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Abstract

During the last few years, On-Line Analytical Process-
ing (OLAP) hasemeped as a valuabletool for the anal-
ysis, navigationand reporting of hierarchically organized
data from datawarehousessSitill, it remainsa challenging
task to implementand deployan OLAP systemsince no
standardizedirchitectureexists, which describeshe com-
mon componentand functionality of OLAP systemsAd-
ditionally, the formal modelsin usedisregard the needfor
easilyimplementedand clearly definedinterfacesbetween
thesecomponentsThis paper presentsa modelfor OLAP
engineswhich permitsthe developmenbf modularsystems
basedon a simpledata-representatiorusing setsand vec-
tors. Thefunctionalunits of the queryprocessormare imple-
mentedn CORBA asindependeninoduleswith firm inter-
facesandexchange dataandmessgescommunicat@cross
a softwarebus.

1. Introduction

On-Line Analytical Processing OLAP) is a technique
for theanalysisandnavigationof datastoredin multidimen-
sionaldatawarehouse§r]. It wasintroducedby E.FCodd
[4] with the aim of providing point-and-clicksimplicity in
decisionsupportsystems.lt particularly gained popular
ity as a building block of modernexecutive information
systems.Most major databasevendorsoffer at leastone
productbasednthistechnology ThesecommercialOLAP
productsavailabletodayareproprietarysystemswhich can
interfaceto only a few datawarehousesThis lack of inter-
operabilitymalesit impossiblefor the userto selectfreely
from the availableproducts,andto choosethe components
whichbestfit agivenpurpose.

Today two dominantapproachefor theimplementation
of OLAP systemsexist: relational OLAP, which storesthe
datain tables,andmultidimensionalDLAP. The lattertype
usesmultidimensionaldatastructures(e.g., sparsearrays,
grid files, etc) to storetuplesof dataaccordingto their po-
sition within the multidimensionaldata-spaceStill, it re-
mainsa challengingtaskto implementanddeploy anopen
systemwith clearly separatednodulesasno standardized
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architectureexists, which describesthe commoncompo-
nentsandfunctionalunitspresentWhile mostresearctton-
centrate®ntheformalmodelsalgorithmicfoundationsand
datastructuregor OLAP, ratherlittle attentionis paidto the
architectureandstructureof OLAP systems.

Yet, the benefitof a well-definedarchitecturabefinition
is self-evident:Clearlyseparatedoftwaremodulessimplify
the developmentprocessconsiderablyand acceleratethe
constructioranddeploymentof applicationsDifferentim-
plementation®f well-definedinterfaceswill remaininter-
operable sothatchangesarekeptlocal. Above all, simple
componentswith limited functionality are easyto design
andimplement.Comple systemsanthenbe composeaf
suchsmallcomponents.

The architecturewvhich we proposein this paperfulfills
severalimportant,andofteninterrelatedgoals:
Modularity. All moduleswhich adhereo a predefinedn-
terface,caninteractseamlessly
I nter oper ability. Thesystemhasto work with awide array
of databaseandstoragemodels. The integrationof mul-
tiple databasesystemsasedon wrappermodulesneedso
besupported.

Scalability. OLAP requires consistentreporting perfor
mance,jndependenbf the size of the underlyingdatabase
or its dimensionality

Extendability. We wantto addadditionalmoduleswithout
retuilding the system.

Component-base@LAP systemffer anumberof ben-
efitsbothto theuserandthedeveloper Theusercanchoose
from differentsuppliersand combinedifferentquery opti-
mizationstrat@iesandqueryevaluationalgorithms Exten-
sible OLAP systemffer a majorbenefitto developersas
well. We will shov how to decomposen OLAP system
into functionalunits,which cancommunicateisinga “soft-
warebus” (e.g.,CORBA). We proposea datamodelbased
on setsandvectorsfor the communication.

