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Abstract

Accurate prediction of operatorexecution time
is a prerequisitefor databasequery optimiza-
tion. Although extensively studiedfor conven-
tionaldisk-basedDBMSs,costmodelingin main-
memoryDBMSs is still an open issue. Recent
databaseresearchhasdemonstratedthatmemory
accessis moreandmorebecomingasigni�cant—
if not themajor—costcomponentof databaseop-
erations. If usedproperly, fast but small cache
memories—usuallyorganizedin cascadinghier-
archybetweenCPUandmainmemory—canhelp
to reducememoryaccesscosts. However, they
make thecostestimationproblemmorecomplex.

In this article,we proposea generictechniqueto
createaccuratecostfunctionsfor databaseopera-
tions.Weidentify afew basicmemoryaccesspat-
ternsandprovidecostfunctionsthatestimatetheir
accesscostsfor eachlevel of thememoryhierar-
chy. The cost functionsareparameterizedto ac-
commodatevarioushardware characteristicsap-
propriately. Combiningthebasicpatterns,we can
describethe memoryaccesspatternsof database
operations.Thecostfunctionsof databaseopera-
tions canautomaticallybe derivedby combining
thebasicpatterns'costfunctionsaccordingly.

To validateour approach,we performedexperi-
mentsusingourDBMS prototypeMonet.There-
sultspresentedherecon�rm the accuracy of our
costmodelsfor differentoperations.

Aside from being useful for queryoptimization,
our modelsprovide insightto tunealgorithmsnot
only in amain-memoryDBMS, but alsoin adisk-
basedDBMS with a large main-memorybuffer
cache.
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1 Intr oduction

Databasecostmodelsprovidethefoundationfor queryop-
timizersto deriveanef�cient executionplan.Suchmodels
consistof two parts: a logical anda physicalcomponent.
Theformeris gearedtowardestimationof thedatavolumes
involved. Usually, statisticsabout the datastoredin the
databaseareusedto predict the amountof datathat each
operatorhasto process.Theunderlyingassumptionis that
aqueryplanthathasto processlessdatawill alsoconsume
lessresourcesand/ortake lesstime to be evaluated. The
logical costcomponentdependsonly on thedatastoredin
the database,the operatorsin the query, and the order in
which theseoperatorsareto be evaluated(asspeci�ed by
thequeryexecutionplan). Hence,the logical costcompo-
nentis independentof thealgorithmand/orimplementation
usedfor eachoperator.

Theproblemof (intermediate)resultsizeestimationhas
beenintensively studiedin literature[11, 5, 12]. In this ar-
ticle, we focuson thephysicalcostcomponent.Therefore,
we assumeaperfectoracleto predictthedatavolumes.

Giventhedatavolumes,thephysicalcostcomponentis
neededto discriminatethecostsof thevariousalgorithms
andimplementationsof eachoperator. Thequeryoptimizer
usesthis informationto choosethemostsuitablealgorithm
and/orimplementationfor eachoperator.

Giventhe fact thatdisk-accessusedto be thepredomi-
nantcostfactor, earlyphysicalcostfunctionsjust counted
thenumberof I/O operationsto beexecutedby eachalgo-
rithm [4]. Any operationthat loadsa pagefrom disk into
thein-memorybuffer poolor writesa pagefrom thebuffer
backto disk is countedasanI/O operation.However, disk
systemsdepictsigni�cant differencesin cost (in termsof
time) per I/O operationdependingon the accesspattern.
Sequentiallyreadingor writing consecutive pagescauses
lesscostperpagethanaccessingscatteredpagesin a ran-
domorder. Hence,moreaccuratecostmodelsdiscriminate
betweenrandomandsequentialI/O. The costfor sequen-
tial I/O is calculatedasthedatavolume1 dividedby theI/O
bandwidth.Thecostfor randomI/O additionallyconsiders
theseeklatency peroperation.

With memorychipsdroppingin pricewhile growing in
capacity, main memorysizesgrow aswell. Hence,more
andmorequeryprocessingwork is donein mainmemory,
trying to minimize disk accessasfar aspossiblein order

1i.e.,numberof sequentialI/O operationsmultipliedby thepagesize



to avoid theI/O bottleneck.Consequently, thecontribution
of pureCPUtime to theoverall queryevaluationtime be-
comesmoreimportant.Costmodelsareextendedto model
CPUcosts,usuallyin termsof CPUcycles(scoredby the
CPU's clockspeedto obtaintheelapsedtime).

CPU cost usedto cover memoryaccesscosts[6, 17].
This implicitly assumesthatmainmemoryaccesscostsare
uniform, i.e., independentof the memoryaddressbeing
accessedand the order in which different data items are
accessed.However, recentdatabaseresearchhasdemon-
stratedthatthisassumptiondoesnothold (anymore)[2, 7].
With hierarchicalmemorysystemsbeingused,accessla-
tency varies signi�cantly, dependingon whetherthe re-
questeddatacanbefoundin (any) cache,or hasto befetch
from mainmemory. Thestate(or contents)of thecache(s)
in turn dependson the applications'accesspatterns,i.e.,
the order in which the requireddata items are accessed.
Furthermore,while CPUspeedis continuouslyexperienc-
ing anexponentialgrowth, memorylatency hashardlyim-
proved over the last decade.2 Hence,memoryaccesshas
becomea signi�cant costfactor—not only for mainmem-
ory databases—whichcostmodelsneedto re�ect.

In queryexecution,the memoryaccessissuehasbeen
addressedby designingnew cache-consciousdatastruc-
tures[13, 14, 1] andalgorithms[15, 8]. On themodeling
side,however, nothinghasbeenpublishedyet considering
memoryaccessappropriately.

In this article,we addresstheproblemof how to model
memoryaccesscostsof databaseoperators. As it turns
out to be quite complicatedto derive propermemoryac-
cesscostfunctionsfor variousoperations,we developeda
new techniqueto automaticallyderivesuchcostfunctions.
The basicidea is to describethe dataaccessbehavior of
analgorithmin termsof acombinationof basicaccesspat-
terns(suchas”sequential”or ”random”). The actualcost
function is thenobtainedby combiningthe patterns'cost
functions(asderivedin this article)appropriately. Usinga
uni�ed hardwaremodelthatcoversthecost-relatedcharac-
teristicsof bothmainmemoryanddiskaccess,it is straight
forwardto extendourapproachto considerI/O costaswell.
GatheringI/O andmemorycostmodelsinto a singlecom-
mon framework is a new approachthat simpli�es the task
of generatingaccuratecostfunctions.

