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Abstract

Accurate prediction of operatorexecution time
is a prerequisitefor databasequery optimiza-
tion. Although extensvely studiedfor corven-
tional disk-basedBMSs, costmodelingin main-
memory DBMSs is still an openissue. Recent
databaseesearcthasdemonstratethat memory
accesss moreandmorebecomingasigni cant—
if notthe major—costcomponentf databasep-
erations. If usedproperly fastbut small cache
memories—usuallyrganizedin cascadinghier

archybetweernCPUandmainmemory—carhelp
to reducememory accesscosts. However, they
male the costestimationproblemmorecomplex.

In this article, we proposea generictechniqueto
createaccuratecostfunctionsfor databasepera-
tions. We identify afew basicmemoryaccespat-
ternsandprovide costfunctionsthatestimateheir
accesgostsfor eachlevel of the memoryhierar
chy. The costfunctionsare parameterizedo ac-
commodatevarious hardware characteristicsap-
propriately Combiningthe basicpatternsye can
describethe memoryaccesgatternsof database
operations.The costfunctionsof databas@pera-
tions canautomaticallybe derived by combining
thebasicpatterns'costfunctionsaccordingly

To validate our approachwe performedexperi-
mentsusingour DBMS prototypeMonet. There-
sults presentecherecon rm the accurag of our
costmodelsfor differentoperations.

Aside from being useful for query optimization,
our modelsprovide insightto tunealgorithmsnot
only in amain-memonbPBMS, but alsoin a disk-
basedDBMS with a large main-memorybuffer
cache.
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1 Intr oduction

Databaseostmodelsprovide thefoundationfor queryop-
timizersto derive anef cient executionplan. Suchmodels
consistof two parts: a logical anda physicalcomponent.
Theformeris gearedowardestimatiorof thedatavolumes
involved. Usually, statisticsaboutthe datastoredin the
databasere usedto predictthe amountof datathat each
operatorasto process.Theunderlyingassumptions that
aqueryplanthathasto procesdessdatawill alsoconsume
lessresourcesand/ortake lesstime to be evaluated. The
logical costcomponentiependnly on the datastoredin
the databasethe operatorsin the query andthe orderin
which theseoperatorsareto be evaluated(asspeci ed by
the queryexecutionplan). Hence the logical costcompo-
nentis independentf thealgorithmand/orimplementation
usedfor eachoperator

Theproblemof (intermediateyesultsizeestimatiorhas
beenintensvely studiedin literature[11, 5, 12]. In thisar
ticle, we focuson the physicalcostcomponentTherefore,
we assumea perfectoracleto predictthedatavolumes.

Giventhedatavolumes the physicalcostcomponents
neededo discriminatethe costsof the variousalgorithms
andimplementationsf eachoperator Thequeryoptimizer
useghisinformationto choosehe mostsuitablealgorithm
and/orimplementatiorfor eachoperator

Giventhe factthat disk-accessisedto be the predomi-
nantcostfactor, early physicalcostfunctionsjust counted
the numberof 1/0O operationgo be executedby eachalgo-
rithm [4]. Any operationthatloadsa pagefrom disk into
thein-memorybuffer pool or writesa pagefrom the buffer
backto diskis countedasan|/O operation.However, disk
systemadepictsigni cant differencedn cost(in termsof
time) per I/O operationdependingon the accessattern.
Sequentiallyreadingor writing consecutie pagescauses
lesscostper pagethanaccessingcatteregpagesn aran-
domorder Hence moreaccurateeostmodelsdiscriminate
betweerrandomand sequential/O. The costfor sequen-
tial I/O is calculatechsthedatavolume* dividedby thel/O
bandwidth.The costfor randoml/O additionallyconsiders
theseeklateng peroperation.

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

1j.e.,numberof sequential/O operationsnultiplied by the pagesize



to avoid the /O bottleneck.Consequentlythe contribution
of pureCPUtime to the overall queryevaluationtime be-
comesmoreimportant.Costmodelsareextendedo model
CPU costs,usuallyin termsof CPU cycles(scoredby the
CPU's clock speedo obtainthe elapsedime).

CPU costusedto cover memoryaccessosts[6, 17].
Thisimplicitly assumethatmainmemoryaccesgostsare
uniform, i.e., independenbf the memory addressbeing
accessednd the orderin which differentdataitems are
accessed However, recentdatabaseesearcthasdemon-
stratedthatthis assumptiordoesnot hold (anymore)[2, 7].
With hierarchicalmemorysystemsbeingused,accesda-
teng varies signi cantly, dependingon whetherthe re-
guestediatacanbefoundin (ary) cachepr hasto befetch
from mainmemory The state(or contents)f the cache(s)
in turn dependson the applications'accessatterns,i.e.,

the order in which the requireddataitems are accessed.

Furthermorewhile CPU speeds continuouslyexperienc-
ing anexponentialgrowth, memorylateng hashardlyim-
proved over the last decade€’. Hence,memoryaccesdhas
becomea signi cant costfactor—not only for mainmem-
ory databases—whictostmodelsneedto re ect.

In query execution,the memoryaccesdssuehasbeen
addressedy designingnewv cache-conscioudata struc-
tures[13, 14, 1] andalgorithms[15, 8]. Onthe modeling
side,however, nothinghasbeenpublishedyet considering
memoryaccessappropriately

In this article, we addresghe problemof how to model
memory accesscostsof databaseoperators. As it turns
out to be quite complicatedto derive propermemoryac-
cesscostfunctionsfor variousoperationsye developeda
new techniqueto automaticallyderive suchcostfunctions.
The basicideais to describethe dataaccesshehaior of
analgorithmin termsof a combinationof basicaccespat-
terns(suchas”sequential’or "random”). The actualcost
functionis then obtainedby combiningthe patterns'cost
functions(asderivedin this article) appropriately Usinga
uni ed hardwaremodelthatcoversthe cost-relatectharac-
teristicsof bothmainmemoryanddisk accessit is straight
forwardto extendourapproacho considei/O costaswell.
Gatheringl/O andmemorycostmodelsinto a singlecom-
mon framework is a new approachthat simpli es thetask
of generatingaccuratecostfunctions.