Theremaindeof this papelis structuredasfollows: Sec-
tion 2 lists somerelatedwork on the structureandarchitec-
ture for OLAP systems.Section3 introducesan architec-
turefor amodularOLAP systemWe describethe modules
andfunctionalunitsfrom our architecturén Section4 and
presensomeconclusionsn Section5.



2. Related Work

Althoughrecentadvancesn datawarehousingechnol-
ogy andcomputingpower have led to a proliferationof data
warehousesn useandto an increasednterestin the ar-
chitecturafoundationsof distributedandmodularsystems,
ratherlittle informationis availableon the architectureand
structureof OLAP systems.

One of the first web-basedOLAP systemswas devel-
opedatourinstitutein the WWWEIS-DWH project[8]. Re-
searchon modelingdatawarehousesnd meta-datausing
extendedrelationalmodelsis reportedin [10]. [12] intro-
ducesthegeneralrchitectureof datawarehousingystems
andtreatstheproblemof modularizingdatawarehouseata
highlevel. TheWHIPSdatawarehousingprototypeat Stan-
ford [13] usesSCORBA objectsto implementa scalableand
modularsystem.

A numberof approachesxist to the storageof datain
datawarehouseq14] contrastghe performanceof value-
based(ROLAP) and multidimensional(MOLAP) imple-
mentationsThe data-structuressedinclude grid-files [5],
B*-trees,R*-trees[1], X-trees,HB-trees[9], GiST [6], ar
raysandsets-basedata-structures.

We arguein favor of using setsfor the consistentrep-
resentatiorof datawithin the OLAP system.Setscan be
implementedefficiently both for serialand concurrentex-
ecution. Algorithms for the optimizationand parallel ex-
ecution of setoperations(e.g., unions,intersections)and
optimizationtechniquesproviding an optimal ordering of
suchoperationsarediscussedn [3]. An implementatiorof
parallel setoperationsusingrandombinary balancedrees
(treapqd11]) is presentedh [2] andshavsaveryreasonable
speed-upn multi-processosystems.

3. The Architecture

Figure 1 depictsthe distinct phasesf queryevaluation,
yetleavesthedataflow unspecifiedln this sectionweintro-
duceanabstractmodelfor thedatarepresentatioandquery
evaluationin OLAP systemswhich justifies our choice of
data-structuresisedfor the communicatiorbetweenthese
modules.The computationamodelwe useassumes mul-
tidimensionaldata abstractionwithin the OLAP engine.
We alwaystreatthe fact-baseasa cube,evenif it is only
available in a relational datawarehouseand needsto be
convertedinto a multidimensionakepresentationThis ap-
proachallows us to apply multidimensionaloperatorlike
slice,dice, etcto all intermediatequeryresultsandto usea
singleinterfacebetweenrthedifferentphase®of queryeval-
uation.

The OLAP architectureproposedhereis basedon set-
theory and allows simple and efficient implementation A
tuple T of values,asit is found in the relationaldatabase
model, can be expressedasthe Cartesianproductof keys
K; with i € {l.n} andvaluesV: T = K; x ... x
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Figure 1. An expanded view of the control flow for the evaluation of an OLAP
query: The user generates a query using the graphical interface of a query-
tool (e.g., a decision support system) and passes it on to the OLAP system.
There, it first passes through a query optimizer which removes redundancies
and rewrites the query to exploit parallelism, before it is evaluated. The eval-
uator creates an execution plan, which leads to the retrieval of a subset of
the facts contained in the data cube. This execution plan consists of a set
of position vector which denote the sub-space of the data-space relevant to
the query. In order to create this set of vectors, the query is evaluated for
each dimension in parallel (vector creation), before combining them through
a Cartesian product. The facts specified within this execution plan can then
be retrieved in parallel. The fact retrieval is controlled by meta-data indicat-
ing which tables within the data warehouse to consult and whether cached
sub-cubes are available. The meta-data repository is read-only, except for the
information of cached sub-cubes, which are written during the final assembly
of the query results. The query result is added to the cache and returned to
the client application.

