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Abstract
During the last few years, On-LineAnalytical Process-

ing (OLAP) hasemerged as a valuabletool for the anal-
ysis,navigationand reportingof hierarchically organized
data from data warehouses.Still, it remainsa challenging
task to implementand deployan OLAP system,sinceno
standardizedarchitectureexists,which describesthe com-
mon componentsand functionality of OLAP systems.Ad-
ditionally, the formal modelsin usedisregard the needfor
easilyimplementedandclearly definedinterfacesbetween
thesecomponents.This paperpresentsa modelfor OLAP
engines,which permitsthedevelopmentof modularsystems
basedon a simpledata-representationusingsetsand vec-
tors.Thefunctionalunitsof thequeryprocessorare imple-
mentedin CORBA asindependentmoduleswith firm inter-
facesandexchangedataandmessagescommunicateacross
a softwarebus.

1. Introduction

On-Line Analytical Processing(OLAP) is a technique
for theanalysisandnavigationof datastoredin multidimen-
sionaldatawarehouses[7]. It wasintroducedby E.F.Codd
[4] with the aim of providing point-and-clicksimplicity in
decisionsupportsystems.It particularly gainedpopular-
ity as a building block of modernexecutive information
systems.Most major databasevendorsoffer at least one
productbasedonthis technology. ThesecommercialOLAP
productsavailabletodayareproprietarysystems,whichcan
interfaceto only a few datawarehouses.This lack of inter-
operabilitymakesit impossiblefor theuserto selectfreely
from theavailableproducts,andto choosethecomponents
whichbestfit agivenpurpose.

Today, two dominantapproachesfor theimplementation
of OLAP systemsexist: relationalOLAP, which storesthe
datain tables,andmultidimensionalOLAP. Thelattertype
usesmultidimensionaldatastructures(e.g.,sparsearrays,
grid files,etc.) to storetuplesof dataaccordingto their po-
sition within the multidimensionaldata-space.Still, it re-
mainsa challengingtaskto implementanddeploy anopen
systemwith clearly separatedmodules,asno standardized�
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architectureexists, which describesthe commoncompo-
nentsandfunctionalunitspresent.Whilemostresearchcon-
centratesontheformalmodels,algorithmicfoundationsand
datastructuresfor OLAP, ratherlittle attentionis paidto the
architectureandstructureof OLAP systems.

Yet, thebenefitof a well-definedarchitecturaldefinition
is self-evident:Clearlyseparatedsoftwaremodulessimplify
the developmentprocessconsiderablyand acceleratethe
constructionanddeploymentof applications.Differentim-
plementationsof well-definedinterfaceswill remaininter-
operable,so thatchangesarekept local. Above all, simple
componentswith limited functionality are easyto design
andimplement.Complex systemscanthenbecomposedof
suchsmallcomponents.

The architecturewhich we proposein this paperfulfills
severalimportant,andofteninterrelated,goals:
Modularity. All modules,which adhereto a predefinedin-
terface,caninteractseamlessly.
Interoperability. Thesystemhasto work with awidearray
of databasesandstoragemodels. The integrationof mul-
tiple databasesystemsbasedon wrappermodulesneedsto
besupported.
Scalability. OLAP requires consistentreporting perfor-
mance,independentof the sizeof the underlyingdatabase
or its dimensionality.
Extendability. We wantto addadditionalmoduleswithout
rebuilding thesystem.

Component-basedOLAPsystemsofferanumberof ben-
efitsbothto theuserandthedeveloper. Theusercanchoose
from differentsuppliersandcombinedifferentqueryopti-
mizationstrategiesandqueryevaluationalgorithms.Exten-
sibleOLAP systemsoffer a majorbenefitto developers,as
well. We will show how to decomposean OLAP system
into functionalunits,whichcancommunicateusinga“soft-
warebus” (e.g.,CORBA). We proposea datamodelbased
on setsandvectorsfor thecommunication.

Theremainderof thispaperis structuredasfollows:Sec-
tion 2 lists somerelatedwork on thestructureandarchitec-
ture for OLAP systems.Section3 introducesan architec-
turefor a modularOLAP system.We describethemodules
andfunctionalunits from our architecturein Section4 and
presentsomeconclusionsin Section5.