In Section2, we will discusshierarchicalmemorysys-
temsandintroduceour uni ed hardwaremodel. Section3
will presenta simpli ed abstractrepresentatiorof data
structuresandidentify a numberof basicaccesgatterns.
Usingthesetools, we will specifythe dataaccespatterns
of databasealgorithmsby combining basic patterns. In
Section4, we will derive the costfunctionsfor our basic
accesatternsandSection5 providesruleshow to obtain
the costfunctionsof compoundaccesgatterns. Section
containssomeexperimentakesultsvalidatingthe obtained
costfunctionsandSection?7 will drav someconclusions.

2Wwiderbussesndraisedclock speedssuchaswith DDR-SDRAM or
RAMBUS, helpto keepmemorybandwidthgrowving at almostthe pace
of CPU speedhowever, thesetechniqueslo notimprove memoryaccess
lateng.

2 Hierarchical Memory Systems
2.1 CacheMemories

Thefundamentaprincipleof all cachearchitecturess “ref-
erencelocality”. The assumptionis that at any time the
CPU, respectrely the program repeatedlyaccessesenly a
limited amountof datathat ts in the cache.Only the rst
accesss “slow”, asthe datahasto be loadedfrom main
memory We call this a compulsorycache miss Subse-
guentaccessefio thesamedataor memoryaddressesyre
then“fast” asthe datais thenavailablein the cache. We
call thisa cachehit.

Cachememoriesareoftenorganizedn multiplecascad-
ing levelsbetweerthe main memoryandthe CPU. We re-
ferto theindividual cachess r stlevel (L1) cache second
level (L2) cacheandsoon. In nowadayscomputersthere
aretypically two or threecachelevels. Often, L1 andL2
areintegratedon the CPU's die, while L3—if present—is
locatedon the systemboard. Cachesbhecomefaster but
smaller thecloserthey areto the CPU.

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

Capacity ( ). A caches capacityde nesits total size
in bytes.Typical cachesizesrangefrom 16 KB to 8 MB.

Line Size( ). Cachesare organizedin cache lines
which representhe smallestunit of transferbetweenad-
jacentcachdevels. Wheneer acachemissoccurs,acom-
pletecachdine (i.e., multiple consecutre words)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 cachehitsfor futurereferenceso datathatis "closedto”
thereferencehatcauseda cachemiss. Typical cacheline
sizesrangefrom 16 bytesto 128bytes.

Dividing the cachecapacityby the cacheline size,we
getthe numberof availablecachelinesin the cache:

. Cachdinesareoftenalsocalledcacheblocks

Associatvity (). To which cacheline the memoryis
loaded depend®nthememoryaddressaindonthecaches
associativity An -way set associativecacheallows to
loadalinein differentpositions.If , somecade
replacementolicy choosesone from the candidates.
LeastRecentlyUsed (LRU) is the mostcommonreplace-
mentalgorithm. In case , we call the cachedirect-
mapped This organizationcauseghe least(virtually no)
overheadin determiningthe cacheline candidate. How-
ever, it alsoofferstheleast e xibility andmay causea lot
of con ict missesEquallyalignedaddressesutuallyevict
eachotherfrom thecache gvenif thecachecapacityis not
reached. The otherextremecaseare fully associative
caches.Here,eachmemoryaddrescanbe loadedto any
line in the cachg( ). Thisavoidscon ict missesand
only capacitymissesoccurasthe cachecapacitygetsex-
ceeded However, determiningthe cacheline candidatan
thisstratgy causesirelatively highoverheadhatincreases
with the cachesize. Hence,it is feasibleonly for smaller
cachesCurrentPCsandworkstationgypically implement
2-wayto 8-way setassociatie caches.



2.2 Memory AccessCosts

We identify the following three aspectsthat determine
memoryaccessosts. For simplicity of presentationwe
assume? cachelevelsin this section.Generalizatiorto an
arbitrarynumberof cachess straightforward.

Latency is thetime spanthatpassesifterissuinga data
accesantil the requestediatais availablein the CPU.In
hierarchicalmemory systems the lateng increaseswith
the distancefrom the CPU. As mentionedabove, all
current hardware actually transfersmultiple consecutie
words,i.e.,acompletecachéeline, duringthistime.

Whena CPU requestglatafrom a certainmemoryad-
dressmodernDRAM chipssupplynot only the requested
data,but alsothe datafrom subsequeraddressesThedata
is then availablewithout additionaladdresgequest. This
featureis called Extendedata Output (EDO). Anticipat-
ing sequentiamemoryaccessEDO reduceghe effective
lateng. Hence,we actually needto distinguishtwo types
of latengy for memoryaccess. Sequentialiccesdatency
( ) occurswith sequentiamemoryaccessgxploiting the
EDO feature.With randommemoryaccessEDO doesnot
speedup memoryaccess.Thus,randomaccesdatency
is usuallyhigherthansequentialateng.

Bandwidth is a metric for the datavolume (in mega-
bytes)thatcanbetransferedetweerCPUandmainmem-
ory persecond Bandwidthusuallydecreasewith the dis-
tancefromtheCPU.,i.e.,betweerL1 andL2 moredatacan
betransferedertime thanbetweerL.2 andmainmemory
In corventionalhardware,the memorybandwidthusedto
be simply the cacheline size divided by the memoryla-
teng. Modern multiprocessorsystemstypically provide
excessbandwidthcapacity To exploit this, cachesneed
to be non-bloking, i.e., they needto allow morethanone
outstandingmemoryload at a time, and the CPU hasto
beableto issuesubsequerbadrequestsvhile waiting for
the rst one(s)to beresohed. Further the accesgattern
needgo be sequentialin orderto exploit the EDO feature
asdescribedabove.

