcounterparts.Most of thecache-obliviouswork focused
on establishingtheoreticalboundsof its memory efÞciency. In
contrast,we emphasizeon empirically evaluatingthe cacheper-
formanceaswell asthe overall performanceof our queryproces-
sor on varioushardwareplatformsin additionto studyingits the-
oreticalbounds. Furthermore,to facilitatea fair comparison,we
needto implementrepresentative cache-consciousalgorithmsand
to tunetheir parametervaluesfor thebestperformance.In our ex-
periments,wehave foundthattheperformanceof cache-conscious
algorithmsvariesgreatlywith theparametervaluesandthebestpa-
rametervaluesfor thesealgorithmsareoftennoneof theparameter
valuesof thememoryhierarchy.

3. BACKGROUND AND RELATED WORK
In this section,we Þrst review the backgroundon the memory

hierarchy andthencache-centrictechniquesincludingbothcache-

consciousandcache-oblivioustechniques.

3.1 Memory hierarchy
The memoryhierarchy in moderncomputerstypically contains

multiple levelsof memoryfrom topdown [23]:
¥ Processorregisters.They provide thefastestdataaccess,usually
in oneCPUcycle. Thetotal sizeis hundredsof bytes.
¥ Level 1 (L1) cache.The accesslatency is a few cyclesandthe
sizeis usuallytensof kilobytes(KB).
¥ Level 2 (L2) cache.It is anorderof magnitudeslower thanthe
L1 cache.Its sizerangesfrom 256KB to a few megabytes(MB).
¥ Level 3 (L3) cache. It is presentin the Intel Itanium [25]. It
hasa higher latency than the L2 cache. Its size is often several
megabytes.
¥ Main memory. Theaccesslatency is typically hundredsof cycles
andthesizecanbeseveralgigabytes(GB).
¥ Disks.Theaccesslatency is hundredsof thousandsof cycles.The
capacityof asinglediskcanbeup to severalhundredgigabytes.
Each level in the memoryhierarchy hasa larger capacityand a
sloweraccessspeedthanits higherlevels. In thispaper, weusethe
cacheand thememoryto representany two adjacentlevelsin the
memoryhierarchywheneverappropriate.

WedeÞneacacheconÞgurationasa three-elementtuple< C, B,
A> , whereC is thecachecapacityin bytes,B thecacheline size
in bytesandA thedegreeof set-associativity. Thenumberof cache
linesin thecacheis C

B . A=1 is adirect-mappedcache,A= C
B a fully

associativecacheandA=n ann-associativecache(1 < n < C
B ).

For the designandanalysisof algorithmson the memoryhier-
archy, a numberof cachemodelshave beenproposed,suchasthe
externalmemorymodel(alsoknownasthecache-consciousmodel)
[1] andthecache-obliviousmodel[18]. Bothmodelsassumeatwo-
level hierarchy, thecacheandthememory. Especially, thecache-
obliviousmodelassumesanidealcache,which is fully associative
andusesanoptimalreplacementpolicy [18]. Thecachecomplexity
of analgorithmis deÞnedto be theasymptoticalnumberof block
transfersbetweenthecacheandthememoryincurredby thealgo-
rithm. Frigoetal. showedthat,if analgorithmhasanoptimalcache
complexity in thecache-obliviousmodel,this optimality holdson
all levelsof amemoryhierarchy [18].

3.2 Cache-conscioustechniques
Cache-conscioustechniques[10, 11, 14, 22, 35, 41] have been

the leadingapproachto optimizing the cacheperformanceof in-
memory relational query processing. Representatives of cache-
conscioustechniquesincludeblocking[35], buffering [22, 41] and
partitioning [11, 35] for temporallocality, and compression[10]
andclustering[15] for spatiallocality.

Cache-consciousalgorithmsexplicitly take cacheparametersas
input. A commonway of obtainingthesecacheparametersis to
usecalibrationtools[27]. Oneproblemof calibrationis thatsome
calibrationresultsmaybe inaccurateor missing,especiallyasthe
memorysystembecomesmorecomplex anddiverse.For example,
thecalibrator[27] doesnot give thecharacteristicsof TLB on the
P4or Ultra-Sparcmachinesusedin ourexperiments.Furthermore,
thebestparametervaluesfor a cache-consciousalgorithmmaybe
noneof thecacheparameters,asour experimentsshowed. In con-
trast,cache-oblivioustechniquesareanautomaticapproachto per-
formanceoptimizationfor theentirememoryhierarchy without the
needfor any cacheparameters.

3.3 Cache-oblivious techniques
Twomainmethodologiesof acache-obliviousalgorithmaredivide-

and-conquerandamortization[16].
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Figure1: The cache-obliviousB+-tree

Thedivide-and-conquermethodologyis widely usedin general
cache-oblivious algorithms,becauseit usually resultsin a good
cacheperformance.In this methodology, a problemis recursively
dividedinto a numberof subproblems.At somepoint of therecur-
sion,thesubproblemcanÞt into thecache,eventhoughthecache
capacityis unknown.

Following thedivide-and-conquermethodology, weproposedto
usetwo cache-oblivious techinques,recursiveclustering[21] and
recursivepartitioning [20], for thespatialandtemporallocality of
dataaccess,respectively. As their namessuggest,recursive parti-
tioningrecursively partitionsdatasothatatsomelevel of therecur-
siona subpartitionis fully containedin somelevel of thememory
hierarchy, andrecursive clusteringrecursively placesrelateddata
togetherso that a clusterÞts into oneblock at somelevel of the
recursion.An exampleof recursive partitioningis the quick sort,
oneof themostefÞcientsortingalgorithmsin themainmemory.

An exampleof recursive clusteringis the cache-oblivious B+-
tree (COB+-tree)[5, 6]. A COB+-treeis obtainedby storing a
completebinarytreeaccordingto thevanEmdeBoas(VEB) layout
[38], asillustratedin Figure1. Supposethetreeconsistsof N nodes
andhasa heightof h = log2(N + 1). TheVEB layoutproceeds
asfollows. It Þrstcutsthe treeat the middle level, i.e., the edges
below the nodesof height h/ 2. This cut divides the tree into a
top subtree,A, andapproximately

!
N bottomsubtreesbelow the

cut,B1, B2, ..., andBt . Eachsubtreecontainsaround
!

