
A Case for Parallelism in Data Warehousing and OLAPAnindya Datta�Dept. of MISUniversity of ArizonaTucson, AZ 85721adatta@loochi.bpa.arizona.edu Bongki MoonDept. of Computer ScienceUniversity of ArizonaTucson, AZ 85721bkmoon@cs.arizona.eduHelen ThomasDept. of MISUniversity of ArizonaTucson, AZ 85721helen@loochi.bpa.arizona.eduAbstractIn recent years the database community has experi-enced a tremendous increase in the availability of newtechnologies to support e�cient storage and retrieval oflarge volumes of data, namely data warehousing andOn-Line Analytical Processing (OLAP) products. Ef-�cient query processing is critical in such an environ-ment, yet achieving quick response times with OLAPqueries is still largely an open issue. In this paper wepropose a solution approach to this problem by applyingparallel processing techniques to a warehouse environ-ment. We suggest an e�cient partitioning strategybased on the relational representation of a data ware-house (i.e., star schema). Furthermore, we incorporatea particular indexing strategy, DataIndexes, to furtherimprove query processing times and parallel resourceutilization, and propose a preliminary parallel star-joinstrategy.1 IntroductionIn recent years, there has been an explosive growth inthe use of databases for decision support. This phe-nomenon is a result of the increased availability of newtechnologies to support e�cient storage and retrievalof large volumes of data, namely data warehousing andOn-Line Analytical Processing (OLAP) products. Adata warehouse can be de�ned as an on-line repositoryof historical enterprise data that is used to support de-cision making [8]. OLAP refers to the technologies thatallows users to e�ciently retrieve data from the datawarehouse [2]. Throughout this paper, we refer to thecombination of a data warehouse and its correspondingOLAP techniques as an OLAP system.�The author list is in alphabetical order.

The characteristics of an OLAP system are quitedi�erent from those of transactional database systems,referred to as On-line Transaction Processing (OLTP)systems. OLTP systems are designed to perform repet-itive, structured tasks where detailed records are up-dated (e.g., order entry), and therefore, emphasis isplaced on maximizing transaction throughput. In con-trast to OLTP systems, data warehouses are designedfor decision support purposes and contain long periodsof historical data. For this reason, data warehousestend to be extremely large - it is quite possible fora data warehouse to be hundreds of gigabytes to ter-abytes in size [1]. The information in a warehouse isusually multidimensional in nature, requiring the capa-bility to view the data from a variety of perspectives. Inthis environment, aggregated and summarized data aremuch more important than detailed records. Queriestend to be complex and ad-hoc, often requiring compu-tationally expensive operations such as joins and aggre-gation. Further complicating this situation is the factthat such queries must be performed on tables havingpotentially millions of records. Moreover, the resultshave to be delivered interactively to the business ana-lyst using the system.In this paper, we propose a solution to the problemof OLAP query processing by applying parallel process-ing techniques. To the best of our knowledge, this isone of the �rst works to propose a parallel physical de-sign for data warehousing. Some of the major DBMSvendors o�er products that support various levels ofparallel processing. We describe this work in more de-tail in Section 4.The remainder of the paper is organized as follows.In Section 2 we discuss why parallelism is especiallywell suited for OLAP systems, in Section 3 we describehow parallelism can be implemented in OLAP systemswith a focus on physical design issues, in Section 4 wediscuss related work, and in Section 5 we conclude thepaper.