Indicatingits dependeng on sequentiaccessyve re-
fer to theexcesshandwidthassequentiabccesdandwidth
( ). We de ne the respectre sequentialaccesdatency
as . For randomaccesslatencyas described
above, we de ne therespectre randomaccesdandwidth
as . For betterreadability we will simply use
plain and (i.e., without respectiely ) wheneerwe
referto both sequentiahndrandomaccessithout explic-
itly distinguishingbetweerthem.

Addresstranslation. For dataaccessjogical virtual
memory addressesised by applicationcode have to be
translatedo physicalpageaddresses the main memory
of the computer In modernCPUs, a TranslationLooka-
sideBuffer (TLB) is usedasa cachefor physicalpagead-
dressesholding the translationfor the mostrecentlyused
pages(typically 64). If alogical addresds foundin the
TLB, thetranslationhasno additionalcosts. Otherwise a
TLB missoccurs.The morepagesan applicationuses the
higherthe probabilityof TLB misses.

description unit symbol
cachename(level) -
cachecapacity [bytes]
cacheblock size [bytes]
numberof cacheines -
cacheassociatiity -
sequentiahccess
accesdandwidth [bytes/ns]
accesgateng [ns]
randomaccess
accesdateng [ns]
accesdandwidth [bytes/ns]

Tablel: CacheParameterg )

We will treatTLBs justlike memorycachesusingthe
memorypagesizeastheir cacheline size,andcalculating
their (virtual) capacityas - .
TLBs areusuallyfully associatie. Like cachesTLBs can
be organizedn multiple cascadindevels.

2.3 Unied Hardware Model

Summarizingour previousdiscussionwe describea com-
putersmemoryhardwareasacascadindpierarchyof  lev-
elsof cacheqincluding TLBs). Eachcachelevel is char
acterizedby the parametergjivenin Table1.2 In [8], we
presentec systemindependen€ programcalledCalibra-
tor* to measuretheseparametersn ary computerhard-
ware. We point out, that theseparameterslso cover the
cost-releantcharacteristicef disk accessed-dence view-
ing mainmemory(e.g.,adatabassystems buffer pool) as
cachefor 1/0 operationsijt is straightforward to include
disk accessn this hardwaremodel.

3 Theldea

Ourrecentwork onmain-memorydatabasalgorithmssug-
geststhatmemoryaccesgsostcanbe modeledby estimat-
ing the numberof cachemisses andscoringthemwith
their latengy [10]. This approachis similar to the one
usedfor detailedl/O costmodels.Thehardwarediscussion
above shows, that alsofor main-memoryaccesswe have
to distinguishbetweensequentiabnd randomaccesat-
terns.However, contraryto disk accesswe now have mul-
tiple levels of cachewith varying characteristics.Hence,
the challengeis to predictthe numberandkind of cache
missedor all cachelevels Our hypothesids, thatwe can
treatall cachelevelsindividually, thoughequally andcal-
culatethetotal costasthe sumof the costfor all levels:

@)

With the hardwaremodeledasdescribedn the previous
sectionandthe hardwareparametersneasuredby our cali-

3We assumethatcostsfor L1 cacheaccesseareincludedin the CPU
costsj.e., and arenotusedandhenceunde ned.
4Freelyavailablefor downloadfrom http://monetdb.cwi.nl



brationtool [8], theremainingchallengeis to estimatethe
numberandkind of cachemissesper cachelevel for vari-
ousdatabaselgorithms. The taskis similar to estimating
the numberandkind of 1/O operationsn traditional cost
models. However, our goal is to provide a generictech-
nique for predictingcachemiss ratesof variousdatabase
algorithms. Neverthelessye wantto sacri ce aslittle ac-
curag aspossibleto this generalization.

To achievethegeneralizationywe introducetwo abstrac-
tions. Our rst abstractioris a uni ed descriptionof data
structuresWe call it dataregions Theseconchredataac-
cesspatterns Both of themaredrivenby thegoalto keep
the modelsassimpleaspossible but asdetailedasneces-
sary Hencewetry to ignoreary detailsthatarenot signif-
icantfor our purposgpredictingcachemissrates)andonly
focusontherelevantparametersThefollowing paragraphs
will presenbothabstractionén detail.

3.1 DataRegions

denoteshe
consistsof

We modeldatastructuresas data regions
setof dataregions. A dataregion
dataitemsof size (in bytes). We call thelength
of region its widthand its size
Further we de ne the numberof cachelinescoveredby
as , andthenumberof dataitemsthat t
in thecadheas .

A (relational)databaseableis hencerepresentedy a
region  with beingthe table's cardinalityand
beingthe tuple size (or width). Similarly, more complec
structuredik e treesare modeledby regionswith rep-
resentingthe numberof nodesand representinghe
size(width) of asinglenode.

3.2 BasicAccessPatterns

Data accessatternsvary in their referentiallocality and
hencein their cachebehaior. Thus,notonly the cost(la-
teng/) of cachemissesdependon the accesattern,but
alsothe numberof cachemisseghatoccur Eachdatabase
algorithm describesa differentdataaccesspattern. This
meansgachalgorithmrequiresanindividual costfunction
to predictits cachemissesDeriving eachcostfunction”by
hand”is not only exhaustve andtime consuminghut also
errorprone. Our hypothesids that we only needto spec-
ify thecostfunctionsof afew basicaccesgpatterns Given
thesebasicpatternsandtheir costfunctions,we could de-
scribethe accesyatternsof databaseperationsascom-
binationsof basicaccespatternsandderive theresulting
costfunctionsautomatically

In orderto identify therelevantbasicaccespatternsywe
have to analyzethe dataaccess<haracteristicef database
operators,rst. We classifydatabas@perationsaccording
to the numberof operands.