In Section2, we will discusshierarchicalmemorysys-
temsandintroduceour uni�ed hardwaremodel.Section3
will presenta simpli�ed abstractrepresentationof data
structuresandidentify a numberof basicaccesspatterns.
Using thesetools,we will specifythedataaccesspatterns
of databasealgorithmsby combiningbasic patterns. In
Section4, we will derive the cost functionsfor our basic
accesspatternsandSection5 providesruleshow to obtain
thecostfunctionsof compoundaccesspatterns. Section6
containssomeexperimentalresultsvalidatingtheobtained
costfunctionsandSection7 will draw someconclusions.

2Widerbussesandraisedclockspeeds,suchaswith DDR-SDRAMor
RAMBUS, help to keepmemorybandwidthgrowing at almostthe pace
of CPUspeed,however, thesetechniquesdo not improve memoryaccess
latency.

2 Hierar chical Memory Systems
2.1 CacheMemories

Thefundamentalprincipleof all cachearchitecturesis “ ref-
erencelocality”. The assumptionis that at any time the
CPU,respectively theprogram,repeatedlyaccessesonly a
limited amountof datathat �ts in thecache.Only the�rst
accessis “slow”, as the datahasto be loadedfrom main
memory. We call this a compulsorycache miss. Subse-
quentaccesses(to thesamedataor memoryaddresses)are
then“f ast” asthe datais thenavailablein the cache. We
call thisa cachehit.

Cachememoriesareoftenorganizedin multiplecascad-
ing levelsbetweenthemainmemoryandtheCPU.We re-
fer to theindividualcachesas�r st level (L1) cache,second
level (L2) cache,andsoon. In nowadayscomputers,there
aretypically two or threecachelevels. Often, L1 andL2
areintegratedon theCPU's die, while L3—if present—is
locatedon the systemboard. Cachesbecomefaster, but
smaller, thecloserthey areto theCPU.

Cachesare characterizedby three major parameters:
Capacity( � ), Line Size( � ), andAssociativity ( � ):

Capacity ( � ). A cache's capacityde�nes its total size
in bytes.Typical cachesizesrangefrom 16KB to 8 MB.

Line Size ( � ). Cachesare organizedin cache lines,
which representthe smallestunit of transferbetweenad-
jacentcachelevels.Wheneveracachemissoccurs,acom-
pletecacheline (i.e.,multipleconsecutivewords)is loaded
from the next cachelevel or from main memory, trans-
ferring all bits in the cacheline in parallel over a wide
bus. This exploits spatiallocality, increasingthe chances
of cachehits for futurereferencesto datathatis ”closedto”
the referencethatcauseda cachemiss. Typical cacheline
sizesrangefrom 16bytesto 128bytes.

Dividing the cachecapacityby the cacheline size,we
getthenumberof availablecachelinesin thecache: ���

����� . Cachelinesareoftenalsocalledcacheblocks.
Associativity ( � ). To which cacheline the memoryis

loaded,dependsonthememoryaddressandon thecache's
associativity. An � -way set associativecacheallows to
loada line in � differentpositions.If ��	�
 , somecache
replacementpolicy choosesone from the � candidates.
LeastRecentlyUsed(LRU) is the mostcommonreplace-
mentalgorithm. In case���

 , we call thecachedirect-
mapped. This organizationcausesthe least(virtually no)
overheadin determiningthe cacheline candidate.How-
ever, it alsooffers the least�e xibility andmaycausea lot
of con�ict misses: Equallyalignedaddressesmutuallyevict
eachotherfrom thecache,evenif thecachecapacityis not
reached. The other extremecaseare fully associative
caches.Here,eachmemoryaddresscanbe loadedto any
line in thecache( ����� ). Thisavoidscon�ict misses,and
only capacitymissesoccurasthe cachecapacitygetsex-
ceeded.However, determiningthecacheline candidatein
thisstrategycausesarelativelyhighoverheadthatincreases
with the cachesize. Hence,it is feasibleonly for smaller
caches.CurrentPCsandworkstationstypically implement
2-way to 8-waysetassociativecaches.



2.2 Memory AccessCosts

We identify the following three aspectsthat determine
memoryaccesscosts. For simplicity of presentation,we
assume2 cachelevelsin this section.Generalizationto an
arbitrarynumberof cachesis straightforward.

Latency is thetimespanthatpassesafterissuinga data
accessuntil the requesteddatais availablein the CPU. In
hierarchicalmemorysystems,the latency increaseswith
the distancefrom the CPU. As mentionedabove, all
current hardware actually transfersmultiple consecutive
words,i.e.,acompletecacheline, duringthis time.

Whena CPU requestsdatafrom a certainmemoryad-
dress,modernDRAM chipssupplynot only therequested
data,but alsothedatafrom subsequentaddresses.Thedata
is thenavailablewithout additionaladdressrequest.This
featureis calledExtendedData Output(EDO). Anticipat-
ing sequentialmemoryaccess,EDO reducesthe effective
latency. Hence,we actuallyneedto distinguishtwo types
of latency for memoryaccess.Sequentialaccesslatency
( ��� ) occurswith sequentialmemoryaccess,exploiting the
EDO feature.With randommemoryaccess,EDO doesnot
speedup memoryaccess.Thus,randomaccesslatency ���

is usuallyhigherthansequentiallatency.
Bandwidth is a metric for the datavolume (in mega-

bytes)thatcanbetransferedbetweenCPUandmainmem-
ory persecond.Bandwidthusuallydecreaseswith thedis-
tancefrom theCPU,i.e.,betweenL1 andL2 moredatacan
betransferedpertime thanbetweenL2 andmainmemory.
In conventionalhardware,thememorybandwidthusedto
be simply the cacheline size divided by the memoryla-
tency. Modern multiprocessorsystemstypically provide
excessbandwidthcapacity. To exploit this, cachesneed
to benon-blocking, i.e., they needto allow morethanone
outstandingmemoryload at a time, and the CPU hasto
beableto issuesubsequentloadrequestswhile waiting for
the �rst one(s)to be resolved. Further, the accesspattern
needsto besequential,in orderto exploit theEDO feature
asdescribedabove.