N nodes.
Next, it recursively storesthesesubtreesin theorderof A, B1, B2,
..., andBt . The memoryefÞciency of onesearchon a complete
binary subtreestoredin the VEB layout matchesthat of a cache-
consciousB+-tree(CCB+-tree)[5, 6].

Theamortizationmethodologyis usedto reducetheaveragecost
peroperationfor asetof operations,eventhoughthecostof asingle
operationmaybehigh. We useamortizationto improve thereuse
of thedatathatresidein thecache.SpeciÞcally, we have designed
a novel cache-obliviousbuffer hierarchy to amortizedataaccesses
to the buffers [20, 21], as shown in Figure 2. Thesebuffers are
organizedinto ahierarchy. Whenabuffer is full, weßushthebuffer
by distributing thebuffereditemsto its child buffersrecursively.

Thesizesof buffersin thehierarchy arerecursively deÞned.This
deÞnitionfollows the VEB recursion[38]. At eachcut of the re-
cursion,wedeÞnethesizesof thebuffersat themiddlelevel. If the
treecontainsN buffers, we set the sizeof a buffer at the middle
level to beN

1
2 log2 N

1
2 , which equalsthetotal sizeof thebuffers

in the bottomsubtree. This processendswhen the treecontains
only onebuffer. If thesizeof thebuffer for this nodehasnot been
determined,it is setto a small value. For example,if thebuffer is
usedin a treeindex, it is setto the index nodesize[21]. At some

Buffer

R

Figure 2: A buffer hierarchy in EaseDB.The buffers form a
binary tr eestructur e. Their sizesare recursively deÞned.

Table1: Notationsusedin this paper
Parameter Description

C Cachecapacity(bytes)
B Cacheline size(bytes)

R, S Outerandinnerrelationsof thejoin
r ,s Tuplesizesof R andS (bytes)

|R|,|S| Cardinalitiesof R andS
||R||,||S|| Sizesof R andS (bytes)

CS Thebasecasesizein numberof tuples

level of therecursion,bufferscanÞt into thecacheandarereused
beforethey areevicted from the cache.Thus,the averagecostof
eachoperationis reduced.

Representatives of existing cache-oblivious techniquesinclude
recursive partitioning[18] andbuffering [12, 18] for temporallo-
cality, andrecursive clustering[5] for spatiallocality. Especially
for queryprocessing,thefollowing cache-obliviousdatastructures
andalgorithmsmatchthecachecomplexity of theircache-conscious
counterparts.Thenotationsusedthroughoutthispaperaresumma-
rizedin Table1.

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

¥ Sorting[13]: Thecachecomplexity of sortingrelationR is
O( |R |

B logC |R|).

¥ Nested-loopjoins (NLJ) [21]: Thecachecomplexity of join-
ing relationsR andS without andwith theB+-treeindex is
O( |R |á|S |

C áB ) andO( |R |
B logC |S|), respectively. For indexed

NLJs,aCOB+-treeis built on S in advance.

¥ Hashjoins[20]: Thecachecomplexity of joining relationsR
andS is O( |R |

B logC |S|), whereR andS aretheprobeand
build relations,respectively.

Our previous work [20, 21] hasdesignedcache-oblivious algo-
rithmsfor NLJsandhashjoins. In this paper, we discussarchitec-
turaldesignandimplementationissuesin developingafull-ßedged
cache-obliviousqueryprocessorinsteadof focusingon individual
algorithms.
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Table2: Main memory relational query processors
FastDB TimesTen MonetDB EaseDB

Category cache-conscious cache-conscious cache-conscious cache-oblivious
Queryoptimizer rule-based instructioncost-based cachecost-based cachecost-based
Supportedindexes T-tree,hashindex B+-Tree,T-tree,hashindex B+-Tree,T-tree,hashindex B+-Tree,hashindex
Accessto databaseÞle virtual memory mainmemory virtual memory mainmemory
Storagemodel row-based row-based column-based row-based

EaseDB

SQL

Results

Plan executor

Parser

CO 
cost estimator

Plan 
generator

Query plan

Parsed query
Operators

CO
B+-tree

Table 
scan

CO
Hash index

Table scan
Index scan

Sort
Hashing

Hash-grouping

Nested-loop
Sort-merge
Hash-joinFunnel sort

Quick sort

Join

Sort Aggr .

Sel. Proj .

Access
methods

Execution engine

Memory 
manager

RelationStorage

Radix sort

Figure3: The systemarchitectureof EaseDB

4. EASEDB
In this section,we describethe architecturaldesignandimple-

mentationstatusof EaseDB,our cache-obliviousqueryprocessor.
Thegoalof EaseDBis to automaticallyandconsistentlyachieve a
goodperformanceonvariousmachinesatall times.

4.1 SystemOverview
Figure 3 shows the systemarchitectureof EaseDB.Thereare

threemajor components,namelythe SQL parser, the queryopti-
mizer, andtheplanexecutor. Thequeryoptimizerin turn consists
of a queryplangeneratoranda cache-obliviouscostestimator. At
thetimeof writing, wehaveÞnishedtheimplementationof mostof
theplanexecutorandthecostestimator. We will reusetheparser
componentof PostgreSQL[30] for our SQL parserandwill usea
Selinger-style optimizer [34] for plan generation.Additionally, a
two-phaseoptimizationstrategy [24] will beusedto limit theplan
searchspacein theoptimizer.

EaseDBcurrentlyrunsin a singleprocess(thread).We will ap-
ply a multi-threadingmechanismat the operatorlevel, similar to
thatin stageddatabases[19]. Weexpectthismulti-threadingmech-
anismwill boosttheperformanceadvantageof cache-obliviousal-
gorithmsover cache-consciousones,becausecache-oblivious al-
gorithmsare more robust on cachecoherenceamongconcurrent
threadsin a processor[20]. Moreover, the self-optimizingnature
of cache-obliviousalgorithmseliminatesthetuningwork required
in amulti-threadedenvironment.