Unary operators—suclas, e.g., table scan, selection,
projection, sorting, hashing, aggreation, or duplicate
elimination—readdata from one input region and write
datato oneoutputregion. Dataaccessanhencebe mod-
eledby two cursorsonefor theinputandonefor the out-

put. The input cursortraversesthe input region sequen-
tially. For tablescan,selection,andprojection,the output
cursoralso simply progressesequentiallywith eachout-
put item. When building a hashtable, the output cursor
"hopsbackandforth” in anon-sequentialvay. In practice,
the actualpatternis not completelyrandom but ratherde-
pendson the physicalorderandattribute valuedistribution
of the input dataas well as on the hashfunction. In our
case,i.e., knowing only the algorithm, but not the actual
data,it is not possibleto make moreaccuratgandusable)
assumptiongaboutthe patterndescribeddy the outputcur-
sor Hencewe assumehattheoutputregionis accesseth
a completelyrandommanner This assumptiorshouldnot
betoobad,asa’"good” hashfunctiontypically destrgysary
sortingorderandtriesto level out skew datadistributions.

Sort algorithmstypically performa more complicated
dataaccesgattern.In Section6.2,we presenguick-sortas
anexampleto demonstratéow suchpatternscanbe spec-
i ed ascombinationsof basicpatterns. Aggregationand
duplicateeliminationare usuallyimplementedusing sort-
ing or hashing.Thus,they performtherespectie patterns.

Thoughalsoa unary operation,datapartitioning takes
a separataole. Again, the input region is traversedse-
guentially However, modelingthe outputcursors access
patternaspurely randomis too simple. In fact,we cando
better Supposewe wantto partitionthe input region into

outputregions. Then,we know that the accesswithin
eachregionis sequential Hence we modelthe outputac-
cessas a nestedpattern. Eachregion is a separatdocal
cursor, performinga sequentialpattern. A single global
cursor hopsback and forth betweenthe regions. Simi-
lar to the hashingscenariodescribedbefore,the orderin
which the differentregion-cursorsare accessed—i.ethe
global pattern—dependsn the partitioningcriterion (e.g.,
hash-or range-baseddndthe physicalorderandattribute
valuedistribution of the input data. Again, it is not possi-
ble to modelthesedependenciem a generalway without
detailedknowledgeabouttheactualdatato processPurely
from thealgorithm,we canonly deducearandomorder

Concerningbinary operationswe focusour discussion
on join. The appropriatetreatmentof union, intersection
andset-diferencecanbe derivedrespectiely. Binary op-
eratorshave two inputsanda singleoutput. In mostcases,
oneinput—wecall it left or outer input—is traversedse-
guentially Accessto the other—right or inner—input de-
pendson the algorithm and the dataof the left input. A
nestedloop join performsa completesequentialtraver-
sal over the whole inner input for eachouter dataitem.
A meme join—assumingboth inputsare alreadysorted—
sequentiallytraversesthe innerinput oncewhile the outer
inputis traversed.A hashjoin—providedthereis already
a hashtableon theinnerinput—performsan”un-ordered”
accesgpatternontheinnerinput'shashtable.As discussed
above,we assumeuniform randomaccess.

Fromthisdiscussionwe identify thefollowing basicac-

cesspatternsaseminentin the majority of relationalalge-
braimplementations:



Figure2: SingleRandomTraversal: _

singlesequentialtraversal: _

A sequentiatraversalsequentiallysweepver , ac-

cessingeachdataitemin  exactlyonce.Theoptional
parameter givesthenumberof bytesthatareactually
usedof eachdataitem. If not speci ed, we assume
that all bytesareused.,i.e., . If specied,

we require modelsthe factthatan

operatore.g.,anaggrayationor a projection(eitheras
separateoperatoror in-lined with anotheroperator),
accesse®nly a subsetof its input's attributes. For

simplicity of presentationwe assumehatwe always
access consecutie bytes. Thoughnot completely
accuratethis is a reasonabl@bstractiorin our case?

Figurel shavs a samplesequentiatraversal.

repetitive sequentialtraversal:  _
A repetitve sequentiatraversalperforms sequential
traversalover afteranother speci es,whethenall
traversalssweepover in thesamedirection(
uni-directiona)), or whethersubsequentraversalsgo
in alternatingdirections( . bi-directiona).

singlerandom traversal: _
Like a sequentialtraversal, a randomtraversal ac-
cesseeachdataitemin  exactly once,readingor
writing  bytes. However, the dataitemsare not ac-
cessedn the order they are stored, but ratherran-
domly. Figure2 depictsa samplerandomtraversal.

repetitiverandom traversal:  _
A repetitve random traversal performs random
traversalsover after another We assumehat the
permutationordersof two subsequentraversalsare
independentf eachother Hence,thereis no point
in discriminatinguni-directionalandbi-directionalac-
cesseshere.Thereforewe omit parameter .

random access: _

Randomaccesdiits randomlychoserdataitemsin

5In casethe bytesaresomehov spreadacrossthewholeitem width
,sayas times bytes( ), onecanreplace _
by - with and .

—

local cursors - ~> global cursor

Figure3: Interleaved Multi-Cursor Access:

afteranother We assumethat eachdataitem may
be hit morethanonce,andthatthe choicesareinde-
pendenbf eachother Evenwith we do not
requirethateachdataitemis accessedtleastonce.

interleaved multi-cursor access:
A nestedmulti-cursoraccessnodelsa patternwhere
is dividedinto  (equal-sizedsub-regjions. Each
sub-reyion hasits own local cursor All local cursors
performthe samebasicpattern,givenby speci-
es, whetherthe global cursorpicksthelocal cursors
randomly( ) or sequentially( ). In
the latter case, speci es, whetherall traversalsof
theglobalcursoracrosghelocal cursorsusethesame
direction ( ), or whethersubsequentraver
salsuse alternatingdirections( ). Figure3
shavs a sampleinterleared multi-cursoraccess.