Indicatingits dependency on sequentialaccess,we re-
fer to theexcessbandwidthassequentialaccessbandwidth
( ��� ). We de�ne the respective sequentialaccesslatency
as �

�
� � ���

�
. For randomaccesslatencyas described

above, we de�ne therespective randomaccessbandwidth
as ��� �
� ���	� . For betterreadability, we will simply use
plain � and � (i.e., without

�
respectively � ) whenever we

referto bothsequentialandrandomaccesswithout explic-
itly distinguishingbetweenthem.

Addr esstranslation. For dataaccess,logical virtual
memory addressesusedby applicationcode have to be
translatedto physicalpageaddressesin themainmemory
of the computer. In modernCPUs,a TranslationLooka-
sideBuffer (TLB) is usedasa cachefor physicalpagead-
dresses,holding the translationfor themostrecentlyused
pages(typically 64). If a logical addressis found in the
TLB, the translationhasno additionalcosts.Otherwise,a
TLB missoccurs.Themorepagesanapplicationuses,the
highertheprobabilityof TLB misses.

description unit symbol
cachename(level) - 
��

cachecapacity [bytes] ��


cacheblocksize [bytes] � 


numberof cachelines - � 
 ��� 
 ��� 


cacheassociativity - � 


sequentialaccess
accessbandwidth [bytes/ns] � �


����

accesslatency [ns] � �


����

� � 
 ��� �


����

randomaccess
accesslatency [ns] ���


����

accessbandwidth [bytes/ns] ���


����

����
 �����


����

Table1: CacheParameters( ���

�


������������ � ) �

We will treatTLBs just like memorycaches,usingthe
memorypagesizeastheir cacheline size,andcalculating
their(virtual) capacityas �! #"%$'&�( )+* &��-,�(/.0&�132�465�78& 1/.:9;& .
TLBs areusuallyfully associative. Like caches,TLBs can
beorganizedin multiplecascadinglevels.

2.3 Uni�ed HardwareModel

Summarizingour previousdiscussion,we describea com-
putersmemoryhardwareasacascadinghierarchyof � lev-
elsof caches(includingTLBs). Eachcachelevel is char-
acterizedby theparametersgiven in Table1.3 In [8], we
presentedasystemindependentC programcalledCalibra-
tor4 to measuretheseparameterson any computerhard-
ware. We point out, that theseparametersalsocover the
cost-relevantcharacteristicsof diskaccesses.Hence,view-
ing mainmemory(e.g.,adatabasesystem'sbuffer pool)as
cachefor I/O operations,it is straightforward to include
diskaccessin this hardwaremodel.

3 The Idea
Ourrecentworkonmain-memorydatabasealgorithmssug-
geststhatmemoryaccesscostcanbemodeledby estimat-
ing thenumberof cachemisses< andscoringthemwith
their latency � [10]. This approachis similar to the one
usedfor detailedI/O costmodels.Thehardwarediscussion
above shows, that alsofor main-memoryaccess,we have
to distinguishbetweensequentialandrandomaccesspat-
terns.However, contraryto diskaccess,wenow havemul-
tiple levels of cachewith varying characteristics.Hence,
the challengeis to predict the numberandkind of cache
missesfor all cachelevels. Our hypothesisis, thatwe can
treatall cachelevels individually, thoughequally, andcal-
culatethetotal costasthesumof thecostfor all levels:

=?>�@BA

�

C

D


:E��

F

<

�


HG

�

�


����3I

<

�


�G

�

�


:����J

� (1)

With thehardwaremodeledasdescribedin theprevious
sectionandthehardwareparametersmeasuredby ourcali-

3Weassume,thatcostsfor L1 cacheaccessesareincludedin theCPU
costs,i.e., K	L and M'L arenot usedandhenceunde�ned.

4Freelyavailablefor downloadfrom http://monetdb.cwi.nl



brationtool [8], theremainingchallengeis to estimatethe
numberandkind of cachemissespercachelevel for vari-
ousdatabasealgorithms.The taskis similar to estimating
the numberandkind of I/O operationsin traditionalcost
models. However, our goal is to provide a generictech-
nique for predictingcachemiss ratesof variousdatabase
algorithms.Nevertheless,we want to sacri�ce aslittle ac-
curacy aspossibleto this generalization.

To achievethegeneralization,weintroducetwo abstrac-
tions. Our �rst abstractionis a uni�ed descriptionof data
structures.Wecall it dataregions. Thesecondaredataac-
cesspatterns. Both of themaredrivenby thegoal to keep
themodelsassimpleaspossible,but asdetailedasneces-
sary. Hence,wetry to ignoreany detailsthatarenotsignif-
icantfor ourpurpose(predictingcachemissrates)andonly
focusontherelevantparameters.Thefollowingparagraphs
will presentbothabstractionsin detail.

3.1 Data Regions

We modeldatastructuresasdata regions. � denotesthe
setof dataregions. A dataregion � ��� consistsof � � �

data itemsof size � � � (in bytes). We call � � � the length
of region � , � � � its width and ��� ����� ��� � �

G

� � � its size.
Further, we de�ne thenumberof cachelinescoveredby �

as � �	� 
 ���
��� �	��� � ��� , andthenumberof dataitemsthat �t
in thecacheas � �	� ��� � ��� � ��� � ��� .

A (relational)databasetable is hencerepresentedby a
region � with � � � being the table's cardinalityand � � �

beingthe tuple size(or width). Similarly, morecomplex
structureslike treesaremodeledby regionswith � � � rep-
resentingthe numberof nodesand � � � representingthe
size(width) of a singlenode.

3.2 BasicAccessPatterns

Data accesspatternsvary in their referentiallocality and
hencein their cachebehavior. Thus,not only thecost(la-
tency) of cachemissesdependon the accesspattern,but
alsothenumberof cachemissesthatoccur. Eachdatabase
algorithm describesa differentdataaccesspattern. This
means,eachalgorithmrequiresanindividualcostfunction
to predictits cachemisses.Deriving eachcostfunction”by
hand” is not only exhaustiveandtime consuming,but also
error-prone. Our hypothesisis that we only needto spec-
ify thecostfunctionsof a few basicaccesspatterns.Given
thesebasicpatternsandtheir costfunctions,we couldde-
scribethe accesspatternsof databaseoperationsascom-
binationsof basicaccesspatterns,andderive theresulting
costfunctionsautomatically.

In orderto identify therelevantbasicaccesspatterns,we
have to analyzethedataaccesscharacteristicsof database
operators,�rst. We classifydatabaseoperationsaccording
to thenumberof operands.