K, x V. Each K; may contain multiple sub-leys, i.e.,
K; = K! x ...K!", which imposea hierarchicalor-

dering. For example,if we considera K; which repre-
sentsthe time dimensionand consistsof a DAY, MONTH
and YEAR attribute. Thesethreekey-attributesarethe sub-
keys K}, K? and K3. In this model, all dimensionsK;

(e.g.,ti me, space, product ) arecontainedn K (e.g.,
ti mexspacexpr oduct ). Eachdimensionmay consist
of multiple sub-lkeys (e.g., YEAR, MONTH, DAY) for the di-

mensiort i me, which structurethedatahierchically

A hierarchicalordering betweenthesefields exists as
well. A YEAR containgnultiple MONTHs andsoon (seeFig-
ure2(a)).Thishierarchyrepresentahierarchyof datagran-
ularities. Starting with the least significant sub-key, sub-
keys may be left unboundin queriesto view the dataat a
coarsetevel of detail.

Multiple pathsthroughthe hierarchymay co-exist, as
demonstratedn Figure 2(a), aslong asthereis only one
entrywithoutapredecessdfT) andonly onewithoutasuc-
cessor(_L). In the exampledepicted,YEAR canbe decom-
posedeitherinto MONTH or VIEEEK. Still, becausall paths



throughthegranularitytreereachthecommonelemenDAY
(L), all queriescanberesolhedby accessinghe decompo-
sition into this commonlevel of detail (i.e., DAY). There-
quirementfor a singleroot nodecaneasily be satisfiedby
subsumingmultiple rootsin anartificial rootnodeT.

The logical organizationof the datais position-based.

The values(facts)v € V (with V' symbolizing the en-
tire datawarehousegareassociateavith key-tuplesk € K

anddistributedacrosghen-dimensionatiata-spacaccord-
ingly. For akey-tuple k andanassociate@aluetuplewv, the
relationg : k¢v (k = k1 x ... X k, with k; € K;) holds
if, andonly if, atuplet = k1 x ... x k, X v is contained
in thefact-base.As a consequencehe spatialposition of

avaluewithin thedatacubealongthei-th dimensionabxis
is determinedby the value of the i-th sub-ley k;. Thisre-

sultsin an-dimensionahypercubewhereeachk; givesthe
locationof thevaluev alongthe-th dimension.

Thevectork with k¢uv isreferredto asthepositionvector
of a factw, sinceit representghe spatial position of the
factwithin themultidimensionabataspaceQueriesaccess
thefactbaseby retrieving the factsassociatedvith a given
positionvector Sub-lkeys of any componenbf this position
vectormayremainunboundo ary valueto symbolizedata
at higherlevel of aggreyation.If we wantto representhe
aggrejateddatafor the YEAR 1999, we setthe sub-ley
representinghe YEAR to 1999 andleave the sub-keys for
MONTH andDAY unbound.

Themeta-data@onsists—amongsthers—ofsemantical
information(naming)to identify thei-dimensionsanddata
regarding both the hierarchy(analogougo the granulari-
ties) of key-attributes(e.g.,a YEAR consistof up to twelve
MONTHs) andthe hierarchyof instance-aluesof thesekey-
attributes (e.g., the year 1999 containsa month Mar ch
1999). Wheninsertinga new tupleinto thefact-basethe
attribute hierarchyis traversedto determinethe spatiallo-
cation of the new fact. If a specifiedkey-attribute is not
presenta new nodeis inserted Additional meta-datanay
include information on data-typesprderingrelationsand
integrity constraints.