Table2 summarizesthemainfeaturesof EaseDBin comparison
with threeexisting main memoryrelationalqueryprocessors,in-
cluding FastDB [17], TimesTen [37] and MonetDB [29]. These
threequery processorsare cache-conscious,whereasEaseDBis
cache-oblivious. EaseDBusescachecostasthecostmetric in the
queryoptimizer, becausethememoryhierarchy hasbecomeanim-
portantfactorin theperformanceof relationalqueryprocessing.

In the following, we focusour discussionon the plan executor
andthecostestimator.

4.2 Executionengine
We divide the executionengineinto threelayers,including the

storage,accessmethodsandqueryoperators.

4.2.1 Storage
Currently EaseDBusesarraysto representrelationsin a row-

basedmanner. Recentwork [2, 29, 36] hasshown that column-
basedandrow-basedstoragemodelshave theirown prosandcons.
Our decisiontowardsa row-basedstoragemodelis mainly dueto
its simplicity, becauserelationalrowsmapnaturallyto arraysin the
mainmemory.

We considerboth staticdata(no updates)anddynamicdatain
our storagemodel. A genericarray for static data is sufÞcient;
however, its performancesuffersfrom updates.In comparison,the
linkedlist is acommonstoragemodelfor dynamicdatain acache-
conscioussetting. The nodesizeof the linked list is determined
accordingto the cacheblock size. For example,the slottedpage
modelis essentiallya linkedlist with a nodesizeequalto thepage
size.However, without theknowledgeof thecacheblock size,the
linkedlist mayhaveaverybadscanperformance.Consideranode
of sizes. Thisnodespans"s/B #+ 1 cachelinesin theworstcase,
even thoughs can be very small. Therefore,an efÞcientcache-
obliviousstoragemodelthatbalancesthescanandupdatecostsis
required.

We usethepackedmemoryarray(PMA) [5] asa storagemodel
for dynamicdata. To make our presentationself-contained,we
brießy describehow PMA works [5]. PMA is essentiallyan ar-
raywith someunoccupied(or free)slots.Thedensityof anarrayis
deÞnedastheratioof thenumberof elementsoverthetotalnumber
of slotsin thearray. A genericarrayhasadensityof 100%.

The basicideaof PMA is to deÞnewindows of differentsizes
ascontiguousareasof differentsizeson the array, andto further
deÞnethe densitythresholdsfor thesewindows. The window is
deÞnedafter its size: a k-window meansthe sizeof the window
is k, whoseslotsstart from index (j $ 1) %k (1 & j & N/k ,
N is the numberof slots in the array). For simplicity, k = 2i

(i = log2log2N , log2log2N + 1, ..., log2N ). Thatis, thesmallest
window is of a size log2N and the largestone of N . The den-
sity thresholdsare deÞnedwith the following two rules: (1) the
upper-bounddensity thresholddecreaseslinearly as the window
sizeincreases;(2) thelower-bounddensitythresholdincreaseslin-
early as the window size increases.Given the lower-boundand
upper-bounddensitythresholdsof the log2N -window andtheN -
window, all densitythresholdsfor windows of differentsizescan
bedetermined.

Insertingatupleat index j of PMA is handledasfollows. Weex-
aminethe2i -windowscontainingj , i = log2log2N , log2log2N +1,
..., log2N until theÞrstwindow is foundwhosedensityis smaller
than its upper-bounddensitythreshold. After insertingthe tuple
into this window, we redistribute the elementsevenly within the
window. Deletionsarehandledsimilarly. By design,PMA hasthe
following memoryefÞciency bounds:(1) scanningany n consec-
utive elementscausesO(n/B + 1) cachemisses;(2) insertingor
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Figure4: The memory pool in EaseDB

deletinganelementcausesO( (log2 N )2

B + 1) cachemissesonaver-
age.

Wehavetwo considerationsfor usingPMA in EaseDB.First,we
will adjustthe densitythresholdsof the log2N - andN -windows.
This adjustmentwill be basedon the frequency of insertionand
deletion. Second,we will usestrict two-phaselocking [31] for
concurrency controlon PMA. A PMA window is lockedwhenthe
redistributionof elementsis propagatedto this window.

After introducingthestoragemodelin EaseDB,we discussour
designon memorymanagement.EaseDBhasa memorymanager
to handlememoryallocationand deallocation. Similar to other
main memory databases[17, 29, 37], EaseDBdoesnot have a
global buffer manager. When EaseDBstartsup, it pre-allocates
a large memorypool. The memoryspacerequiredfor querypro-
cessingis allocatedfrom thepoolondemand.

We further divide the memorypool into two parts,the tempo-
rary store andtheobjectstore, asshown in Figure4. The tempo-
rarystoreallocatesthememoryfrom topdown, whereastheobject
storefrom bottomup. If thesetwo storesoverlap,thememorypool
is running out of free memory. When this happens,either some
memorywill bereleasedfrom thepool or a new memorypool will
beallocated.

Thetemporarystoreis for storingtemporaryresultsandauxiliary
datastructuressuchasbuffersfor queryprocessing.Thenatureof
thesedatais dynamic.Therefore,it usesthesequentialÞt scheme
[9] in memoryallocationfor high memoryutilization. In the se-
quentialÞt scheme,the processof handlinga memoryrequestis
to traverseall memoryblocksuntil it reachesa free block that is
largeenoughto satisfythememoryrequest.To releasea memory
block, it locatestheblock, releasesit andmaymerge it with adja-
centblocksof freememory. TheoriginalsequentialÞtschemeuses
a linked list to maintainthe stateinformation of memoryblocks
[9]. In EaseDB,we usePMA anda cache-obliviousB+-treebuilt
on top of the PMA to speedup the searchprocessfor a Þt free
block. Note,thespaceallocatedin thetemporarystoreis privateto
asinglethreadsothattheoverheadof concurrency controlonthese
spaceis avoided.