Unary operators—suchas, e.g., table scan,selection,
projection, sorting, hashing, aggregation, or duplicate
elimination—readdata from one input region and write
datato oneoutputregion. Dataaccesscanhencebemod-
eledby two cursors,onefor the input andonefor theout-

put. The input cursortraversesthe input region sequen-
tially. For tablescan,selection,andprojection,theoutput
cursoralsosimply progressessequentiallywith eachout-
put item. When building a hashtable, the output cursor
”hopsbackandforth” in anon-sequentialway. In practice,
theactualpatternis not completelyrandom,but ratherde-
pendson thephysicalorderandattributevaluedistribution
of the input dataaswell ason the hashfunction. In our
case,i.e., knowing only the algorithm,but not the actual
data,it is not possibleto make moreaccurate(andusable)
assumptionsaboutthepatterndescribedby theoutputcur-
sor. Hence,weassumethattheoutputregionis accessedin
a completelyrandommanner. This assumptionshouldnot
betoobad,asa”good” hashfunctiontypicallydestroysany
sortingorderandtriesto level out skew datadistributions.

Sort algorithmstypically perform a more complicated
dataaccesspattern.In Section6.2,wepresentquick-sortas
anexampleto demonstratehow suchpatternscanbespec-
i�ed ascombinationsof basicpatterns. Aggregationand
duplicateeliminationareusually implementedusingsort-
ing or hashing.Thus,they performtherespectivepatterns.

Thoughalsoa unaryoperation,datapartitioningtakes
a separaterole. Again, the input region is traversedse-
quentially. However, modelingthe outputcursor's access
patternaspurely randomis too simple. In fact,we cando
better. Suppose,we want to partitionthe input region into

� outputregions. Then,we know that the accesswithin
eachregion is sequential.Hence,we modeltheoutputac-
cessas a nestedpattern. Eachregion is a separatelocal
cursor, performinga sequentialpattern. A single global
cursor hopsback and forth betweenthe regions. Simi-
lar to the hashingscenariodescribedbefore,the order in
which the different region-cursorsare accessed—i.e.,the
globalpattern—dependson thepartitioningcriterion(e.g.,
hash-or range-based)andthephysicalorderandattribute
valuedistribution of the input data. Again, it is not possi-
ble to modelthesedependenciesin a generalway without
detailedknowledgeabouttheactualdatato process.Purely
from thealgorithm,wecanonly deducearandomorder.

Concerningbinaryoperations,we focusour discussion
on join. The appropriatetreatmentof union, intersection
andset-differencecanbederivedrespectively. Binary op-
eratorshave two inputsanda singleoutput. In mostcases,
oneinput—wecall it left or outer input—is traversedse-
quentially. Accessto theother—right or inner—input de-
pendson the algorithmand the dataof the left input. A
nestedloop join performsa completesequentialtraver-
sal over the whole inner input for eachouter data item.
A merge join—assumingboth inputsarealreadysorted—
sequentiallytraversesthe inner input oncewhile theouter
input is traversed.A hashjoin—providedthereis already
a hashtableon theinner input—performsan”un-ordered”
accesspatternontheinnerinput'shashtable.As discussed
above,we assumea uniformrandomaccess.

Fromthisdiscussion,weidentify thefollowingbasicac-
cesspatternsaseminentin themajority of relationalalge-
braimplementations:
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singlesequentialtraversal: � �����
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A sequentialtraversalsequentiallysweepsover � , ac-
cessingeachdataitemin � exactlyonce.Theoptional
parameter� givesthenumberof bytesthatareactually
usedof eachdataitem. If not speci�ed, we assume
that all bytesareused,i.e., � � � � � . If speci�ed,
we require ������� � � � . � modelsthe fact that an
operator, e.g.,anaggregationor aprojection(eitheras
separateoperatoror in-lined with anotheroperator),
accessesonly a subsetof its input's attributes. For
simplicity of presentation,we assumethatwe always
access� consecutive bytes. Thoughnot completely
accurate,this is a reasonableabstractionin our case.5

Figure1 showsa samplesequentialtraversal.

repetitivesequentialtraversal: ��� �����

F! 

�#"!� � �$�:�����

J

A repetitivesequentialtraversalperforms
 

sequential
traversalsover � afteranother. " speci�es,whetherall
traversalssweepover � in thesamedirection( " �&%(')� :
uni-directional), or whethersubsequenttraversalsgo
in alternatingdirections( "��&�)� : bi-directional).

singlerandom traversal: � �����

F

��� ���*�

J

Like a sequentialtraversal, a randomtraversal ac-
cesseseachdataitem in � exactly once,readingor
writing � bytes. However, the dataitemsarenot ac-
cessedin the order they are stored,but rather ran-
domly. Figure2 depictsa samplerandomtraversal.

repetitiverandom traversal: �+� �����
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A repetitive random traversal performs
 

random
traversalsover � after another. We assumethat the
permutationordersof two subsequenttraversalsare
independentof eachother. Hence,thereis no point
in discriminatinguni-directionalandbi-directionalac-
cesses,here.Therefore,we omit parameter" .

random access: � �.-/-
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Randomaccesshits
 

randomlychosendataitemsin

5In casethe 0 bytesaresomehow spreadacrossthewholeitem width
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� afteranother. We assume,thateachdataitem may
be hit morethanonce,andthat thechoicesareinde-
pendentof eachother. Evenwith

 IH

� � � we do not
requirethateachdataitem is accessedat leastonce.

interleavedmulti-cursor access: �
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A nestedmulti-cursoraccessmodelsa patternwhere
� is divided into � (equal-sized)sub-regions. Each
sub-region hasits own local cursor. All local cursors
performthesamebasicpattern,givenby J . L speci-
�es, whethertheglobalcursorpicksthe local cursors
randomly( L
�PORQS' ) or sequentially( L �T
��B� ). In
the latter case,N speci�es,whetherall traversalsof
theglobalcursoracrossthelocalcursorsusethesame
direction( N �U%�')� ), or whethersubsequenttraver-
salsusealternatingdirections( N �V�)� ). Figure 3
showsa sampleinterleavedmulti-cursoraccess.