3.3 CompoundAccessPatterns

Databas®perationsaccessnorethanonedataregion, usu-
ally at leasttheir input(s) and their output. This means,
they performmore complex dataaccessatternsthanthe
basiconeswe introducedin the previous section.In order
to modelthesecomplec patternswe now introducecom-
pounddata accesgatterns Unlesswe needto explicitly
distinguishbetweenbasicand compounddataaccesat-
terns,we refer to both as dataaccesgatterns,or simply
patternsWeuse , ,and to denotethe set
of basicaccespatternscompoundaccesgatternsandall
accesgatternsrespectrely. We require

Be ( ) dataaccesgpatterns There
aretwo principle waysto combinetwo or more patterns.
Eitherthe patternsareexecutedoneafter the otheror they
are executedconcuriently. We call the rst comblnatlon
sequentiakxecutionanddenoteit by operator
the secondcombinationrepresentsoncurient e<ecut|on
andis denotedby operator . The result of
eithercombinationis againa (compound)ataaccesgat-
tern. Hence,we canapply and repeatedlyto describe
comple patterns.By de nition, is commutatve, while



algorithm patterndescription

name

Table2: SampleDataAccessPatterns

isnot. In caseboth and areusedto describeacom-
plex pattern, hasprecedencever ,i.e.,

We usebracletingto overruletheseassumptionsr to avoid
ambiguity Further we usethe following notationto sim-
plify complex terms.Be :

Table2 givessomeexampleshow to describegheaccess
patternsof sometypical databasalgorithmsascompound
patterns. For corvenience,somere-occurringcompound
accespatternsareassigned nev name.

Our hypothesids, thatwe only needto provide an ac-
cesspatterndescriptionasdepictedn Table2 for eachop-
erationwewantto model. Theactualcostfunctioncanthen
be createdautomatically providedwe know the costfunc-
tions for the basicpatternsandthe ruleshow to combine
them. To verify this hypothesiswe will now rst estimate
the cachemissratesof the basicaccesgatternsandthen
derive ruleshow to calculatethe cachemissratesof com-
poundaccesgatterns.

4 Deriving CostFunctions

In the following sections, depictsthe numberof cache
levelsand iteratesover all levels: . For
betterreadability we will omittheindex wherererwe do
notreferto aspeci ¢ cachdevel, but ratherto all or ary.

4.1 Preliminaries

For eachbasicpatternwe needto estimatebothsequential
andrandomcachemissesfor eachcachelevel. Givenan
accesgattern , we describethe numberof misses
percachédevel aspair

)

containingthe numberof sequentialand random cache
misses.Obviously, the randompatternscause no sequen-
tial misses Consequentlywe alwaysset

for _ _ _

Sequentialtraversals can achieve sequentiallateng
(i.e.,exploit full excesshandwidth),only if all therequire-
mentslistedin Section2.2 areful lled. Sequentiabccess
is ful lled by de nition. The hardwarerequirementgnon-
blocking cachesand superscalarCPUsallowing specula-
tive execution)arecoveredby theresultsof our calibration
tool. In casethesepropertiesarenot given, sequentiala-
teng will be the sameasrandomlateng. However, the
pure existenceof thesehardwarefeaturesis not sufcient
to achieve sequentialateng. Rather the implementation
needgo be ableto exploit thesefeatures.Datadependen-
ciesin the codemay keepthe CPU from issuingmultiple
memoryrequestsoncurrently It is not possibleto deduce
thisinformationonly from the algorithmwithout knowing
the actualimplementation. But even without datadepen-
denciesmultiple concurrenimemoryrequestsnay hit the
samecachéine. In casethenumberof concurrentitsto a
singlecachdine is lowerthanthe maximalnumberof out-
standingmemoryreferencesllowedby the CPU,only one
cacheline is loadedat a time® Thoughwe cansayhow
mary subsequenteferenceshit the samecacheline (see
below), we do not know how mary outstandingmemory
referenceshe CPU canhandlewithout stalling.” Hence,it
is not possibleto automaticallyguess whethera sequen-
tial traversalcanachiese sequentialateng or not. For this
reason,we offer two variantsof _ and _ -
and assumea scenariothat canachieve sequential
latengy while _ and _ donot. Theactualnumber
of misseds equalin bothcasesbut the rst casecauseso
randommissesthe seconcho sequentiamisses:

for _ _

Unlesswe needto explicitly distinguishbetweerbothvari-
ants,we will use to referto both.

8For amoredetaileddiscussionwe refertheinterestedeaderto [10].

“Ourcalibrationresultscanonly indicate whethetthe CPUcanhandle
outstandingnemoryreferencesvithout stalling, but not how mary it can
handleconcurrently



4.2 SingleSequentialTraversal

Be adataregionand - ( )a
sequentiatraversalover . We distinguishtwo cases.
Case . In this case the gapbetweenwo
adjacenticcessethatis nottouchedatall is smallerthana
singlecachdine. Hence thecachdine containingthis gap

is loadedto sene atleastoneof thetwo adjacentaccesses.