Theobjectstoreis usedto storethebaserelationsandtheindexes
in EaseDB,which aremorestablethanthe datain the temporary
store.Thisobjectstoreis sharedamongthreads.Sincetherelations
andtheindexesareall storedusingPMA, thestartaddressesof their
correspondingPMAs arelocatedvia a hashindex on the relation
nameor index name.

4.2.2 Accessmethodsandqueryoperators
In the current status,EaseDBsupportsthree commonaccess

methods,includingthetablescan,theB+-treeandthehashindex.

11
22 nil
33

97 nil
98 nil
99 nil

1 nil

Hash 
buckets

3 nil

Overflow
buckets

333

Figure5: The cache-oblivioushashindex

- Tablescan.Therelationis sequentiallyscannedor a binary
searchis performedon the relationaccordingto the sorted
key in therelation(if applicable).

- B+-trees. The COB+-treehasthe samememoryefÞciency
boundsastheCCB+-tree,andits performanceondisk-based
applicationsis close to or even better than the Þne-tuned
CCB+-tree[7]. For in-memoryqueryprocessing,theCOB+-
treehasaverysimilar performanceto theCCB+-tree.

- Hashindexes.Thehashindex for R consistsof |R| buckets
sothateachbucket is expectedto containonetuple. An ex-
ampleof sucha hashindex is shown in Figure5. Themem-
ory efÞciency boundof a probeon the hashindex is O(1),
which matchesthe memoryefÞciency boundof a probeon
the cache-conscioushashindex [31]. However, the cache-
oblivious hashindex hasa spaceoverheaddueto the large
numberof hashbuckets.

We next brießydiscusscache-obliviousalgorithmsfor common
queryprocessingoperators.

¥ Selection. In the absenceof indexes,a sequentialscanor
binarysearchon the relationis used. In thepresenceof in-
dexes,if theselectivity is high,a datascanon therelationis
performed.Otherwise,the B+-treeindex or the hashindex
canbeused.

¥ Projection. If duplicateeliminationis required,we useei-
thersortingor hashingto eliminatetheduplicatesfor thepro-
jection.

¥ Sorting. Two cache-oblivious sortingalgorithms,namely
the funnel sort [12, 18] andthe distribution sort [18], have
beenproposed.Thefunnelsort is essentiallythemergesort
implementationwith cache-obliviousbuffers. Experimental
results[13] show thatthefunnelsortcanoutperformtheÞne-
tunedquick-sortin the main memory. Therefore,we chose
thefunnelsortasoneof oursortingmethods.

Additionally, wehavedevelopedacache-obliviousradixsort,
becauseacache-consciousradixsorthasbeendeveloped[11].
Our cache-oblivious radix sort is the binary radix sort with
our buffer hierarchy. The sortingprocessis similar to that
of the cache-oblivious hashjoin [20] except for two differ-
ences.First,at thei th phaseof theradixsort(i ' 0), weuse
the(log2 M ax $ i )th bit from theright, whereM ax is the
maximumkey valueof thetuplesin therelation.Second,we
usetheinsertionsortto sortthebasecase.
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In thispaper, weusedtheradixsortandleavethecomparison
studyon thetwo sortingalgorithmsasfuturework.

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

¥ Joins. We have implementedcache-oblivious nested-loop
joinswith or withoutindexes[21], sort-mergejoins,andhash
joins [20]. We brießy introducethe cache-oblivious tech-
niquesusedin our join algorithms.

Thenon-indexedNLJ (denotedasCO NLJ) performsrecur-
sive partitioningon bothrelations.With recursive partition-
ing, both relationsare recursively divided into two equal-
sizedsub-relations,andthejoin isdecomposedinto foursmaller
joins on the sub-relationpairs. This recursive processgoes
onuntil thebasecaseis reached.

TheindexedNLJ usescache-obliviousbuffersto improve its
temporallocality. Bufferingis performedoneachlevel of the
tree index. Eachnon-leafnodeis associatedwith a buffer,
which temporarilystoresqueryitemsfor thenode.

Thesort-mergejoin sortsbothrelationsusingacache-oblivious
sortingalgorithm,andmergesthe sortedrelationson a per-
tuplebasis.

Thehashjoin hasbeenimplementedusingrecursive binary
partitioningandcache-obliviousbuffers.

Each of thesejoin algorithmshas the samememory efÞ-
ciency boundasits cache-consciouscounterpart.

4.3 Costestimator
Whenmultiple queryplansareavailable,theoptimizerchooses

theoneof theminimumcost.In theoptimizerof EaseDB,thecost
estimatorestimatesthe cachecostof a queryplan in termsof the
datavolumetransferredbetweenthecacheandthememory. Com-
paredwith thecache-consciouscostmodel[11], ourestimationas-
sumesno knowledgeof the cacheparametersof eachlevel or the
numberof levelsin aspeciÞcmemoryhierarchy.

Our costestimatorestimatestheexpectedvolumeof datatrans-
ferred(in bytes)betweenthecacheandthememoryin thecache-
obliviousmodel.This two-level memoryhierarchy hasthefollow-
ing characteristicsfor the simplicity of the costestimation.First,
both the cacheblock size and the cachecapacityare a power of
two. Second,B is no larger than

!
C accordingto the tall cache

assumption(B &
!

C) [18]. Notethattheseassumptionsarebased
on somefundamentalpropertiesof the memoryhierarchy rather
thanspeciÞcparametervalues.Consequently, thereis no tuningor
calibrationinvolved.

To computetheexpectedvolumeof datatransferredbetweenthe
cacheand the memorycausedby the algorithm, we needa cost
functionof thealgorithm.This costfunctionestimatesthenumber
of cachemissescausedby thealgorithmfor agivencachecapacity
andcacheblocksize.Wedenotethis costfunctionto beF (C, B ).