2 Why Parallelism is Appropri-ate for Data WarehousingThe appeal of parallel processing is especially strongfor the data warehouse environment due to the inherentnature of such an environment. As mentioned previ-ously, in OLAP systems the emphasis is on interactiveprocessing of complex queries. Given these character-istics as well as the often extreme size of a warehouse,methods are clearly needed for more rapid query exe-cution. By partitioning data among a set of processors,OLAP queries can be executed in parallel, potentiallyachieving linear speedup and thus signi�cantly improv-ing query response times.In addition to the already large size of most ware-houses, growth is another important factor in OLAPsystems. Data warehouses tend to grow quite rapidly.For example, AT&T has a data warehouse containingcall detail information that grows at a rate of approx-imately 18 GB per day [10]. Thus, a scalable archi-tecture is crucial in a warehouse environment. Shared-nothing architectures have been shown to achieve nearlinear speedups and scale-ups in OLTP environmentsas well as on complex relational queries [5], and so itis worth investigating their performance in OLAP sys-tems.Still another reason that the appeal for parallelismis so strong in an OLAP system relates to the logicaldesign of a warehouse. This point is best illustratedusing an example. In a ROLAP environment, the datais stored in a relational database using a star schema.A star schema usually consists of a single fact table andset of dimension tables. Consider the star schema pre-sented in Figure 1, which was derived from the TPC-Dbenchmark database [15] (with a scale factor of 1). Theschema models the activities of a world-wide wholesalesupplier over a period of 7 years. The fact table is theSALES table, and the dimension tables are the PART,SUPPLIER, CUSTOMER, and TIME tables. The fact tablecontains foreign keys to each of the dimension tables.This schema suggests an e�cient data partitioning aswe will soon show.A common type of query in OLAP systems is thestar-join query. In a star-join, one or more dimen-sion tables are joined with the fact table. For exam-ple, the following query is a three-dimensional star-join that identi�es the volumes sold locally by suppliersin the United States for the period between 1996 and1998 [15]:Query 1SELECT U.Name, SUM(S.ExtPrice)FROM SALES S, TIME T, CUSTOMER C, SUPPLIER UWHERE T.Year BETWEEN 1996 AND 1998AND U.Nation='United States' AND C.Nation='UnitedStates'AND S.ShipDate = T.TimeKey AND S.CustKey = C.CustKeyAND S.SuppKey = U.SuppKeyGROUP BY U.NameA set of attributes that are frequently used in join pred-

icates can be readily identi�ed in the structure of astar schema. In the example star schema, ShipDate,CustKey, SuppKey, and PartKey of the SALES table canbe identi�ed as attributes that will often participate injoins with the corresponding dimension tables. We canthus use this information to apply a vertical partition-ing method on these attributes to achieve the bene-�ts of parallelism. The speci�c vertical partitioningmethod that we propose is referred to as DataIndexes.A DataIndex is a storage structure that serves both asan index as well as data [16]. We discuss DataIndexesin more detail in a later section. For now, we turn ourattention to how parallelism can be achieved in OLAPsystems.3 Achieving Parallelism in DataWarehousingIn this section we propose several preliminary ideas toachieve parallelism in data warehousing. An importantissue in parallel processing is the declustering of data.Declustering involves decomposing the database intochunks or partitions. We now propose a declusteringscheme for a ROLAP star schema based on the princi-ple of DataIndexes, a physical design strategy recentlyproposed in the literature [16]. We present the basicprinciples behind DataIndexes as a starting point.3.1 Designing Data Warehouses to Ex-ploit ParallelismDatabase systems, thus far, have considered index anddata separately, i.e., in conventional database design,one envisions a set of relations or table structures, and aseparate set of indices or access structures. A DataIn-dex is a storage structure that serves both as an in-dex as well as data. This is best illustrated throughan example. Consider again the TPC-D star schemapresented in Figure 1. In a typical Relational DataWarehouse Management System (RDWMS), these ta-bles would be stored \as-is", i.e., all 5 tables wouldbe stored. In addition to the base tables, for re-trieval e�ciency, index structures would typically bede�ned (especially