Thus,duringa sweepover  with all cache

linescovedby haveto beloaded,.e.,

- ®3)

Case . In this case the gapbetweenwo
adjacentaccessethatis not touchedat all spansat leasta
completecachdine. Hencenotall cachdinescovedby
have to beloadedduringa sweepover  with

. Further noaccessanbene t from acachdine already
loadedby a previous accesgo anotherspot. Thus, each
accesdo anitemin  requiresat least — cachelines
to beloaded: — . However, with it
may happerthat—dependingn thealignmentof  within
acachdine—oneadditionalcachdine hasto beloadedper
access.Consideringheseadditionalmissesve gef

- - — 4

4.3 SingleRandom Traversal

Be adataregionand arandomtraversal
over . Likebefore,wedistinguishtwo cases.

Case . With the untouchedgapsbeing
smallerthan cacheline size, againall cachelines coved
by haveto beaccessedHence, . But
dueto the randomaccesgattern,two locally adjacentac-
cessearenot temporallyadjacent. Thus, if exceeds
the cachesize, a cacheline that senestwo or more (lo-
cally adjacentlaccessemay bereplacedy anothercache
line beforeall accessethatrequireit actuallytook place.
Thisin turncausesnadditionalcachemiss,oncethe orig-
inal cacheline is accessedgain. Of course,suchaddi-
tional cachemissesonly occut oncethe cachecapacityis
exceededi.e., after spotshave beenac-
cessed.The probability thata cacheline is removed from
the cachealthoughit will be usedfor anotheraccessn-
creasewith thesizeof . In theworstcasegeachaccess
causesnadditionalcachemiss.Hence we get

(®)

Case . Eachspotis touchedexactly once,
and as adjacentaccessegannotbene t from previously
loadedcachelines,we getthe sameformulaasin (4):

- - (6)

8For a detailed discussionsee [9] (available for download from
http://www.cwi.nl/ manegold/ ).

4.4 Repetitive Traversals

With repetitve traversals cachere-usageeomesinto play.
We assumaénitially emptycaches. Hencethe rst traver-
salrequiresasmary cachemissesasestimatedabove. But
thesubsequertaversalamaybene t from thedataalready
presenin the cacheafterthe rst accessWe will analyze
thisin detailfor bothsequentiahndrandomtraversals.

4.4.1 Repetitive SequentialTraversal

Be adataregion, _ a repetitve
sequentiatraversalover , and - asin-
gle sequentiatraversalover . Two parametersletermine
the cachingbehaior of : the number of cache

linestouchedduring the rst traversalandthe direction
in which subsequertraversalssweepover

In case is smallerthanthe numberof available
cachelines, only the rst traversalcausescachemisses,
loadingall requireddata. All subsequentraversals
thenjustaccesshecachecausingnofurthercachemisses.

In case exceedghe numberof availablecache
lines,theendof atraversalpusheshedatareadatthe begin
of the traversalout of the cache.If the next traversalthen
againstartsatthebegin of  ( ), it cannotbene t
from ary datain the cache.Hence,eachsweepcauseghe
full amountof cachemisses.If a subsequensweepstarts
wherethe previous one stoppedij.e., it traverses in the
oppositedirectionasits predecessdr ), it canbene t
from thedatastoredin thecache.Thus,only the rst sweep

causeshefull amountof cachanissesThe remaining
sweepscausecachemissesonly for the fractionof  that
doesnot t into thecache In total, we get
if
if
(7

4.4.2 Repetitive Random Traversal

Be adataregion, _ a repetitive ran-

domtraversalover , and - a singleran-
domtraversalover . With randommemoryaccess, is
not de ned, hence,we needto consideronly to

determineto which extendrepetitve accessesanbene t
from cacheddata.

When is smallerthanthe numberof available
cachdines,we getthe sameeffectasabove. Only the rst
sweepcausesachemissesjoadingall requireddata. All

subsequergweepghenjustaccesshecachegcausing
no furthercachemisses.

In case exceedghe numberof availablecache
lines,themostrecentlyaccessedataremainsin the cache

9Sections will discusshaw to considerpre-loadedaches.



at the end of a sweep. Hence,thereis a certainproba-
bility thatthe rst accessesf the following sweepmight
re-use(someof) these cachelines. This probability de-
creasess increasesWe estimatethe probability
with . In total, we get

(8)

4.5 RandomAccess

Be adataregionand - arandomac-
cesyatternon . Incontraryto asinglerandontraversal,
whereeachdataitem of  is touchedexactly once,we do
not know exactly, how mary distinct dataitems are actu-
ally touchedwith randomaccess.However, knowing that
thereare independentandomaccesse$o the data
itemsin , we canestimatethe average/g&pectednumber
of distinctdataitemsthatareindeedtouched.Be the
numberof all differentoutcomef picking timesoneof
the dataitemsallowing multiple accesseto eachdata
item. Furtherbe  the numberof outcomescontaining
exactly distinct dataitems. If we
respecbrdering,all outcomesareequallylikely to occur:

We cancalculate and

where and denotethe binomial coefcient andthe

Stirling numberof secondkind [16], respectiely.  First
of all, thereare waysto choose distinctdataitems

from the available dataitems. Then, thereare
waysto partitionthe accesdnto groups,onefor each
distinctdataitem. Finally, we have to considerall  per
mutationsto getequallylikely outcomes.

Knowing the number of distinct dataitemsthat are
touchedby _ on average,we cannow calcu-
latethenumber of distinctcachelinestouched.Dueto
spacelimitations, we refer the interestedreaderto [9] for
a detaileddiscussiorof . In principle, is made-upby
similarformulasasusedin Sections4.2and4.3.