2. Related Work

Although recentadvancesin datawarehousingtechnol-
ogyandcomputingpowerhaveledto aproliferationof data
warehousesin useand to an increasedinterestin the ar-
chitecturalfoundationsof distributedandmodularsystems,
ratherlittle informationis availableon thearchitectureand
structureof OLAP systems.

One of the first web-basedOLAP systemswas devel-
opedatourinstitutein theWWWEIS-DWH project[8]. Re-
searchon modelingdatawarehousesandmeta-datausing
extendedrelationalmodelsis reportedin [10]. [12] intro-
ducesthegeneralarchitectureof datawarehousingsystems
andtreatstheproblemof modularizingdatawarehousesata
highlevel.TheWHIPSdatawarehousingprototypeatStan-
ford [13] usesCORBA objectsto implementascalableand
modularsystem.

A numberof approachesexist to the storageof datain
datawarehouses.[14] contraststhe performanceof value-
based(ROLAP) and multidimensional(MOLAP) imple-
mentations.Thedata-structuresusedincludegrid-files [5],
B*-trees,R*-trees[1], X-trees,HB-trees[9], GiST [6], ar-
raysandsets-baseddata-structures.

We argue in favor of usingsetsfor the consistentrep-
resentationof datawithin the OLAP system.Setscan be
implementedefficiently both for serialandconcurrentex-
ecution.Algorithms for the optimizationand parallel ex-
ecutionof set operations(e.g., unions, intersections)and
optimizationtechniquesproviding an optimal orderingof
suchoperationsarediscussedin [3]. An implementationof
parallelsetoperationsusingrandombinary balancedtrees
(treaps[11]) is presentedin [2] andshowsaveryreasonable
speed-upin multi-processorsystems.

3. The Architecture

Figure1 depictsthedistinctphasesof queryevaluation,
yetleavesthedataflow unspecified.In thissectionweintro-
duceanabstractmodelfor thedatarepresentationandquery
evaluationin OLAP systemswhich justifiesour choiceof
data-structuresusedfor the communicationbetweenthese
modules.Thecomputationalmodelwe useassumesa mul-
tidimensionaldata abstractionwithin the OLAP engine.
We always treat the fact-baseasa cube,even if it is only
available in a relational datawarehouseand needsto be
convertedinto a multidimensionalrepresentation.This ap-
proachallows us to apply multidimensionaloperatorlike
slice,dice,etc.to all intermediatequeryresultsandto usea
singleinterfacebetweenthedifferentphasesof queryeval-
uation.

The OLAP architectureproposedhereis basedon set-
theoryandallows simpleandefficient implementation.A
tuple
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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.����� � . Each
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of multiple sub-keys (e.g.,YEAR, MONTH, DAY) for thedi-
mensiontime, whichstructurethedatahierchically.

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

Multiple pathsthrough the hierarchymay co-exist, as
demonstratedin Figure 2(a), as long as thereis only one
entrywithoutapredecessor( ) ) andonly onewithoutasuc-
cessor( * ). In the exampledepicted,YEAR canbe decom-
posedeither into MONTH or WEEK. Still, becauseall paths



throughthegranularitytreereachthecommonelementDAY
( * ), all queriescanberesolvedby accessingthedecompo-
sition into this commonlevel of detail (i.e.,DAY). The re-
quirementfor a singleroot nodecaneasilybe satisfiedby
subsumingmultiple rootsin anartificial root node ) .

The logical organizationof the data is position-based.
The values(facts) +,�-� (with � symbolizing the en-
tire datawarehouse)areassociatedwith key-tuples .&� �
anddistributedacrossthe � -dimensionaldata-spaceaccord-
ingly. For akey-tuple . andanassociatedvaluetuple + , the
relation /102.3/4+ ( . � . �5� 
�
�
 � . � with . � � ��� ) holds
if, andonly if, a tuple 6 � . �7� 
�
�
 � . � � + is contained
in the fact-base.As a consequence,the spatialpositionof
avaluewithin thedatacubealongthe � -th dimensionalaxis
is determinedby the valueof the � -th sub-key . � . This re-
sultsin a � -dimensionalhypercube,whereeach. � givesthe
locationof thevalue + alongthe � -th dimension.