in data warehouses where the facttable is very large). More speci�cally, the SALES ta-ble will likely be indexed on each of its six dimen-sional attributes (namely, PartKey, SuppKey, CustKey,ShipDate, CommitDate and ReceiptDate). A numberof indexing schemes have been proposed in the litera-ture. Among these, four index types are shown in [13]to be particularly appropriate for OLAP systems: B+-trees , bitmapped indexes [12], projection indexes andbit-sliced indexes [13].A DataIndex, like the projection index, exploitsa positional indexing strategy. A projection index issimply a mirror image of the column being indexed.In particular, when indexing columns of the fact table,both the index and the corresponding column in the
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Figure 1: A Sample Warehouse Star Schema
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Figure 2: Example Warehouse Schema with DataIndexfact table are stored, resulting in a duplication of data.In a DataIndex, however, only the index is stored.By applying this idea, we can divide the SALES tablein Figure 1, into seven smaller tables, as shown inFigure 2. The new scheme is then composed of 7vertical partitions: one for each of the dimensionalattributes and one for the remaining columns from theoriginal SALES table. A record in the original SALEStable is now partitioned into 7 records, one in each ofthe resulting tables. Any such record can easily bere-built from these since its component rows in theresulting tables all share the same ordinal position.This ordinal mapping is key to the idea of positionalindexing. See [13, 16] for details. Each of the 7 newtables is a DataIndex. We now describe two speci�ctypes of DataIndexes, Basic DataIndexes and JoinDataIndexes.Basic DataIndex (BDI) A DataIndex can be sim-ply created as a vertical partition of a relational ta-ble. This sort of partition can contain any number ofcolumns from the original table, unlike projection in-dexes which are restricted to single columns. In thissort of partitioning, the columns being indexed are re-moved from the original table and stored separately,with each entry being in the same position as its corre-sponding base record. The isolated columns can thenbe used like a projection index for fast access to datain the table. This partition is referred to as a Basic

DataIndex (BDI). Retrievals using BDIs rely on ordi-nal position to RID mapping. For exact details of themapping from RID to ordinal position, refer to [16].Join DataIndex (JDI) In decision supportdatabases, a large portion of the workload consistsof queries that operate on multiple tables. Manyqueries on the star schema of Figure 1 would accessone or more dimension tables and the central SALEStable. Access methods that e�ciently support joinoperations thus become crucial in decision supportenvironments [12, 14]. The idea of a BDI presentedin the previous section can very easily be extendedto support such operations. Consider for instance,an analyst who is interested in possible trends orseasonalities in discounts o�ered to customers. Thisanalysis would be based on the following query:Query 2SELECT TIME.Year, TIME.Month, average(SALES.Discount)FROM TIME, SALESWHERE TIME.TimeKey = SALES.ShipDateGROUP BY TIME.Year, TIME.MonthUsing the conventional relational approach, the associ-ation between the two tables TIME and SALES in Fig-ure 1 is implemented through the primary key/foreignkey relationship linking the columns ShipDate andTimeKey. To perform a join operation on these twotables, the two columns must be accessed to deter-mine the records that are join candidates. There exist



relatively fast algorithms (e.g., merge and hash joins)for evaluating joins. However, approaches that usepointers to the underlying data, instead of the actualrecords, tend to give a better performance than otherjoin strategies [6]. Indeed, we can signi�cantly reducethe number of data blocks to be accessed while process-ing a join by storing the RIDs of the matching recordsin the corresponding dimension table { instead of thecorresponding key values { in a BDI for a foreign keycolumn. This structure is a Join DataIndex (JDI). TheJDI on SALES.ShipDate would then consist of a list ofRIDs on the TIME table. In this structure, insteadof storing the data corresponding to the ShipDate col-umn, the JDI provides a direct mapping between indi-vidual tuples of the SALES and TIME tables. It has beenshown in [16] that the join required to answer Query 2can thus be performed in a single scan of the JDI. Thisproperty