Eachnodein thishierarchyis atuplekey x ancestors x
descendants. Theancestors-setanddescendants-setim-
ply apart-ofrelationshiponthekeys:e.g.,Mar ch 1998 is
apartof 1998 (seeFigure2(b)). Two nodesmay contain
the samevalue for the key field, but identify distinct spa-
tial locations(e.g.,June1998 andJune1999 both have
June astheirkey attribute). Apparently theequivalenceof
nodescanbedeterminednly from theirlocationwithin the
hierarchyof nodes.Let > denotethe descendantelation,
suchthata > b holds,if andonly if b is a descenderf a
(€.9.1999 » Junel1999). Now we candescribethe posi-
tion of any noden within thehierarchyasp(n) = {ele>*n}
wherer* denoteghe transitive hull over . Two nodescan
be testedfor equivalenceusing their path: n; andn, are
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Figure 2. Example of a time dimension: The arrows denote a “contains”-
relationship.

thesamenode,if andonly if, p(n;) = p(n2). For example,
p(June1998) = {T,199x,1998} while p(June1999) =
{T,199x%,1999}. Using the descendantelation, we can
define the contentsof the descendants and ancestors
fields of a nodeaswell: n.descendants = {e|n > e} and
n.ancestors = {ele > n}. As aresult,the nodefor 199x
is representedly thetuple< 199x x T x {1998,1999} >.
Sincethe nodes1998 and1999 containa setof descen-
dentnodesagain,this definitionapparenthjeavesuswith a
structureof nestedsets.

We wantour queriesto selecta partof thedatacubeata
selectablgranularity Thuswe needto constrainthe extent
of thecubealongeachof its dimensiondy introducingcon-
straintson the key-attributes.For example,if we constrain
the YEAR to 1999 andview the cubeat the level of detail
correspondingo YEARs, only asinglesliceof thecubewiill
result. Apparentlythe level of detail (granularity)at which
we view the cubeis the otherinfluencingfactorfor the re-
sultsof a query For this reasonwe have to includeinfor-
mation on the desiredgranularityfor eachdimension.For
ann-dimensionatubeann-dimensionabranularityvector
is necessary

Queryevaluationusegermsubstitutiorto expandthe hi-
erarchicallynestedsetsof keys, while applyingconstraints
to them,in orderto obtaina setof vectorswith spatialpo-
sitions at a given level of detail. For example,if a query
requestsa sub-cubewhich is constrainedo datafrom the
monthJune andtheyear1999, the algorithmstartswith
thetop (T) nodein its selectedset (or permissibleset). It
will thenperforman expansionby replacingevery selected
nodewith all its descendanhodes(e.g.,the years1998
and1999). After the expansionthe constraintsareapplied
to eliminatenodesoutsidethe queryresult.In this example,
the constrainton the yearfield will be applied,which will
leave the node1999 asthe only memberof the queryre-
sult/set.This expansiorandapplicationof constraintsieeds
to be repeateduntil all constraintshave beenappliedonce
andthedesiredevel of detailis reached.

To sumthis up, we needfour distinctdatastructuredor
therepresentationf queriesandqueryresults:granularity
vector s, which specifythedesiredevel of detailin queries
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Figure 3. Data-flow between the modules of our OLAP architecture: A user
constructs a query using the graphical user-interface of a query-tool. During
query construction (particularly for ad-hocqueries), the query-tool may read
meta-data. This query is transformed into a set of constraints and a granular-
ity vector. These constraints first pass through a pipeline of query optimizers,
which rewrite the query to eliminate redundancies and exploit parallelism.
The rewritten set of constraints then enters the query evaluator, together with
the granularity vector. The query evaluator uses the meta-data to transform
the query into position vectors, which correspond to the spatial locations of
the facts to be retrieved from the data warehouse. The position vectors are
passed in parallel to storage managers to retrieve the necessary data. These
storage managers are wrapper objects which provide a multidimensional in-
terface to data warehouses and cached sub-cubes. The results of the query
are reassembled in the query evaluator, transformed into a list of tuples and
passed back to the user-interface application for presentation. A cache object
is created and a reference to this object stored in the meta-data repository.

sets of constraints, which determinethe subsebf the data
cubein a query, position vectors, which describethe spa-
tial positionsof facts,andsets of tuples, which encodethe
gueryresults.