Supposea queryplan hasa working set size ws bytes,which
is the total size of the data(e.g., relationsand indexes) involved
in the query plan. We considerall possiblecombinationsof the
cachecapacityandthe cacheblock sizeto computethe expected
datavolumetransferredbetweenthecacheandthememoryon an
arbitrary memoryhierarchy. If C ' ws, this working set can
Þt into the cache. Oncedatain the working setarebroughtinto
the cache,they stay in the cachefor further processing.That is,
further processingdoesnot increasethe datavolumetransferred.
We estimatethe datavolume of the casesthat the cachecapac-
ity is larger than the working set of the query plan to be zero.

Thus, given a certainCx value, we considerall possibleB val-
uesand computethe expectedvolume of data transferredto be
( 1
log2

!
C x +1

(1áF (Cx , 1)+ 2áF (Cx , 2)+ 4áF (Cx , 4)+ ...+
!

Cx á

F (Cx ,
!

Cx ))) = 1
log2

!
C x +1

! i =log2
!

C x

i =0,B x =2i (Bx áF (Cx , Bx )) .
Therefore,we estimatetheexpectedvolumeof datatransferred

to beQ(F ).

Q(F ) =
1

log2 ws + 1
(

k =log2 w s"

k =0,C x =2k

1
log2

!
Cx + 1

i =log2
!

C x"

i =0,B x =2i

(Bx áF (Cx , Bx )) .

Weusethecostestimatorto determinethequeryplanin theopti-
mizer. Givenaninput query, theplangeneratorgeneratesmultiple
possiblequeryplans. Then,we usethe costestimatorto estimate
theexpectedvolumeof datatransferredfor eachqueryplan.Thus,
theoptimizerdetermineswhich of thoseplanswill bethemostef-
Þcient,andrecommendsit to theexecutionengine.

We also usethe cost estimatorto determinethe suitablebase
casesize for a cache-oblivious algorithm. The basecasesize is
importantfor the efÞciency of divide-and-conqueralgorithms. A
small basecasesize resultsin a large numberof recursive calls,
which canyield a signiÞcantoverhead.A largebasecasesizemay
causecachethrashing.Sincethecostestimatorgivesthecachecost
of analgorithm,weuseit to comparethecostswith andwithoutthe
divide-and-conqueroperationfor a givenproblemsize. We obtain
the suitablebasecasesize to be the maximumsizeof which the
problemis smallenoughto stopthedivide-and-conquerprocess.

Take CO NLJ asanexample.We usethecostestimatorto com-
putethe minimum sizesof the relationsthat areworthwhile to be
partitionedin theNLJ.SpeciÞcally, wecomparethecachecostsfor
theNLJ without andwith partitioning: (1) the join is evaluatedas
a basecase,and(2) we divide the join into four smallerjoins and
evaluateeachof thesesmallerjoins asa basecase.SinceCO NLJ
usesthetuple-basedsimpleNLJ to evaluatethebasecase,thecost
functionsof theNLJ without andwith partitioningaregivenasF
andF ", respectively. Note,we deÞnef c to bethesizeof thedata
(in bytes)broughtinto thecachefor a recursivecall.

F (Cx , Bx ) =
# 1

B x
(||R|| + |R| á||S||) , ||S|| ' Cx

1
B x

(||R|| + ||S||) , other wise

F "(Cx , Bx ) =

$
%

&

1
B x

(2||R|| + |R| á||S|| + 4f c) ,||S|| ' 2Cx
1

B x
(||R|| + ||S|| + 4f c) ,||S|| & C x

2
1

B x
(2||R|| + ||S|| + 4f c) ,other wise

With thecostestimator, we obtain! = Q(F ) and! " = Q(F ").
Given the conditionof recursive partitioningin CO NLJ, ||R|| =
||S||, weobtaintheminimumbasecasesizewhen! > ! ".

Finally, we notethata cache-obliviouscostmodelfor themesh
layout wasproposedby Yoon et al. [39, 40]. YoonÕs modelesti-
matestheexpectednumberof cachemissescausedby theaccesses
to a mesh.In contrast,our costmodelestimatestheexpectedvol-
umeof datatransferredbetweenthecacheandthememoryfor gen-
eralqueryprocessingalgorithms.

5. PRELIMIN ARY RESULTS
We presentour preliminaryperformanceresultson a few core

componentsof EaseDB,speciÞcallythe PMA storagemodel, the
accessmethodsandthejoin algorithms.
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5.1 Experimental setup
Our experimentswereconductedon threemachinesof different

architectures,namelyP4, AMD and Ultra-Sparc. The main fea-
turesof thesemachinesare listed in Table3. The L2 cacheson
all threeplatformsareuniÞed. The Ultra-Sparcdoesnot support
hardwareprefetchingdatafrom themainmemory, whereasbothP4
andAMD do. AMD performsprefetchingfor ascendingsequential
accessesonly whereasP4supportsprefetchingfor bothascending
and descendingaccesses.In modernCPUs,a translationlooka-
sidebuffer (TLB) is usedasa cachefor physical pageaddresses,
holding the translationfor themostrecentlyusedpages.We treat
a TLB asa specialCPUcache,usingthememorypagesizeasits
cacheline size,andcalculatingits capacityasthenumberof entries
multipliedby thepagesize.

Table3: Machine characteristics
Name P4 AMD Ultra-Sparc
OS Linux 2.4.18 Linux 2.6.15 Solaris8

Processor Intel P4
2.8GHz

AMD Opteron
1.8GHz

Ultra-SparcIII
900Mhz

L1 DCache < 8K, 64,4> < 128K,64,4> < 64K, 32,4>
L2 cache < 512K,128,8> < 1M, 128,8> < 8M, 64,8>
DTLB 64 1024 64

Memory 2.0GB 15.0GB 8.0GB

Intel P4supportstheSMT (SimultaneousMulti-Threading)fea-
tureto allow two concurrentthreadsrunningin oneprocessor[28].
Sincethe L2 cacheis sharedby the two runningthreadsin SMT,
wecanevaluatetheperformanceimpactof cachecoherenceonour
algorithms. All experimentswereconductedin a single-threaded
environmentexcepttheoneevaluatingtheperformanceimpactof
SMT.