of JDIs is indeed attractive, since the size ofthis index is, of course, proportional to the number oftuples in the table from which it was derived.The application of the DataIndex principle to a datawarehouse results in a physical design that exploits par-allelism. For instance, consider again Query 1. Thisquery entails a 3-dimensional star join, which mustjoin the 3 dimensional tables TIME, CUSTOMER, andSUPPLIER with the SALES table. A typical DataIndex-ing scheme on this star schema may be obtained usingthe procedure described in Algorithm 1. The notationused in this procedure and for the remainder of thepaper is presented in Table 1.Symbol DescriptionF Fact tableAF Set of fact table attributesAdF Set of fact table dimensional attributesAmF Set of fact table metric attributesD Set of all dimension tablesDi Dimension table i where Di 2 DAD Set of dimensional attributes for all dimension tablesJaj JDI for attribute ajBaj BDI for attribute ajBAD Set of BDIs for dimensional attributesBAmF Set of BDIs for metric attributesAdP Set of dimensional projection attributesAmP Set of metric projection attributesP� Set of restriction predicatesAR Set of restriction attributesP./ Set of join predicatesG Set of processor groupsRaj Rowset for attribute ajPaj Projection column for attribute ajN Number of processorsNi Number of processors in group iSi Size of Di in bytesrf Ratio of metric data to the entire data volume of thewarehouseTable 1: Table of NotationFor the star schema of Figure 1, the application of thisprocedure would result in the following JDIs and BDIs:� JDIs: JSALES:SuppKey for the SUPPLIER di-mension, JSALES:CustKey for the CUSTOMER di-

Algorithm 1 DataIndex Procedure for Physical De-signInput:1. Fact table F with schemaAF . The schema is decomposableinto disjoint sets AdF , a set of dimensional keys, and AmF ,a set of metric attributes.2. A set of d dimension tables, D1; : : : ; Dd, with correspond-ing schemas R1; : : : ; Rd, respectively.1: for each dimensional key attribute aj 2 AdF do2: Store aj as JDI Jaj3: for each metric attribute ak 2 AmF do4: Store ak as BDI Bak5: for each dimension table Di do6: for each al 2 Ri do7: Store al as BDI Balmension, JSALES:PartKey for the PART dimen-sion, and JSALES:ShipDate, JSALES:CommitDate, andJSALES:ReceiptDate for the TIME dimension� BDIs for SALES fact table: BSALES:Quantity,BSALES:ExtPrice, BSALES:Discount, : : :� BDIs for dimension tables: BTIME:TimeKey,BTIME:Alpha, BTIME:Year, BTIME:Month, BTIME:Week,BTIME:Day for the TIME dimension. BDIs for allattributes in each of the remaining dimensiontables would be established in the same way.Having presented the use of DataIndexes as a phys-ical design strategy in a data warehouse, we now turnour attention to describing our data placement strat-egy.3.2 Data PlacementTo describe our data placement strategy, we assumea shared-nothing architecture with N processors. Wefurther assume a d-dimensional data warehouse phys-ically designed according to the DataIndexing mecha-nism outlined in the previous section. Our basic ap-proach is as follows: we will partition the N processorsinto d+1 (potentially mutually non-exclusive) proces-sor groups. Subsequently, dimension table i, i.e., Di,(designed according to the DataIndexing strategy out-lined in Algorithm 1) and the fact table JDI corre-sponding to the key value of Di will be assigned toprocessor group i. Inside processor group i, a hybridstrategy will be used to allocate records to individualprocessors. The metric BDIs will be allocated to groupd+1. Below we motivate the above approach and pro-vide more details.There are three fundamental motivations behindthis approach. First, the task of data placement canbe hinted by the structure of the star schema. For ex-ample, the primary key of a dimension table and itsassociated foreign key of a fact table can be the mostfavorable candidates for the partitioning attributes, be-cause they are expected to be used as join attributesfrequently.