Thevector. with .3/4+ is referredtoasthepositionvector
of a fact + , since it representsthe spatialposition of the
factwithin themultidimensionaldataspace.Queriesaccess
thefactbaseby retrieving thefactsassociatedwith a given
positionvector. Sub-keysof any componentof thisposition
vectormayremainunboundto any valueto symbolizedata
at higher level of aggregation.If we want to representthe
aggregateddata for the YEAR 1999, we set the sub-key
representingtheYEAR to 1999 andleave thesub-keys for
MONTH andDAY unbound.

Themeta-dataconsists—amongstothers—ofsemantical
information(naming)to identify the � -dimensionsanddata
regardingboth the hierarchy(analogousto the granulari-
ties)of key-attributes(e.g.,aYEAR consistsof up to twelve
MONTHs)andthehierarchyof instance-valuesof thesekey-
attributes(e.g., the year 1999 containsa month March
1999). Wheninsertinga new tuple into thefact-base,the
attribute hierarchyis traversedto determinethe spatiallo-
cation of the new fact. If a specifiedkey-attribute is not
present,a new nodeis inserted.Additional meta-datamay
include information on data-types,orderingrelationsand
integrity constraints.

Eachnodein thishierarchyis atuple .98;: �7< �2=�8?>;6A@?B�> �C 8D>;=#8;� C < �26E> . The
< �2=�8?>;6A@?B�> -setand

C 8D>;=#8;� C < �26E> -setim-
ply apart-ofrelationshiponthekeys:e.g.,March 1998 is
a partof 1998 (seeFigure2(b)). Two nodesmaycontain
the samevalue for the key field, but identify distinct spa-
tial locations(e.g.,June1998 andJune1999 bothhave
June astheirkey attribute).Apparently, theequivalenceof
nodescanbedeterminedonly from their locationwithin the
hierarchyof nodes.Let F denotethe descendantrelation,
suchthat

< FHG holds,if andonly if G is a descendentof
<

(e.g.,1999 F June1999). Now we candescribetheposi-
tion of any node� within thehierarchyasIKJL�NM � 	D89O 8�F � ���
where F � denotesthetransitive hull over F . Two nodescan
be testedfor equivalenceusing their path: � � and � % are
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Figure 2. Example of a time dimension: The arrows denote a “contains”-
relationship.

thesamenode,if andonly if, IKJL� � M � IKJL� % M . For example,I�J��?���4���D������M � 	�)5�;�D�����3�;�D������� while I�J��?���4���D������M �	�)5�?�?�����9�?�?������� . Using the descendantrelation, we can
define the contentsof the

C 8D>;=#8;� C < �26E> and
< �2=#8D>;6A@?B�>

fields of a nodeaswell: ��
 C 8D>�=�8�� C < �26E> � 	D89O ��F78�� and��
 < �2=#8D>;6A@?B�> � 	�8�O 8 F¡��� . As a result,the nodefor 199x
is representedby thetuple ¢ �D����� � ) � 	9��£�£�¤9�;��£�£�£��¦¥ .
Sincethe nodes1998 and1999 containa setof descen-
dentnodesagain,thisdefinitionapparentlyleavesuswith a
structureof nestedsets.

We wantourqueriesto selecta partof thedatacubeat a
selectablegranularity. Thuswe needto constraintheextent
of thecubealongeachof its dimensionsby introducingcon-
straintson the key-attributes.For example,if we constrain
theYEAR to 1999 andview thecubeat the level of detail
correspondingtoYEARs,only asinglesliceof thecubewill
result.Apparentlythe level of detail (granularity)at which
we view thecubeis theotherinfluencingfactorfor the re-
sultsof a query. For this reason,we have to includeinfor-
mationon the desiredgranularityfor eachdimension.For
an � -dimensionalcubean � -dimensionalgranularityvector
is necessary.