All algorithmswereimplementedin C++andwerecompiledus-
ing g++ 3.2.2-5with optimizationßags(O3 andÞnline-functions).
In our experiments,thememorypool wassetto be1.5G byteson
all platforms. The datain all experimentswerealwaysmemory-
residentandthememoryusageneverexceeded90%.

Theworkloadcontainstwoselectionqueriesandtwo join queries
onrelationsR andS. Bothtablescontainn Þelds,a1, ...,an , where
ai is a randomlygenerated4-byteinteger. We variedn to scaleup
or down thetuplesize. Thetreeindex wasbuilt on theÞelda1 of
R andS. Thehashindex wasbuilt on theÞelda1 of R.

The selectionqueriesin our experimentsare in the following
form:

SelectR.a1

FromR
Where< predicate> ;

Oneof the two selectionqueriesis with a non-equalitypredicate
(x $ " < R.a1 < x + " ) and the other an equality predicate
(R.a1 = x). Note that x is a randomlygenerated4-byteinteger.
We usedthe B+-treeindex to evaluatethe non-equalitypredicate
and the hashindex to evaluatethe equality predicate. Sincewe
focusedon thesearchperformanceof the treeindex, we set" to a
smallconstantsuchastenin thenon-equalitypredicate.

Thejoin queriesin ourexperimentsare:

SelectR.a1

FromR, S
Where< predicate> ;

One of the two join queriesis an equi-join and the other non-
equijoin.Theequi-jointakesR.a1 = S.a1 asthepredicateandthe

non-equijoinR.a1 < S.a1 and...and R.an < S.an . All Þelds
of eachtableareinvolved in thenon-equijoinpredicateso thatan
entiretupleis broughtinto thecachefor theevaluationof thepred-
icate. We usedthe non-indexed NLJ to evaluatethe non-equijoin
andusedtheindexedNLJ or thesort-mergejoin or thehashjoin to
evaluatetheequi-join.

Table4 lists the main performancemetricsusedin our experi-
ments.WeusedtheC/C++functionclock() to obtainthetotalexe-
cutiontimeonall threeplatforms.In addition,weusedahardware
proÞlingtool, PCL [8], to countcachemissesonP4.

Table4: Performancemetrics
Metrics Description

TOT CYC Totalexecutiontime in seconds(sec)
L1 DCM Numberof L1 datacachemissesin billions (109)
L2 DCM Numberof L2 datacachemissesin millions (106)
TLB DM Numberof TLB missesin millions (106)

For thecache-consciousalgorithmsin our study, we variedtheir
parametervaluesto examinethe performancevariance. Given a
cacheparameter, y, of atargetlevel in thememoryhierarchy (either
C or B ) of anexperimentplatform,we variedtheparametervalue
x in a cache-consciousalgorithmwithin a rangeso that the three
casesx < y, x = y andx > y wereall observed. Givena multi-
level memoryhierarchy, we consideredall cachelevelsandvaried
thecacheparametervaluein acache-consciousalgorithmfor every
level of thecache.

5.2 PMA
First, we comparedtheperformanceof PMA andthe linkedlist

for ourconsiderationonthechoiceof thestoragemodel.Webegan
with an emptyrelationandperformedrandominsertionsinto the
relation.TherelationwasstoredusingPMA or thelinked list.

(a) |R|(M)
linked-list PMA

random insertion table scan

(b) |R|(M)
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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.

Figures6 (a,b)show theperformanceof PMA andthelinkedlist
for insertionandscan,respectively, whentheupper-bounddensity
thresholdsfor the log2 |R|- and|R|-windows areset to be 100%
and90%. Thesehigh densitythresholdsmay causea large redis-
tribution overheadso that we can observe the behavior of these
two choicesunderstresstestson updates.We obtainedsimilar re-
sultswhenthedensitythresholdswerevaried. We Þxedr to be8
bytesandvaried|R| in millions of tuples(M) to examinethe ef-
fect of thedatasize. TheÞguresshow that insertionwith PMA is
slightly slower thanthat with the linked list, whereasthe scanon
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Figure8: Performanceof hashindexes.The hashindex with B k = 1 is our cache-oblivioushashindex in EaseDB.

PMA is over twice fasterthanthat on the linked list. This result
clearly indicatesthat PMA is the choicefor the storagemodel in
ourcache-oblivioussetting.

5.3 Accessmethods
We evaluatedour accessmethodsincluding theB+-treeandthe

hashindex. We executeda numberof selectionquerieson each
accessmethod.

5.3.1 B+-trees
We comparedthesearchperformanceof COB+-treesandcache

sensitivesearchtrees(CSS-trees)[32]. Oneachplatform,wevaried
thefanoutof theCSS-treefrom 9 to 65. Thenodesizewasvaried
from 32 to 256bytes.Figure7 shows theperformancecomparison
with the numberof tuplesin the relationvaried. The numberof
selectionqueriesexecutedwas200K .

Onall platforms,COB+-treeshaveasimilarperformancetoCSS-
trees. The performancegap betweenthem becomessmaller as
the relationsizeincreases.When|R| = 64M , the COB+-treeis
around20%slower thanthebestCSS-treeon P4andAMD, andit
is lessthan1%slower thanthebestCSS-treeonUltra-Sparc.

5.3.2 Hashindexes
We evaluatedthehashindex with theaveragenumberof tuples

in eachbucket, B k, varied. Thenumberof selectionqueriesexe-
cutedwas200K . Figure8 shows theperformanceof hashindexes
whenB k is variedfrom oneto 512.Sinceeachtupletakes8 bytes
(four bytesfor the valueandfour bytesfor the recordidentiÞer),
thebucket sizeis around(8 ( B k) bytes.That is, thebucket size
is variedfrom 8 to 4K bytes.Note,thecache-oblivioushashindex
is theonewith B k = 1.

On all platforms,the performancedegradesdramaticallyasthe
B k value increases.Due to the hardwareprefetchingcapability,
P4 hasa smallerperformancedegradationthanUltra-Sparc. The
cache-oblivioushashindex is fasterthanthecache-consciousone,

becauseits bucketsizeis smallerandthecomputationtimeoneach
bucket is likely to besmaller. However, it hasa largerspaceover-
headdueto its largernumberof hashbuckets.