3.3 CompoundAccessPatterns

Databaseoperationsaccessmorethanonedataregion,usu-
ally at least their input(s) and their output. This means,
they performmorecomplex dataaccesspatternsthan the
basiconeswe introducedin theprevioussection.In order
to model thesecomplex patterns,we now introducecom-
pounddata accesspatterns. Unlesswe needto explicitly
distinguishbetweenbasicandcompounddataaccesspat-
terns,we refer to both asdataaccesspatterns,or simply
patterns.We useWYX , WYZ , and W ��WYX&[�WYZ to denotetheset
of basicaccesspatterns,compoundaccesspatterns,andall
accesspatterns,respectively. We requireWFX]\IW^Z �`_ .

Be J ������������J&a �bW (c 	 
 ) dataaccesspatterns.There
are two principle ways to combinetwo or morepatterns.
Eitherthepatternsareexecutedoneafter theotheror they
are executedconcurrently. We call the �rst combination
sequentialexecutionanddenoteit by operatord�eBWgfhW ;
the secondcombinationrepresentsconcurrent execution
and is denotedby operator ijekWlf W . The result of
eithercombinationis againa (compound)dataaccesspat-
tern. Hence,we canapply d and i repeatedlyto describe
complex patterns.By de�nition, i is commutative, while
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Table2: SampleDataAccessPatterns

d is not. In caseboth i and d areusedto describeacom-
plex pattern,i hasprecedenceover d , i.e.,

J � i�J-,(d J

�

i J/. d J/021

F F

J � i J-,

J

d

F

J

�

i J3.

J

d�J-0

J

�

Weusebracketingtooverruletheseassumptionsor to avoid
ambiguity. Further, we usethe following notationto sim-
plify complex terms.Be 4 �

�

d �Mi � :

J �54 �����%4 J a6174

F�8

�����������KJ a

J

194��

a :

E��

F

J

:
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Table2 givessomeexampleshow to describetheaccess
patternsof sometypical databasealgorithmsascompound
patterns. For convenience,somere-occurringcompound
accesspatternsareassigneda new name.

Our hypothesisis, that we only needto provide an ac-
cesspatterndescriptionasdepictedin Table2 for eachop-
erationwewantto model.Theactualcostfunctioncanthen
becreatedautomatically, providedwe know thecostfunc-
tions for the basicpatterns,andthe ruleshow to combine
them.To verify this hypothesis,we will now �rst estimate
the cachemissratesof the basicaccesspatternsandthen
derive ruleshow to calculatethecachemissratesof com-
poundaccesspatterns.

4 Deriving Cost Functions
In the following sections,� depictsthe numberof cache
levels and � iteratesover all levels: �%�

�


����������'� � . For
betterreadability, we will omit theindex � whereverwe do
not referto aspeci�c cachelevel, but ratherto all or any.

4.1 Preliminaries

For eachbasicpattern,weneedto estimatebothsequential
andrandomcachemissesfor eachcachelevel. Given an
accesspattern J � W , we describethe numberof misses
percachelevel aspair

;
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containing the numberof sequentialand randomcache
misses.Obviously, the randompatternscauseno sequen-
tial misses.Consequently, we alwaysset
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Sequentialtraversals can achieve sequentiallatency
(i.e.,exploit full excessbandwidth),only if all therequire-
mentslisted in Section2.2 areful�lled. Sequentialaccess
is ful�lled by de�nition. Thehardwarerequirements(non-
blocking cachesandsuper-scalarCPUsallowing specula-
tiveexecution)arecoveredby theresultsof ourcalibration
tool. In casethesepropertiesarenot given,sequentialla-
tency will be the sameas randomlatency. However, the
pureexistenceof thesehardwarefeaturesis not suf�cient
to achieve sequentiallatency. Rather, the implementation
needsto beableto exploit thesefeatures.Datadependen-
ciesin the codemay keepthe CPU from issuingmultiple
memoryrequestsconcurrently. It is not possibleto deduce
this informationonly from thealgorithmwithout knowing
the actualimplementation.But even without datadepen-
dencies,multiple concurrentmemoryrequestsmayhit the
samecacheline. In casethenumberof concurrenthits to a
singlecacheline is lower thanthemaximalnumberof out-
standingmemoryreferencesallowedby theCPU,only one
cacheline is loadedat a time.6 Thoughwe cansayhow
many subsequentreferenceshit the samecacheline (see
below), we do not know how many outstandingmemory
referencestheCPUcanhandlewithout stalling.7 Hence,it
is not possibleto automaticallyguess,whethera sequen-
tial traversalcanachievesequentiallatency or not. For this
reason,we offer two variantsof � ����� and ��� ����� . � �����

�

and ��� �����
�

assumea scenariothat canachieve sequential
latency while � ������� and ��� �����;� donot. Theactualnumber
of missesis equalin bothcases,but the�rst casecausesno
randommisses,thesecondnosequentialmisses:
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Unlessweneedto explicitly distinguishbetweenbothvari-
ants,we will use D �

�

�
� � � to referto both.

6For amoredetaileddiscussion,we refertheinterestedreaderto [10].
7Ourcalibrationresultscanonly indicate,whethertheCPUcanhandle

outstandingmemoryreferenceswithout stalling,but not how many it can
handleconcurrently.



4.2 SingleSequentialTraversal

Be � a dataregion and J � � ����� D

F

� ���

J

( �

�

�


#��O � ) a
sequentialtraversalover � . We distinguishtwo cases.

Case � � ��� � � � . In this case,thegapbetweentwo
adjacentaccessesthatis not touchedatall is smallerthana
singlecacheline. Hence,thecacheline containingthisgap
is loadedto serveat leastoneof thetwo adjacentaccesses.
Thus,duringa sweepover � with � � ��� � � � all cache
linescovedby � have to beloaded,i.e.,
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Case � � ��� �

H

� . In this case,thegapbetweentwo
adjacentaccessesthat is not touchedat all spansat leasta
completecacheline. Hence,notall cachelinescovedby �

have to beloadedduringa sweepover � with � � ��� �

H

� . Further, noaccesscanbene�t from acacheline already
loadedby a previous accessto anotherspot. Thus, each
accessto an item in � requiresat least

�	�


�


cachelines
to be loaded: < D
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J

J

H

�	�
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. However, with ��	

 it
mayhappenthat—dependingon thealignmentof � within
acacheline—oneadditionalcacheline hasto beloadedper
access.Consideringtheseadditionalmisseswe get8
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4.3 SingleRandom Traversal

Be � adataregionand J � � �����

F

� ���

J

arandomtraversal
over � . Likebefore,wedistinguishtwo cases.