Knowing thenumber of distinctcachdinestouched,
we can nally calculatethe numberof cachemisses.With

accessespreadover distinct dataitems, eachitem
is touched  timeson average. Analogouslyto Equa-

tion (8), we get( - )

E— 9)

4.6 Interleaved Multi-Cursor Access

Be a dataregion divided into
sub-rgions  with

and —_—
Furtherbe with

_ _ aninterleavedmulti-cursoraccess.
Ourdetailedanalysisin [9] leadsto theformula

else
(10)

with

In otherwords, an interleaved multi-cursoracces9yat-
tern causesat leastas mary cachemissesas somesim-
ple traversal patternon the samedataregion. However,
it might causerandommissesthoughthe local patternis
expectedto causesequentiamisses.Further if the cross-
traversalrequiresmore cachelines than available,

additionalrandommisseswill occur



5 Combining CostFunctions

Giventhe cachemissedor basicpatternsywe will now dis-
cusshow to derive theresultingcachemissesf compound
patterns.Themajorproblemis to modelcacheinterference
thatoccursamongthe basicpatterns.

5.1 SequentialExecution

Be ( ). thendenotes
that is executedafter  is nished (cf. Sec.3.3).
Obviously, the patternsdo not interferein this case.Con-
sequentlythe resultingtotal numberof cachemissess at
mostthe sumof the cachemissesof all  patterns.How-
ever, if two subsequenpatternsoperateon the samedata
region, the secondmight bene t from the datathatthe rst
oneleavesin the cache.It dependsn the cachesize,the
datasizes,andthecharacteristicsf theindividual patterns,
how mary cachemisseanaybe savedthis way.

To modelthis effect, we needto considerthe contents
or stateof the caches.We describethe stateof a cacheas
aset of pairs , Sstatingfor eachdata
region thefraction thatis availablein the cache.For
corveniencewe omit dataregionsthatarenotcachedtall,
i.e., thosewith . In orderto appropriatelyconsider
thecachesinitial stateswvhencalculatingthe cachemisses
of apattern ,wede ne

else
(11)
with asde ned in Equations(3) through(10). In
case is alreadyentirely availablein the cacheno cache

misseswill occurduring . In caseonly a fraction of
is available in the cache,thereis a certain chance,that
randompatternsmight (partially) bene t from this frac-
tion. Sequentiapatterns,however, would only bene t if
thisfractionmakesupthe”head”of . Aswedonotknow
whetherthisis true,we assumehatsequentiapatternsan
only bene t, if is alreadyentirelyin the cache.For con-
veniencewe write

Additionally, we calculatethe caches'resulting states

afterapattern hasbeenperformedasfollows:

Equippedwith thesetools,we cancalculatethe number
of missedfor sequentiakxecution, givenaninitial state :

(12)

5.2 Concurrent Execution

Whenexecutingtwo or morepatternsoncurrentlywe ac-
tually have to considerthefactthatthey arecompetingfor
the samecache.The numberof total cachemisseswill be
higherthanjustthe sumof theindividual cachemissrates.
Thereasorfor this is, thatthe patternswill mutually evict
cachelines from the cachedueto alignmentcon icts. To
which extendsuchcon ict missesoccurdoesnotonly de-
pendonthepatternghemseles,but alsoonthedataplace-
ment and details of the cachealignment. Unfortunately
theseparameterarenot know during costevaluation.

Hence,we modelthe impactof the cacheinterference
betweenconcurrenfpatternsby dividing the cacheamong
all patterns. Eachindividual patterngetsonly a fraction
of the cacheaccordingto its footprint size We de ne a
patternsfootprintsize asthe numberof cachéinesthat
it potentially revisits. With single sequentiatraversals,a
cachdine is nevervisitedagainonceaccessiasmovedon
to the next cacheline. Hence,simple sequentiapatterns
virtually occugy only onecacheline aattime. Or in other
words, the numberof cachemissesis independenbf the
available cachesize. The sameholds for single random
traversalswith In all othercasespasic
accesgatterngpotentially)revisit all cachelines covered
by their respectie dataregion. Wede ne  asfollows.

Be and ( ):

else

Further we use with to denotethe number
of misseswith only —th of the total cachesize available.
To calculate , we simply replace and by — and
—, respectiely, in theformulasin Sections4 and5.1. We

write . Likewise,we de ne

Giventhesdoolsandaninitial cachestate , wecancal-
culatethe numberof cachemissesandthe resultingcache
statefor concurrenexecution.

Be then

(13)

After executing , the cachecontainsa
fraction of eachdataregion involved, proportionalto its
footprintsize.



5.3 Query ExecutionPlans

With thetechniquesliscussedhn the previoussectionsye
gotthebasictoolsat handto alsoestimatehe numberand
kind of cachemissesof completequery plans,andhence
to predicttheir memoryaccessosts. The variousopera-
torsin a queryplan arecombinedin the sameway aswe
combinebasicpatternto compoundpatterns Basically the
gueryplandescribeswhich operatorsareexecutedoneaf-
tertheotherandwhichareexecutecconcurrently Here,we
view pipeliningasconcurrenexecutionof data-dependent
operators.Hence,we canderive the complex memoryac-
cesspatternof a query plan by combiningthe compound
patternsof the operatorsasdiscussedbove. Considering
the caches'statesasintroducesheforetakes careproperly
recognizingdatadependenciegspeciallyfor pipelining.

6 Experimental Validation

To validateour costmodel,we will comparehe estimated
costswith experimentalresults. Due to spacdimitations,

we will concentrateon a few characteristicoperations,
here.Thedataaccesgatternof eachoperationis a combi-

nationof severalbasicpatterns.The operationsarechosen
sothateachbasicpatternoccursatleastonce.Extensionto

further operationsand whole queries,however, is straight
forward, asit just meansapplyingthe sametechniquego

combineaccespatternsaandderive their costfunctions.