5.4 Join algorithms
WeveriÞedtheeffectivenessof ourcostestimatorandevaluated

the performanceof our cache-oblivious join algorithmsin com-
parisonwith the bestperformanceof their cache-consciouscoun-
terparts. The reportedresultsfor non-indexed NLJs and indexed
NLJswereobtainedwhen|R| = |S| = 256K andr = s = 128
bytes, |R| = |S| = 5M and r = s = 8 bytes, respectively.
Theresultsfor sort-mergejoinsandhashjoinswereobtainedwhen
|R| = |S| = 32M andr = s = 8 bytes.Thesesettingswerecho-
sento be comparableto the previous studieson cache-conscious
join algorithms[11, 35,41]. Moredetailedresultsoneachindivid-
ualalgorithmcanbefoundin our relatedpapers[20, 21].
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Figure 9: Performance of join algorithms with the basecase
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join. On the right is the hashjoin.
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5.4.1 ModelveriÞcation
Figure9 shows thetimebreakdown of two representativecache-

oblivious join algorithms,non-indexed NLJs andhashjoins, with
thebasecasesizevariedon P4. Theresultsfor thesort-mergejoin
algorithmarenot shown in this Þgure,sincethey weresimilar to
thoseof the hashjoin. The busy time is obtainedby subtracting
thethreetypesof cachestallsfrom thetotalelapsedtime. Thebase
casefor thenon-indexedNLJ isajoin ontwoequal-sizedpartitions.
Thesizeof eachpartitionis comparedwith thecapacitiesof theL1
andL2 caches,andthe TLB. The basecasefor the hashjoin is a
join with a small hashtable. Sinceeachhashbucket is likely to
be onecacheline, the sizeof the hashtableis comparedwith the
numberof cachelinesin theL1 andL2 datacaches,andthenumber
of entriesin theTLB.

With theestimatedbasecasesize,thebusytimeandcachestalls
of bothalgorithmsaregreatlyreduced.Theseresultsverify theef-
fectivenessof our costestimator. Onemayconjecturefrom Figure
9(a) that the L1 cachecapacityis a betterguessthanour costes-
timator for the basecasesizeon P4; unfortunately, this particular
phenomenondoesnot hold for differentplatforms,differentalgo-
rithms,or differentdatasizes.

5.4.2 Single-threadedevaluation
Figure 10 shows the performancemeasurementsof join algo-

rithmson thethreeplatforms.
Figures10 (aÐc)show the performancefor non-indexed NLJs.

Thecache-consciousalgorithmis theblockedNLJ [35], whosepa-
rameteris theblock sizeof theinnerrelation.We variedtheblock
sizeof theblockedNLJ from 4K B to 16M B .

Figures10 (dÐf)show the performancefor indexed NLJs with
cache-obliviousandcache-consciousbuffering schemes.In cache-
consciousbuffering [41], an index treeis organizedinto multiple
subtrees(calledvirtual nodes [41]) andtheroot of eachsubtreeis
associatedwith a buffer. The parameterof this cache-conscious
buffering is the numberof treelevels in a virtual node. Given an
index treeof l levels, we variedthe numberof levels in a virtual
nodefrom oneto (l $ 1).

Figures10(gÐi)show theperformancefor sort-mergejoins. The
sortingalgorithmis theradix sort. Thecache-consciousradix sort
worksin two phases.First,giventhepartitiongranularity, gr bytes,
it dividestherelationinto multiplepartitionsusingtheradixcluster
algorithm[11]. Eachpartition is aroundgr bytes.Second,it sorts
eachpartition using the quick sort. TheseÞguresshow the best
performanceobtainedin our tuningon the radix clusteralgorithm
for thegivenpartitiongranularity.

Figures10(jÐl)show theperformancefor hashjoins. Thecache-
conscioushashjoin is theradix join [11]. In theradix join, weneed
to tunethe partition fanoutandthe partition granularity. Given a
certainpartitiongranularity, gr bytes,wevariedthepartitionfanout
andmeasuredtheexecutiontime. TheseÞguresshow thebestper-
formanceobtainedin our tuningfor thegivenpartitiongranularity.

We analyzethe resultsof Figure 10 on three aspects. First,
we studytheperformancevarianceof eachcache-consciousalgo-
rithm. On a givenplatform, theperformancevarianceof a cache-
consciousjoin algorithmwith differentparametervaluesis large.
Furthermore,the performancevarianceof a cache-consciousal-
gorithm differs acrossplatforms. For example, the performance
varianceof cache-consciousindexedNLJson Ultra-Sparcis larger
than the other two platforms,whereasthe performancevariance
of cache-consciousnon-indexed NLJs, sort-merge joins andhash
joins onUltra-Sparcis smallerthantheothertwo platforms.

Second,westudythebestparametervaluesfor thecache-conscious
algorithms. On a given platform, the bestparametervalue for a
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Figure 11: Time breakdown of cache-oblivious algorithms and
the bestcache-consciousalgorithms on P4

cache-consciousjoin algorithmmay be noneof the cacheparam-
eters,e.g.,the sizesof the L1 andL2 datacaches,or the number
of entriesin the TLB. Moreover, for a given cache-consciousal-
gorithm, the bestparametervaluesdiffer acrossplatforms. These
resultsshow it is difÞcultto determinethebestparametervalueson
differentplatformsevenwith theknowledgeof thecacheparame-
ters.

Third, we comparethe overall performanceof cache-conscious
andcache-oblivious algorithmson threeplatforms. Regardlessof
the architecturaldifferencesamongthe threeplatforms,our join
algorithmsprovidea robustandgoodperformance.In speciÞc,the
performanceof ourjoin algorithmsis closeto, if notbetterthan,the
bestperformanceof cache-consciousjoin algorithmson P4,andis
mostly better than the bestperformanceof cache-consciousjoin
algorithmsbothonAMD andUltra-Sparc.