Case � � ��� � �
� . With the untouchedgapsbeing
smaller than cacheline size, againall cachelines coved
by � have to be accessed.Hence, < �

F

J

J

H

� ���

 . But

dueto therandomaccesspattern,two locally adjacentac-
cessesarenot temporallyadjacent.Thus,if ��� �	��� exceeds
the cachesize, a cacheline that serves two or more (lo-
cally adjacent)accessesmaybereplacedby anothercache
line beforeall accessesthat requireit actuallytook place.
This in turncausesanadditionalcachemiss,oncetheorig-
inal cacheline is accessedagain. Of course,suchaddi-
tional cachemissesonly occur, oncethecachecapacityis
exceeded,i.e.,after
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��� �

� spotshavebeenac-
cessed.Theprobability thata cacheline is removedfrom
the cachealthoughit will be usedfor anotheraccessin-
creaseswith thesizeof � . In theworst case,eachaccess
causesanadditionalcachemiss.Hence,we get
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Case� � �&� �

H

� . Eachspotis touchedexactlyonce,
and as adjacentaccessescannotbene�t from previously
loadedcachelines,we getthesameformulaasin (4):
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(6)
8For a detailed discussionsee [9] (available for download from

http://www.cwi.nl/ ' manegold/ ).

4.4 RepetitiveTraversals

With repetitive traversals,cachere-usagecomesinto play.
We assumeinitially emptycaches.9 Hence,the�rst traver-
salrequiresasmany cachemissesasestimatedabove. But
thesubsequenttraversalsmaybene�t from thedataalready
presentin thecacheafter the �rst access.We will analyze
this in detailfor bothsequentialandrandomtraversals.

4.4.1 RepetitiveSequentialTraversal

Be � a dataregion, J � ��� �����%D

F! 

�#"!� � ���

J

a repetitive
sequentialtraversalover � , and J)( � � ����� D

F

� ���

J

a sin-
gle sequentialtraversalover � . Two parametersdetermine
the cachingbehavior of J : the number < D

F

J (

J

of cache
lines touchedduring the �rst traversalandthe direction "

in whichsubsequenttraversalssweepover � .
In case< D

F

J (

J

is smallerthanthenumberof available
cachelines, only the �rst traversalcausescachemisses,
loadingall requireddata. All

 

� 
 subsequenttraversals
thenjustaccessthecache,causingnofurthercachemisses.

In case< D

F

J
(

J

exceedsthenumberof availablecache
lines,theendof atraversalpushesthedatareadatthebegin
of the traversalout of thecache.If thenext traversalthen
againstartsat thebegin of � ( " ��%(')� ), it cannotbene�t
from any datain thecache.Hence,eachsweepcausesthe
full amountof cachemisses.If a subsequentsweepstarts
wherethe previous onestopped,i.e., it traverses� in the
oppositedirectionasitspredecessor( " ���)� ), it canbene�t
from thedatastoredin thecache.Thus,only the�rst sweep
causesthefull amountof cachemisses.The

 

� 
 remaining
sweepscausecachemissesonly for the fractionof � that
doesnot �t into thecache.In total,we get
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4.4.2 RepetitiveRandomTraversal

Be � a dataregion, J �V� � �����

F! 

� � ���

J

a repetitive ran-
dom traversalover � , and J

(
�T� �����
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� ���

J

a singleran-
dom traversalover � . With randommemoryaccess," is
not de�ned, hence,we needto consideronly < �
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J
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J

to
determineto which extendrepetitive accessescanbene�t
from cacheddata.

When < �

F

J
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J

is smallerthanthenumberof available
cachelines,we getthesameeffect asabove. Only the�rst
sweepcausescachemisses,loadingall requireddata. All

 

� 
 subsequentsweepsthenjustaccessthecache,causing
no furthercachemisses.

In case< �

F

J
(

J

exceedsthenumberof availablecache
lines,themostrecentlyaccesseddataremainsin thecache

9Section5 will discusshow to considerpre-loadedcaches.



at the end of a sweep. Hence,there is a certainproba-
bility that the �rst accessesof the following sweepmight
re-use(someof) these� cachelines. This probabilityde-
creasesas <
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F

J (

J

increases.We estimatetheprobability
with � ��< �
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J (

J

. In total,weget
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4.5 RandomAccess

Be � a dataregion and J � � �.-/-

F! 

� � ���

J

a randomac-
cesspatternon � . In contraryto asinglerandomtraversal,
whereeachdataitem of � is touchedexactly once,we do
not know exactly, how many distinct dataitemsareactu-
ally touchedwith randomaccess.However, knowing that
thereare

 

independentrandomaccessesto the � � � data
itemsin � , we canestimatetheaverage/expectednumber

�

of distinctdataitemsthatareindeedtouched.Be � the
numberof all differentoutcomesof picking

 

timesoneof
the � � � dataitemsallowing multiple accessesto eachdata
item. Furtherbe �

&

the numberof outcomescontaining
exactly 
���� �

�����
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� � � � � distinct dataitems. If we
respectordering,all outcomesareequallylikely to occur:
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where �

D ��� and �

D ��� denotethebinomialcoef�cient andthe
Stirling numberof secondkind [16], respectively. First
of all, thereare �

��� 


&

� waysto choose� distinctdataitems
from the available � � � data items. Then, thereare �

	

&

�

waysto partition the
 

accessinto � groups,onefor each
distinctdataitem. Finally, we have to considerall ��� per-
mutationsto getequallylikely outcomes.

Knowing the number
�

of distinct data items that are
touchedby � �.-/-

F! 

� � ���

J

on average,we cannow calcu-
late thenumber � of distinctcachelines touched.Due to
spacelimitations,we refer the interestedreaderto [9] for
a detaileddiscussionof � . In principle, � is made-upby
similar formulasasusedin Sections4.2and4.3.

Knowing thenumber� of distinctcachelinestouched,
we can�nally calculatethenumberof cachemisses.With

 

accessesspreadover
�

distinct data items, each item
is touched
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times on average. Analogouslyto Equa-
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4.6 InterleavedMulti-Cursor Access
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In otherwords,an interleaved multi-cursoraccesspat-
tern causesat leastas many cachemissesas somesim-
ple traversalpatternon the samedataregion. However,
it might causerandommissesthoughthe local patternis
expectedto causesequentialmisses.Further, if thecross-
traversalrequiresmore cachelines thanavailable,
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additionalrandommisseswill occur.