Second, the use of JDIs makes it possible to co-locate the fact table with multiple dimension tables atthe same time by grouping each dimension table withits associated JDI and partitioning them by the samestrategy. (In general, a relation can be co-located withonly one other relation with a traditional horizontalpartitioning method.) Therefore, the join of a dimen-sion table and a fact table can be computed e�cientlyin parallel without data redistribution, and completelyindependent of other join computations that involvedi�erent dimension tables and the same fact table.Third, it is generally the case that the size of a di-mension table is much smaller than that of a fact table,and often small enough to be �t in main memory. Thus,given the number of available processors and aggregatemain memory capacity, the relative sizes of dimensiontables can be used to determine an ideal degree of par-allelism for each dimension, that is, a dimension tableand its associated JDI.Algorithm 2 Data PlacementNote: This algorithm determines the size (Ni) of a processor groupfor each i-th dimension (1 � i � d), the size (Nd+1) of a proces-sor group for the metric attributes, and suggests an intergrouppartitioning strategy across individual processors.Input:Given N processors each with main memory of size m in bytes,a data warehouse represented by a d-dimensional star schema.The size of the i-th dimension table in bytes is Si, and the ratioof the metric data to the entire data volume of the star schemais rF .PROCESSOR GROUP PARTITIONING PHASEfor i(1 � i � d+ 1) do1. Choose Ni (1 � i � d) to be the smallest number such thatthe dimension table can be �t in the aggregate memory ofthe processor group. That is, Ni = min (N ; dSi=me).2. Choose Nd+1 to be proportional to the data volume stored.That is, Nd+1 = dN � rF e.3. If there are more available processors than required in theprevious step (that is, Pd+1i=1 Ni < N ), then choose Nisuch that Si=(m � Ni) is maximal, and increment it byone. Repeat this process untilPd+1i=1 Ni = N .4. Now Pd+1i=1 Ni � N . Assign d+1 (virtual) processorgroups to N (physical) processors such that the overlapof processor groups is minimized.PHYSICAL DATA PLACEMENT PHASE1. Allocate the ith dimension table and its associated JDI toprocessor group i.2. If Ni > 1(1 � i � d), then partition the i-th dimensiontable and its JDI horizontally such that they are co-locatedwith respect to the join attribute.3. Allocate metric BDIs to processor group d+ 14. If Nd+1 > 1, then partition horizontally the metric data.Now we describe our algorithm. Essentially thereare two phases: (a) a processor group partitioning

phase where we partition the set of given processorsinto d + 1 groups and (b) a physical data placementphase where we allocate data fragments to individualprocessors. This is shown in Algorithm 2.3.3 Parallel Star JoinIn this section we present an algorithm to perform astar join in parallel. We assume a DataIndexing schemeas described in Section 3.1 and a partitioning strategyas described in Section 3.2. Let D be the set of di-mension tables where jDj = d, so there are d dimensiontables and k � d. Let G be the set of processor groupssuch that jGj = d+1. We represent a general star-joinquery as follows (refer to Table 1 for notation):SELECT AdP , AmPFROM F, D1, : : : , DkWHERE P./ AND P�Here D1; : : : ; Dk are the k dimensional tables partic-ipating in the join. We assume that each individualrestriction predicate in P� only concerns one table andis of the form aj hopi constant, where aj is any at-tribute in the warehouse schema and hopi denotes acomparison operator (e.g., =;�;�). We assume eachjoin predicate in P./ is of the form al = at where at isany dimensional key attribute and al is the foreign keyreferenced by at in the fact table.A high-level description of the algorithm is presentedin Algorithm 3. We emphasize the potential for e�-ciency gains in this algorithm, which result primarilyfrom two factors: parallel processing of the query (dueto the partitioning) and the use of DataIndexes. UsingDataIndexes provides the capability to perform manyof the operations in a bitwise fashion, thus lending ahigh degree of e�ciency. Although measuring the ac-tual performance of the proposed algorithm is beyondthe scope of this paper, we expect signi�cant gains interms of both speedup and scale-up.4 Related WorkTwo main approaches have been proposed to im-prove OLAP query performance (i.e., response times)in OLAP systems: precomputation strategies and in-dexing strategies. Precomputation strategies involvederiving tables that store precomputed answers toqueries. Such tables are often referred to as summarytables or materialized views [1]. There is a tradeo�between response times and the storage requirementsof precomputed data. Determining how much data toprecompute is an issue that has been addressed in [7].The work in indexing strategies includes traditional ap-proaches, such as tree-based indexing (e.g., [9]), as wellas non-traditional approaches, such as positional index-ing, which has been proposed in [13, 16]. DataIndexesis a form of positional indexing.