4, Modules

The dataflow betweerthe modulesof our OLAP archi-
tectures givenin Figure3. In this sectionwe describehese
moduleswhich communicataisinga softwarebus,in more
detail. The modulesaretreatedin approximatelythe same
orderasthey areusedin the processingf queries.

4.1. Query Generation/User-Interface

A graphicaluserinterfaceallows the userto performthe
customaryOLAP operationsdrill-down (zoomingin), roll-
up (zoomingout) and pivoting (changingthe dimensions
displayedat the axes).Ad-hoc queriesare supportedising
asimplenavigatorinterface.

The queriesaretransformednto a setof constraintand

agranularityvectoraccordingto thefollowing rules:
Drill-down. A componen®f the granularityvectoris re-
placedwith oneof its successor#\ constraintnaybeadded
atthe sametime to reducethevisible domain.

For example,given the granularitiesfrom Figure 2(a) and
the key-attributesfrom Figure 2(b): Assume the usercur-
rently views data at the DECADE level and notices an
anomalywithin the aggreyateddatafor the decadel99x.
To investigatefurther, a drill-down occursto the next more
detailed granularity (YEAR). To evaluatethis query the
t i me-componenbf the granularityvector, which initially
pointsto DECADE, is replacedwith YEAR. Now imagine,
the userseesthat the anomalyis causedoy someeventin
theyear1998. To trackthe problemdown, only themonths
of 1998 are required. The granularity will be adjusted
to MONTH and an additional constraint YEAR equal s
1998 is introduced. Or the usermay chooseto display
the datafor all JUNEs of a given DECADE. Sucha query
may startat the DECADE granularity with a constrainton
the value of the DECADE only. Whenthis drill-down is is-
sued,JUNE is addedto the setof constraintsandthe rele-
vantcomponenbf the granularityvectoris setto MONTH.
As a result of this operation,the valuesfor DECADE and
MONTH areconstrainedwhile YEAR is unconstrained.
Roall-up. All constraintonthecurrentgranularityin thedi-
mensionwheretheroll-up occurs,aredeleted. Thecompo-
nentof the granularityvectorcorrespondingo this dimen-
sion is replacedwith one of its predecessoaccordingto
atraversalhistoryor default traversalpaths.A roll-up from
YEARto DECADE clearsall constraintsetfor YEAR andset
thet i me-componentn thegranularityvectorto DECADE.
Pivot. Onedimensionis replacedvith another Neitherthe
granularityvector, nor the setof constraintsare modified.
The pivoting operationaffects solely the way datais pre-
sentedo the userrequiringno reevaluationof thequery

4.2. Query Optimizer

Every queryfirst passeshroughthe queryoptimization
modulewherea setof constraintss mappedo a setof opti-
mizedconstraints.Actually, multiple of thesemodulescan
exist concurrently—irthatcasethe queryis pipedthrough
all of themandthey actasfilters makingit simpleto evolve
optimizationstrateyies.

4.3. Query evaluator

The query evaluatormoduleis responsiblefor evaluat-
ing queries,.e. for creatingpositionvectorsfrom the con-
straintsand the meta-datawhich can be usedasinput to
the storagemanagersFor every query annew instanceof
this modulecanbeinstantiatedThesemodulesmayrunon
differentmachinesmproving the overall scalability of the
systemasqueriescanbe processedh parallel.