5 Combining Cost Functions
Giventhecachemissesfor basicpatterns,wewill now dis-
cusshow to derivetheresultingcachemissesof compound
patterns.Themajorproblemis to modelcacheinterference
thatoccursamongthebasicpatterns.

5.1 SequentialExecution

Be J � ���������KJ a � W (c 	 
 ). d

F

J � ���������KJ a

J

thendenotes
that J

:

� � is executedafter J

:

is �nished (cf. Sec.3.3).
Obviously, thepatternsdo not interferein this case.Con-
sequently, the resultingtotal numberof cachemissesis at
mostthesumof the cachemissesof all c patterns.How-
ever, if two subsequentpatternsoperateon the samedata
region, thesecondmight bene�t from thedatathatthe�rst
oneleavesin thecache.It dependson the cachesize,the
datasizes,andthecharacteristicsof theindividualpatterns,
how many cachemissesmaybesavedthis way.

To model this effect, we needto considerthe contents
or stateof thecaches.We describethestateof a cacheas
a set � of pairs < � ���

>

� � 2F���!� 
�� , statingfor eachdata
region � the fraction � that is availablein thecache.For
convenience,weomitdataregionsthatarenotcachedatall,
i.e., thosewith � � � . In orderto appropriatelyconsider
thecaches'initial stateswhencalculatingthecachemisses
of a patternJ �

B�F
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with
;
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J
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asde�ned in Equations(3) through(10). In
case� is alreadyentirelyavailablein thecache,no cache
misseswill occurduring J . In caseonly a fraction of �

is available in the cache,there is a certain chance,that
randompatternsmight (partially) bene�t from this frac-
tion. Sequentialpatterns,however, would only bene�t if
this fractionmakesupthe”head”of � . As wedonotknow
whetherthis is true,weassumethatsequentialpatternscan
only bene�t, if � is alreadyentirely in thecache.For con-
venience,we write

;
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Additionally, we calculatethe caches'resultingstates
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Equippedwith thesetools,we cancalculatethenumber
of missesfor sequentialexecution, givenaninitial state� :
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5.2 Concurrent Execution

Whenexecutingtwo or morepatternsconcurrently, we ac-
tually have to considerthefactthatthey arecompetingfor
thesamecache.Thenumberof total cachemisseswill be
higherthanjust thesumof theindividualcachemissrates.
Thereasonfor this is, that thepatternswill mutuallyevict
cachelines from thecachedueto alignmentcon�icts. To
which extendsuchcon�ict missesoccurdoesnot only de-
pendonthepatternsthemselves,but alsoonthedataplace-
ment and detailsof the cachealignment. Unfortunately,
theseparametersarenot know duringcostevaluation.

Hence,we model the impactof the cacheinterference
betweenconcurrentpatternsby dividing thecacheamong
all patterns. Eachindividual patterngetsonly a fraction
of the cacheaccordingto its footprint size. We de�ne a
pattern's footprint size � asthenumberof cachelinesthat
it potentially revisits. With singlesequentialtraversals,a
cacheline is nevervisitedagainonceaccesshasmovedon
to the next cacheline. Hence,simplesequentialpatterns
virtually occupy only onecacheline a at time. Or in other
words, the numberof cachemissesis independentof the
available cachesize. The sameholds for single random
traversalswith � � � � �

H

� . In all other cases,basic
accesspatterns(potentially)revisit all cachelinescovered
by their respectivedataregion. We de�ne � asfollows.
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Further, we use
;
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 to denotethenumber
of misseswith only �

$

th of the total cachesizeavailable.
To calculate

;
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, we simply replace� and � by �

$

and
(

$

, respectively, in theformulasin Sections4 and5.1. We
write
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Giventhesetoolsandaninitial cachestate� , wecancal-

culatethenumberof cachemissesandtheresultingcache
statefor concurrentexecution.

Be &

:

�

�

F

i

F

J �����������KJ a

J�J

�

F

J

:

J

G

&

F


 �*) � c

J

� then

;

<


 #'$

F

�



�Mi

F

J
�

���������KJ
a

J J

�

a

D

:

E �

;

<


 #'$�+

F

�



��J

:

J

(13)

�



F

i

F

J
�

���������KJ
a

J J

�

a

,

:

E��

�


 #%$-+

F

J

:

J

�

After executing i

F

J
�

���������KJ
a

J

, the cachecontainsa
fraction of eachdataregion involved, proportionalto its
footprint size.



5.3 Query ExecutionPlans

With thetechniquesdiscussedin theprevioussections,we
got thebasictoolsat handto alsoestimatethenumberand
kind of cachemissesof completequeryplans,andhence
to predict their memoryaccesscosts. The variousopera-
tors in a queryplan arecombinedin the sameway aswe
combinebasicpatternto compoundpatterns.Basically, the
queryplandescribes,whichoperatorsareexecutedoneaf-
tertheotherandwhichareexecutedconcurrently. Here,we
view pipeliningasconcurrentexecutionof data-dependent
operators.Hence,we canderive thecomplex memoryac-
cesspatternof a queryplan by combiningthe compound
patternsof the operatorsasdiscussedabove. Considering
thecaches'statesasintroducesbeforetakescareproperly
recognizingdatadependencies,especiallyfor pipelining.

6 Experimental Validation

To validateour costmodel,we will comparetheestimated
costswith experimentalresults. Due to spacelimitations,
we will concentrateon a few characteristicoperations,
here.Thedataaccesspatternof eachoperationis a combi-
nationof severalbasicpatterns.Theoperationsarechosen
sothateachbasicpatternoccursat leastonce.Extensionto
further operationsandwhole queries,however, is straight
forward,asit just meansapplyingthesametechniquesto
combineaccesspatternsandderive their costfunctions.

6.1 Setup

We implementedour cost functionsand usedour main-
memoryDBMS prototypeMonet [3] as experimentation
platform. We ran experimentson varioushardwareplat-
forms, ranging from Linux-PCs to an SGI Origin2000.
Dueto spacelimitations,we concentrateon theresultswe
achievedon the lattermachine,here.10 We usetheCPU's
hardware countersto get the exact numberof cacheand
TLB misseswhile runningour experiments.Thus,we can
validatetheestimatedcachemissrates.Validatingthe re-
sultingtotal memoryaccesscost(i.e.,missratesscoredby
their latencies)is morecomplicated,asthereis no way to
measurethe time spenton memoryaccess.We canonly
measurethetotal elapsedtime,andthis includesthe(pure)
CPU costsaswell. Hence,we extendour model to esti-
matethetotalexecutiontime

=

�

=�>�@BA

I

=������

assumof
memoryaccesstime andpureCPUtime.