Algorithm 3 Parallel Star JoinNote: Requires the DataIndexing scheme described in Section 3.1and the partitioning strategy described in Section 3.2.Input:G, D1; : : : ; Dk, AD, BAD , BAmF , AdP , AmP , AdF , AmF , P�, andAR where each aRi 2 AR exists in some predicate in P� . Referto Table 1 for explanation.1: for each dimensional attribute aj 2 AD do2: Locate Baj in group gi3: for each metric attribute ak 2 AmF do4: Locate Bak in group gd+15: Rall dim  NULL6: for each restriction attribute al 2 AR do7: Generate restriction rowset Ral based on predicate p�:t8: Send Ral to group gd+19: Rall dim  Rall dim ^Ral10: Result  BAmF11: for each dimension projection attribute al 2 AdP do12: Fetch Rall dim13: Generate projection column Pal based on Rall dim14: Send Pal to group gd+115: Result  Result � Pal16: Output Result.A large body of work exists in applying parallelprocessing techniques to relational database systems(e.g., [4]). From this work has emerged the notionthat highly-parallel, shared-nothing architectures canyield much better performance than equivalent closely-coupled systems [4]. Indeed, may commercial databasevendors have capitalized on this fact [5]. An issue thatis closely related to parallelism is that of declusteringlarge data sets over a number of nodes in a paralleldatabase machine. Various methods have been de-veloped over the years to distribute data across sites.Some early work in the area has concentrated on hash-or range-partitioning based on a single key [3]. This ap-proach is also supported by a number of database ven-dors (e.g., Oracle, Informix and NCR). More recently,multi-attribute declustering techniques have been pro-posed and analyzed [11]. As mentioned previously, weare not aware of any published academic work relatedto parallelism in data warehouses. There are, however,several DBMS vendors that claim to support parallelwarehousing products to various degrees.5 ConclusionIn this paper we have presented a framework for ap-plying parallel processing to OLAP systems. Ourproposed approach entails a physical design based onDataIndexes, which takes advantage of the e�cientpartitioning suggested by the star schema representa-tion of a data warehouse. We have proposed a declus-tering strategy which incorporates both task and datapartitioning. We have also presented the Parallel StarJoin Algorithm, which provides a means to perform astar join in parallel using e�cient operations involvingonly rowsets and projection columns.The approach we have presented is preliminary, leav-ing open many issues. Future work in this area includesfurther re�nement of the Parallel Star Join Algorithm,

implementation and testing of the algorithm, and thedevelopment of algorithms for other OLAP operationssuch as slice, dice, roll-up, and drill-down. It is alsoimportant to devise meaningful metrics to judge theperformance of algorithms in parallel warehouses.References[1] S. Chauduri and U. Dayal. An overview of data ware-housing and OLAP technology. SIGMOD Record,26(1):65{74, March 1997.[2] E. Codd, S. Codd, and C. Salley. Providing OLAP(on-line analitycal processing) to user-analysts: An ITmandate. Technical report, E.F. Codd & Associates,1993.[3] G. Copeland, W. Alexander, E. Boughter, andT. Keller. Data placement in Bubba. In Proc. ACMSIGMOD, Chicago, IL, May 1988.[4] D. DeWitt and J. Gray. Parallel database systems:The future of high performance database systems.Comm. of the ACM, 35(6):85{98, June 1992.[5] S. Engelbert, J. Gray, T. Kocher, and P. Stah. Abenchmark of non-stop SQL Release 2 demonstratingnear-linear speedup and scaleup on large databases.Technical Report 89.4, Tandem Computers, May 1989.Tandem Part No.27469.[6] G. Graefe. Query evaluation techniques for largedatabases. ACM Computing Surveys, 25(2):73{170,June 1993.[7] V. Harinarayan, A. Rajaraman, and J. Ullman. Im-plementing data cubes e�ciently. In Proc. ACM SIG-MOD, pages 205{216, Montreal, Canada, June 4-61996.[8] W. Inmon. Building the Data Warehouse. J. Wiley &Sons, Inc., second edition, 1996.[9] T. Johnson and D. Shasha. Some approaches to in-dex design for cube forests. Bulletin of the TechnicalCommittee on Data Engineering, 20(1), March 1997.[10] K. Lyons, AT&T Research. Private communication,July-August 1997.[11] B. Moon and J. H. Saltz. Scalability analysis of declus-tering methods for multidimensional range queries.IEEE Transactions on Knowledge and Data Engineer-ing, 10(2), Mar/Apr 1998.[12] P. O'Neil and G. Graefe. Multi-table joins throughbitmapped join indices. SIGMOD Record, 24(3):8{11,September 1995.[13] P. O'Neil and D. Quass. Improved query performancewith variant indexes. In J. M. Peckman, editor, Proc.ACM SIGMOD, volume 26(2) of SIGMOD Record,pages 38{49, Tucson, Arizona, May 13-15 1997.[14] Red Brick Systems. Star schema processing for com-plex queries. White Paper, July 1997.[15] Transaction Processing Performance Council, SanJose, CA. TPC Benchmark D (Decision Support)Standard Speci�cation, revision 1.2.3 edition, June1997.[16] I. Viguier, A. Datta, and K. Ramamritham. \haveyour data and index it, too", e�cient storage andindexing for data warehouses. Technical ReportGOOD-TR-9702, Dept. of MIS, University of Ari-zona, June 1997. Submitted for Publication URL:http://loochi.bpa.arizona.edu.