A numberof algorithmsoffer themselesfor queryeval-
uation. We use an algorithm, which closely follows the



model describedin Section3. We initialize a set of per
missibleinstanceswith the T-element.Thenthe contents
of this setarereplacedwith the successorsf the elements
within the setwhich satisfyall given constraintsThis ex-
pansionprocesss repeateduntil only elementsatthelevel
of detailwhich wasspecifiedby the relevantcomponentf
the granularityvector remain. The Cartesianproductover
the permissibleénstance®f all dimensionds the setof po-
sition vectors. The position vectorsare passedon to the
storagemanagersWhich storagemanageris to be used,
is determinedusing the meta-datarepository If the query
resultis cache-ablea cacheobjectis createdand a refer
enceto it is storedin the meta-dataepository For exam-
ple: we canassume querywhich requiresa granularityof
MONTH in the time dimensionandhasa constraint YEAR
equal s 1999”. During expansion,we first replacethe
T-elementwith the partsit consistsof (which will have
thetype DECADE). In our casethatis just 199x (the value
of DECADE is unconstrained)Now we iteratethis replace-
mentprocessfirst yielding a setof YEARs andfinally the
requestedVONTHSs. This setwill contain1999 andfinally
May 1999 andJune 1999, respectiely.

4.4. M eta-data repository

The meta-dataepositoryis a catalogof information,de-
scribingthe structureof the datawarehouse.For relational
datawarehousest basicallycontainsa descriptionof the
schemeof eachrelation and information on how to map
the differentdatagranularitiesto tablesin the dataware-
house Apart from othermetadataye keepinformationon
the currentlycacheddatacubestogethemwith their location
in the meta-datastorage.Basically our meta-datareposi-
tory maintainsa key-valuetable which providesread-only
accesdor all modulesandwrite accesg$or thequeryevalu-
atoronly to registerregisternewly createccacheentries.

Currently every machinemaintainsa read-onlyreplica
of themeta-datatorage Cachemeta-dataepresents spe-
cial type of meta-datayhich canbe written at will, but re-
mainslocal to every workstation.Our nearterm plansin-
cludea new communicatiormodel,which will allow usto
maintainmultiple meta-datarepositoriesand notify all of
them,whenanew (remote)cacheobjectbecomesvailable.

4.5. Storage M anager s and Cache objects

TheOLAP engineneeddo accesslatafrom variousdata
sourcedike relationaldatawarehousesmultidimensional
datawarehousesnd the local cache.We createwrapper
modulesto accessll thesedifferentdatasourcesn a uni-
form way by servingas storagemanagersTheseprovide
multidimensionabbstractiorto theactualdatasourceused.
A requesto retrieve datais alwaysexpressedisa position
vectorandthe resultis alwaysencodedas a setof tuples.
This positionvectordenoteshe spatiallocation of the re-
guestedvalue within the datacube. The storagemanager

transformsthe positionvectorinto a querywhich is mean-
ingful to theactualstoragemethodused(e.g.,aSQLquery).

Cachingis an integral part of our architectureas we
cacheall queryresultsto exploit the temporallocality of
referencen OLAP applicationgluringuserinteraction.We
represeneachcachedcubeby a separatecacheobject Ba-
sically, suchanobjectis simply anotherstoragamanagerit
wrapsarounda previous queryresultand presentstself to
the queryevaluatoraccordingio the genericinterface.

4.6. Presentation

Thequeryevaluatorreturnsthequeryresultasasetof tu-
plesto theapplicatiorwhich providestheuserinterfaceand
constructgjueriesfrom userinteraction.The userinterface
is primarily concernedvith the presentatiorof the datare-
ceived from the OLAP engineand supporting navigation
anddataexploration.

5. Summary and Conclusion

We presentedan architecturefor modular OLAP sys-
temswith parallel and distributed query evaluation using
CORBA objectsWe distributemultiple queriesacrossmul-
tiple processors/arkstationsy dynamicallystartingaddi-
tional query evaluationmodules.Within the queryevalua-
tor, both the constraint-applicatioprocessas well asthe
factretrieval supportparallelization Theconstraintsareap-
plied concurrentlyto eachdimensionand fact retrieval is
carriedoutin parallel.Thearchitectureve presenteds well
suitedfor distributed and parallel query optimizationand
reflectsa formal model of evaluatingOLAP queries.This
modelis basedon sets,which allows the useof efficient,
parallel algorithms.It is usedin a prototypesystemcur-
rently underdevelopmentat our institute.
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