We furtherexaminethe time breakdown of our cache-oblivious
algorithmsandthe bestcache-consciousalgorithmsin Figure11.
The total cachestalls of the cache-consciousjoin algorithmsare
signiÞcant,becausethesealgorithmstypically optimize only for
the cacheof a chosenlevel andcachethrashingmay occurat the
levels other than the chosenone. In contrast,the cachestallsof
our cache-obliviousalgorithmsarelesssigniÞcantdueto their au-
tomatic optimizationfor the entire memoryhierarchy. The busy
time is signiÞcantamongall cache-obliviousjoin algorithms.

5.4.3 Multi-threadedevaluation
Finally, we investigatedtheperformanceimpactof cacheinter-

ferenceon cache-consciousand cache-oblivious algorithms. We
observedthattheexecutiontimeof eachthreadrunningin themulti-
threadedenvironmentwasnot stable,whereasthesystemthrough-
put wasstable.Thevariancein theexecutiontime of eachthread
is becauseof the resourcecontentionandsharingin SMT at run-
time. Therefore,weusedthesystemthroughputastheperformance
metric in the multi-threadedenvironment. Figure 12 shows the
throughputimprovementof SMT on P4. Both of the concurrent
threadsran the samealgorithm, either the cache-oblivious algo-
rithm or thebestcache-consciousalgorithm.

SMT improvesthethroughputof bothcache-consciousandcache-
obliviousalgorithms.The improvementto thecache-obliviousal-
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gorithmsis largerthanthatto thecache-consciousalgorithms.This
is becausethe cache-oblivious algorithm is more robust than the
cache-consciousalgorithmon thecachecoherence.We conjecture
that theadvantageof suchrobustnessof thecache-obliviousalgo-

rithm will begreaterin thefuturewhentheprocessorsupportsmore
concurrentthreads[28].

6. DISCUSSION
ThroughimplementingandevaluatingEaseDB,wehavegothands-

onexperienceondevelopinganefÞcientcache-obliviousquerypro-
cessor. Wehavealsodeepenedourunderstandingon theefÞciency
of cache-centrictechniques.In thefollowing, we discussthemain
advantagesandlimitationsof cache-oblivious techniquesandout-
line a few futuredirections.

Themainadvantageof cache-oblivious techniquesis their self-
optimization. As we observed in the experiments,EaseDBhada
consistentlygoodperformanceon any machinewithout any mod-
iÞcation. This automaticityeliminatesthe needfor the cachepa-
rameters,which arenot alwaysavailableandareoftendifÞcult to
obtainautomatically. Moreover, thisautomaticityis achievedwith-
out tuningfor a speciÞcmemoryhierarchy. For example,onemay
developanalgorithmto tunetheblock sizeof theinnerrelationin
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the blocked NLJ on a target machine.The tuning is basedon the
performancedifferencesof differentblock sizes. If a largerblock
sizeimprovesthe performance,we continueto increasethe block
size.However, suchtuningis affectedby boththestaticandthedy-
namiccharacteristicsof thememoryhierarchy, which aredifÞcult,
if possible,to determine. In contrast,cache-oblivious techniques
rely on the divide-and-conquermethodologyto achieve the auto-
maticity.

Nevertheless,theefÞciency of cache-oblivioustechniquesneeds
carefuldesignandoptimization.Without knowledgeof any cache
parameters,cache-oblivious techniquesusually employ sophisti-
cateddatastructuresandmechanisms,e.g.,theVEB layoutandour
recursive buffering mechanism,in orderto achieve thesamecache
complexity as their cache-consciouscounterpart.Moreover, they
requiresomeautomaticandmachine-independentoptimizationto
improve theirefÞciency. For instance,asuitablebasecasesizeim-
provestheefÞciency, but it mustbeestimatedin a cache-oblivious
way.

As the Þrst cache-oblivious query processor, EaseDBopensa
numberof areasfor cache-oblivious databases.Take the storage
modelasanexample.TraditionalqueryprocessorsuseNSM [31],
DSM [11, 29,36] or PAX (Partition AttributesAcross)[2] asstor-
agemodels,either for main memorydatabasesor for disk-based
databases.In contrast,we considerPMA to be a suitablestor-
agemodel for cache-oblivious query processing. Currently, we
usePMA to storethe relation in a row-basedmanner. However,
it is aninterestingdirectionto investigatehow to supportDSM ef-
ÞcientlyusingPMA. For instance,we considerusingsomecom-
pressionschemesto reducethe datavolume transferredbetween
thecacheandthememoryin acache-oblivioussetting.

Finally, new architecturefeatures,especiallythe emerging pro-
cessortechniques,creategreatopportunitiesfor cache-oblivious
queryprocessing.In additionto theSMT techniquethathasbeen
investigatedin thisstudy, weareinterestedin severalotherarchitec-
tural features,in particular, the transactionalmemory[26], multi-
coreprocessorsandGPUs(GraphicsProcessingUnits) [4].

7. CONCLUSION
As the memoryhierarchy becomesan importantfactor for the

performanceof databaseapplications,we proposeto applycache-
oblivioustechniquesto automaticallyimprove thememoryperfor-
manceof relationalquery processing. In this paper, we present
our initial efforts on building a cache-oblivious query processor,
EaseDB,andreportourpreliminaryresultsoncache-obliviousstor-
agemodels,accessmethodsand joins in comparisonwith their
cache-consciouscounterparts. Our resultsshow that our cache-
obliviousalgorithmsprovide a goodperformanceon variousplat-
forms,whichis similarto or evenbetterthantheirÞne-tunedcache-
consciouscounterparts.

Our currentwork on EaseDBis focusedon (1) evaluatingand
improving theperformanceof thecache-obliviousaccessmethods
andqueryprocessingalgorithms;(2) developingthecost-basedop-
timizer andverifying its effectiveness;and(3) usingour prototype
engineto supportsomedata-intensive applications,for example,
scientiÞccomputing.Weexpectthatthedevelopmentandcontinu-
ousevaluationof our prototypesystemwill bring furtheralgorith-
mic andsystemresearchissues.
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