Queryevaluationusestermsubstitutionto expandthehi-
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-cube,which is constrainedto datafrom the
monthJune andthe year1999, the algorithmstartswith
the top ( ) ) nodein its selectedset (or permissibleset). It
will thenperformanexpansionby replacingevery selected
nodewith all its descendantnodes(e.g., the years1998
and1999). After theexpansiontheconstraintsareapplied
to eliminatenodesoutsidethequeryresult.In thisexample,
the constrainton the yearfield will be applied,which will
leave the node1999 asthe only memberof the queryre-
sult/set.Thisexpansionandapplicationof constraintsneeds
to be repeateduntil all constraintshave beenappliedonce
andthedesiredlevel of detail is reached.

To sumthis up,we needfour distinctdatastructuresfor
therepresentationof queriesandqueryresults:granularity
vectors, whichspecifythedesiredlevel 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 determinethesubsetof thedata
cubein a query, position vectors, which describethe spa-
tial positionsof facts,andsets of tuples, which encodethe
queryresults.

4. Modules

Thedataflow betweenthemodulesof our OLAP archi-
tectureis givenin Figure3. In thissectionwedescribethese
modules,whichcommunicateusingasoftwarebus,in more
detail.The modulesaretreatedin approximatelythe same
orderasthey areusedin theprocessingof queries.

4.1. Query Generation/User-Interface

A graphicaluser-interfaceallows theuserto performthe
customaryOLAP operations:drill-down (zoomingin), roll-
up (zoomingout) and pivoting (changingthe dimensions
displayedat theaxes).Ad-hocqueriesaresupportedusing
asimplenavigatorinterface.

Thequeriesaretransformedinto a setof constraintsand

agranularityvectoraccordingto thefollowing rules:
Drill-down. A componentof the granularityvector is re-
placedwith oneof itssuccessors.A constraintmaybeadded
at thesametime to reducethevisibledomain.
For example,given the granularitiesfrom Figure2(a) and
the key-attributesfrom Figure2(b): Assume,the usercur-
rently views data at the DECADE level and notices an
anomalywithin the aggregateddatafor the decade199x.
To investigatefurther, a drill-down occursto thenext more
detailed granularity (YEAR). To evaluate this query, the
time-componentof the granularityvector, which initially
points to DECADE, is replacedwith YEAR. Now imagine,
the userseesthat the anomalyis causedby someevent in
theyear1998. To tracktheproblemdown,only themonths
of 1998 are required.The granularity will be adjusted
to MONTH and an additional constraintYEAR equals
1998 is introduced. Or the usermay chooseto display
the datafor all JUNEs of a givenDECADE. Sucha query
may startat theDECADE granularity, with a constrainton
the valueof theDECADE only. Whenthis drill-down is is-
sued,JUNE is addedto the setof constraintsandthe rele-
vant componentof the granularityvectoris setto MONTH.
As a result of this operation,the valuesfor DECADE and
MONTH areconstrained,while YEAR is unconstrained.
Roll-up. All constraintson thecurrentgranularityin thedi-
mension,wheretheroll-up occurs,aredeleted.Thecompo-
nentof thegranularityvectorcorrespondingto this dimen-
sion is replacedwith one of its predecessoraccordingto
a traversalhistoryor default traversalpaths.A roll-up from
YEAR toDECADE clearsall constraintssetfor YEAR andset
thetime-componentin thegranularityvectorto DECADE.
Pivot. Onedimensionis replacedwith another. Neitherthe
granularityvector, nor the setof constraintsaremodified.
The pivoting operationaffectssolely the way datais pre-
sentedto theuserrequiringno reevaluationof thequery.

4.2. Query Optimizer

Every queryfirst passesthroughthequeryoptimization
modulewhereasetof constraintsis mappedto asetof opti-
mizedconstraints.Actually, multiple of thesemodulescan
exist concurrently—inthatcase,thequeryis pipedthrough
all of themandthey actasfiltersmakingit simpleto evolve
optimizationstrategies.

4.3. Query evaluator

The queryevaluatormoduleis responsiblefor evaluat-
ing queries,i.e. for creatingpositionvectorsfrom thecon-
straintsand the meta-data,which can be usedas input to
the storagemanagers.For every query, an new instanceof
this modulecanbeinstantiated.Thesemodulesmayrun on
differentmachinesimproving the overall scalabilityof the
systemasqueriescanbeprocessedin parallel.