=�>�@BA

is de�ned
in Equation(1). We calibrate

=������

for eachalgorithmin
anin-cachesetting,i.e.,withoutmemorycost.

6.2 Results

Figure4 gathersour experimentalresults.Eachplot repre-
sentsonealgorithm.Thecachemissesandtimesmeasured
duringexecutionaredepictedaspoints.Therespectivecost
estimationsareplottedaslines. Cachemissesaredepicted

10The detailedcachecharacteristicsof this machinemeasuredwith
our calibration tool are listed in [9] and also on-line available at
http://www.cwi.nl/ ' manegold/Calibrator/.

in absolutenumbers.Timesaredepictedin milliseconds.
We will now discusseachalgorithmin detail.

Quick-Sort. We usequick-sortto sorta tablein-place.
Quick-sortusestwo cursors,onestartingat the front and
onestartingat theend. Both cursorssequentiallywalk to-
wardeachotherswappingdataitemswherenecessary, until
they meetin themiddle. We modelthis astwo concurrent
sequentialtraversals,eachsweepingoveronehalf of theta-
ble: � ����� �
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. At themeetingpoint, the
table is split in two partsand quick-sortrecursively pro-
ceedsdepth-�rst on eachpart. With � being the table's
cardinality, thedepthof therecursionis 	
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�,

� . In total,we
modelthedataaccesspatternof quick-sortas
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We variedthe tablesizesfrom 128KB to 128MB and
thetablescontainedrandomlydistributed(numerical)data.
Figure4ashows that themodelsaccuratelypredicttheac-
tualbehavior. Only thestart-upoverheadof about100TLB
missesis notcovered,but this is negligible. Thestepin the
L2 misses-curve depictstheeffect of cachingon repeated
sequentialaccess:Tablesthat �t into thecachehave to be
loadedonly onceduring the top-level iteration of quick-
sort. Subsequentiterationsoperateon the cacheddata,
causingnoadditionalcachemisses.

Merge-Join. Assumingboth operandsare already
sorted,merge-join simply performsthree concurrentse-
quentialpatterns,oneoneachinputandoneon theoutput:
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Again,weuserandomlydistributeddataandtablesizes
asbefore. In all experiments,both operandsareof equal
size,andthe join is a 1:1-match.Therespective resultsin
Figure4b demonstratetheaccuracy of our costfunctions.
Further, weseethatsinglesequentialaccessis notaffected
by cachesizes.Thecostsareproportionalto thedatasizes.

Hash-Join. While thepreviousoperationsperformonly
sequentialpatterns,wenow turnourattentionto hash-join.
Hash-joinperformsrandomaccessto thehash-table,both
while building it andwhile probingtheotherinput against
it. We modelthedataaccesspatternof hash-joinas
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Figure4c clearly shows the signi�cant increasein L2
andTLB misses,oncethehash-tablesize ���

�

� � exceedsthe
respective cachesize.11 Our costmodelcorrectlypredicts
theseeffectsandtheresultingexecutiontime.

Partitioning . Oneway to prevent theperformancede-
creaseof hash-join on large tables is to partition both

11The plots show no sucheffect for L1 misses,asall hash-tablesare
largerthantheL1 cache,here.
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Figure4: Measured(points)andPredicted(lines)CacheMissesandExecutionTime

operandsonthejoin attributeandthenhash-jointhematch-
ing partitions[15, 7]. If eachpartition �ts into thecache,
noadditionalcachemisseswill occurduringhash-join.

Partitioning algorithms typically maintain a separate
outputbuffer for eachresultpartition.Theinput is readse-
quentially, andeachtuple is written to its outputpartition.
Dataaccesswithin eachoutputpartitionis alsosequential.
We modelpartitioningusinga sequentialtraversalfor the
inputandaninterleavedmulti-cursoraccessfor theoutput:
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Thecurvesin Figure4d demonstratetheeffect we dis-
cussedin Section4.6: The numberof cachemissesin-
creasessigni�cantly, oncethenumberof outputbuffers �

exceedsthenumberof cacheblocks � . Thoughthey tend
to underestimatethecostsfor very high numbersof parti-
tions,ourmodelsaccuratelypredictthecrucialpoints.

Partitioned Hash-Join. Oncetheinputsarepartitioned,
wecanjoin themby performingahash-joinoneachpairof

matchingpartitions.We modeltheaccesspatternof parti-
tionedhash-joinas
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Figure4eshowsthatthecachemissratesandthustheto-
tal costdecreasesigni�cantly, onceeachpartition(respec-
tively its hash-table)�ts into thecache.

7 Conclusion

We presenteda new genericapproachto build generic
databasecostmodelsfor hierarchicalmemorysystems.We
extendedthe knowledge baseon analytical cost-models
for query optimization with a strategy derived from our
experimentationwith main-memorydatabasetechnology.
The approachtaken shows thatwe canachieve hardware-
independenceby modelinghierarchicalmemorysystems
asmultiple level of caches.Eachlevel is characterizedby a



few parametersdescribingits sizesandtimings. This ab-
stract hardware model is not restrictedto main-memory
caches. As we pointedout, the characteristicsof main-
memoryaccessare very similar to thoseof disk access.
Viewing main-memory(e.g., a databasesystem's buffer
pool) as cachefor disk access,it is obvious that our ap-
proachalsocoversI/O. As such,themodelpresentedpro-
vides a valuableaddition to the core of cost-modelsfor
disk-residentdatabasesaswell.

Adaptationof themodelto a speci�c hardwareis done
by instantiatingthe parameterswith the respective values
of the very hardware. Our Calibrator, a software tool to
measurethesevalueson arbitrarysystems,is availablefor
downloadfrom our website(http://monetdb.cwi.nl).

With our approach,building physical costs function
for databaseoperationsboils down to describingthe al-
gorithms' dataaccessin a kind of ”pattern language”as
presentedin Section3.3. This taskrequiresonly informa-
tion thatcanbederivedfrom thealgorithm.Especially, no
knowledgeaboutthe hardware is needed,here. The de-
tailedcostfunctionarethanautomaticallyderivedfrom the
patterndescriptions.
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