6.1 Setup

We implementedour cost functions and usedour main-

memory DBMS prototypeMonet [3] as experimentation
platform. We ran experimentson varioushardware plat-

forms, ranging from Linux-PCsto an SGI Origin2000.
Dueto spacdimitations, we concentrat®n the resultswe

achieved on the latter machine here!® We usethe CPU's

hardware countersto get the exact numberof cacheand

TLB misseswhile runningour experiments.Thus,we can
validatethe estimatedcachemissrates. Validatingthe re-

sultingtotal memoryaccessost(i.e., missratesscoredby

their latencies)s morecomplicated asthereis no way to

measurehe time spenton memoryaccess.We canonly

measurdhetotal elapsedime, andthis includesthe (pure)
CPU costsaswell. Hence,we extend our modelto esti-

matethetotal executiontime assumof

memoryaccesgime andpureCPUtime. is de ned

in Equation(1). We calibrate for eachalgorithmin

anin-cachesetting,i.e., without memorycost.

6.2 Results

Figure4 gathersour experimentakesults.Eachplot repre-
sentsonealgorithm. Thecachemissesandtimesmeasured
duringexecutionaredepictedaspoints. Therespectie cost
estimationsareplottedaslines. Cachemissesaredepicted

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

in absolutenumbers. Timesare depictedin milliseconds.
We will now discusseachalgorithmin detail.

Quick-Sort. We usequick-sortto sortatablein-place.
Quick-sortusestwo cursors,one startingat the front and
onestartingat the end. Both cursorssequentiallywalk to-
wardeachotherswappingdataitemswherenecessanuntil
they meetin the middle. We modelthis astwo concurrent
sequentiatraversalsgachsweepingveronehalf of theta-
ble: _ - . At themeetingpoint, the
tableis split in two partsand quick-sortrecursvely pro-
ceedsdepth- rst on eachpart. With  being the table's
cardinality thedepthof therecursions . In total,we
modelthe dataaccespatternof quick-sortas

We variedthe table sizesfrom 128KB to 128MB and
thetablescontainedandomlydistributed(numerical)data.
Figure4ashaws thatthe modelsaccuratelypredictthe ac-
tualbehaior. Only thestart-upoverheadf aboutl00TLB
missess not covered but thisis negligible. Thestepin the
L2 misses-cure depictsthe effect of cachingon repeated
sequentiabccessTablesthat t into the cachehave to be
loadedonly onceduring the top-level iteration of quick-
sort. Subsequentiterationsoperateon the cacheddata,
causingno additionalcachemisses.

Merge-Jin.  Assumingboth operandsare already
sorted, memge-join simply performsthree concurrentse-
guentialpatternspneon eachinputandoneon the output:

Again, we userandomlydistributeddataandtablesizes
ashbefore. In all experimentsboth operandsare of equal
size,andthejoin is a 1:1-match.Therespectie resultsin
Figure 4b demonstratéhe accurag of our costfunctions.
Further we seethatsinglesequentiahccesss not affected
by cachesizes.Thecostsareproportionalto thedatasizes.

Hash-Join. While the previousoperationgperformonly
sequentiapatternsyve now turn our attentionto hash-join.
Hash-joinperformsrandomaccesgo the hash-tableboth
while building it andwhile probingthe otherinput against
it. We modelthe dataaccespatternof hash-joinas

Figure 4c clearly shavs the signi cant increasein L2
andTLB missespncethe hash-tablesize exceedghe
respectie cachesize!! Our costmodelcorrectly predicts
theseeffectsandtheresultingexecutiontime.

Partitioning . Oneway to preventthe performancele-
creaseof hash-joinon large tablesis to partition both

11The plots shaw no sucheffect for L1 missesasall hash-tablesre
largerthantheL1 cache here.
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operand®nthejoin attributeandthenhash-jointhe match-
ing partitions[15, 7]. If eachpartition ts into the cache,
no additionalcachemisseswill occurduringhash-join.

Partitioning algorithms typically maintain a separate

outputbuffer for eachresultpartition. Theinputis readse-
guentially andeachtupleis written to its outputpartition.

Dataacceswithin eachoutputpartitionis alsosequential.

We modelpartitioningusing a sequentiatraversalfor the
inputandaninterleavedmulti-cursoraccesgor the output:

The curvesin Figure4d demonstratehe effect we dis-
cussedin Section4.6: The numberof cachemissesin-
creasesigni cantly, oncethe numberof outputbuffers
exceedgshe numberof cacheblocks . Thoughthey tend
to underestimatethe costsfor very high numbersof parti-
tions,our modelsaccuratelypredictthe crucial points.

Partitioned Hash-Join. Oncetheinputsarepartitioned,
we canjoin themby performinga hash-joinon eachpair of

matchingpartitions. We modelthe accesgatternof parti-
tionedhash-joinas

Figuredeshavsthatthecachemissratesandthustheto-
tal costdecreaseigni cantly, onceeachpatrtition (respec-
tively its hash-table)ts into thecache.

7 Conclusion

We presenteda nev generic approachto build generic
databaseostmodelsfor hierarchicamemorysystems\We
extendedthe knowledge baseon analytical cost-models
for query optimizationwith a strateyy derived from our
experimentationwith main-memorydatabasaechnology
The approachtaken shows thatwe canachieve hardware-
independencéy modeling hierarchicalmemory systems
asmultiple level of cachesEachlevelis characterizetyy a



few parameterslescribingits sizesandtimings. This ab-

stract hardware model is not restrictedto main-memory
caches. As we pointedout, the characteristicof main-

memory accessare very similar to thoseof disk access.
Viewing main-memory(e.g., a databasesystem$ buffer

pool) as cachefor disk accessijt is obvious that our ap-

proachalsocoversl/O. As such,the modelpresentegro-

vides a valuable addition to the core of cost-modelsfor

disk-residentatabaseaswell.

Adaptationof the modelto a speci ¢ hardwareis done
by instantiatingthe parametersvith the respectre values
of the very hardware. Our Calibrator, a softwaretool to
measuraghesevalueson arbitrarysystemsjs availablefor
downloadfrom our website (http://monetdb.cwi.nl).

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