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



model describedin Section3. We initialize a set of per-
missibleinstanceswith the ) -element.Then the contents
of this setarereplacedwith thesuccessorsof theelements
within the setwhich satisfyall given constraints.This ex-
pansionprocessis repeated,until only elementsat thelevel
of detailwhich wasspecifiedby therelevantcomponentof
the granularityvector remain.The Cartesianproductover
thepermissibleinstancesof all dimensionsis thesetof po-
sition vectors.The position vectorsare passedon to the
storagemanagers.Which storagemanageris to be used,
is determinedusing the meta-datarepository. If the query
result is cache-able,a cacheobject is createdanda refer-
enceto it is storedin the meta-datarepository. For exam-
ple: we canassumea querywhich requiresa granularityof
MONTH in the time dimensionandhasa constraint“YEAR
equals 1999”. During expansion,we first replacethe) -elementwith the parts it consistsof (which will have
thetypeDECADE). In our casethat is just199x (thevalue
of DECADE is unconstrained).Now we iteratethis replace-
mentprocess,first yielding a setof YEARs andfinally the
requestedMONTHs. This setwill contain1999 andfinally
May 1999 andJune 1999, respectively.

4.4. Meta-data repository

Themeta-datarepositoryis acatalogof information,de-
scribingthestructureof thedatawarehouse.For relational
datawarehouses,it basicallycontainsa descriptionof the
schemeof eachrelation and information on how to map
the different datagranularitiesto tablesin the dataware-
house.Apart from othermetadata,we keepinformationon
thecurrentlycacheddatacubestogetherwith their location
in the meta-datastorage.Basically, our meta-datareposi-
tory maintainsa key-valuetablewhich providesread-only
accessfor all modulesandwrite accessfor thequeryevalu-
atoronly to registerregisternewly createdcacheentries.

Currently, every machinemaintainsa read-onlyreplica
of themeta-datastorage.Cachemeta-datarepresentsaspe-
cial typeof meta-data,which canbewritten at will, but re-
mainslocal to every workstation.Our near-term plansin-
cludea new communicationmodel,which will allow us to
maintainmultiple meta-datarepositoriesand notify all of
them,whenanew (remote)cacheobjectbecomesavailable.

4.5. Storage Managers and Cache objects

TheOLAP engineneedsto accessdatafrom variousdata
sourceslike relationaldatawarehouses,multidimensional
datawarehousesand the local cache.We createwrapper
modulesto accessall thesedifferentdatasourcesin a uni-
form way by servingas storagemanagers. Theseprovide
multidimensionalabstractionto theactualdatasourceused.
A requestto retrieve datais alwaysexpressedasa position
vectorandthe result is alwaysencodedasa setof tuples.
This positionvectordenotesthe spatiallocationof the re-
questedvalue within the datacube.The storagemanager

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

Caching is an integral part of our architectureas we
cacheall query resultsto exploit the temporallocality of
referencein OLAPapplicationsduringuser-interaction.We
representeachcachedcubeby a separatecacheobject. Ba-
sically, suchanobjectis simplyanotherstoragemanager. It
wrapsarounda previousqueryresultandpresentsitself to
thequeryevaluatoraccordingto thegenericinterface.

4.6. Presentation

Thequeryevaluatorreturnsthequeryresultasasetof tu-
plesto theapplicationwhichprovidestheuserinterfaceand
constructsqueriesfrom userinteraction.Theuser-interface
is primarily concernedwith thepresentationof thedatare-
ceived from the OLAP engineandsupporting navigation
anddataexploration.

5. Summary and Conclusion

We presentedan architecturefor modular OLAP sys-
temswith parallel and distributed query evaluationusing
CORBA objects.Wedistributemultiplequeriesacrossmul-
tiple processors/workstationsby dynamicallystartingaddi-
tional queryevaluationmodules.Within the queryevalua-
tor, both the constraint-applicationprocessas well as the
factretrieval supportparallelization.Theconstraintsareap-
plied concurrentlyto eachdimensionand fact retrieval is
carriedout in parallel.Thearchitecturewepresentedis well
suitedfor distributed and parallel query optimizationand
reflectsa formal modelof evaluatingOLAP queries.This
model is basedon sets,which allows the useof efficient,
parallel algorithms.It is usedin a prototypesystemcur-
rentlyunderdevelopmentat our institute.
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