
Encoded Bitmap Indexing for Data WarehousesMing-Chuan Wu Alejandro P. BuchmannDVS1, Computer Science Department DVS1, Computer Science DepartmentTechnische Universit�at Darmstadt, GERMANY Technische Universit�at Darmstadt, GERMANYwu@dvs1.informatik.tu-darmstadt.de buchmann@dvs1.informatik.tu-darmstadt.deAbstractComplex query types, huge data volumes, and veryhigh read/update ratios make the indexing techniquesdesigned and tuned for traditional database systemsunsuitable for data warehouses (DW). We propose anencoded bitmap indexing for DWs which improves theperformance of known bitmap indexing in the case oflarge cardinality domains. A performance analysis andtheorems which identify properties of good encodingsfor better performance are presented. We compare en-coded bitmap indexing with related techniques, suchas bit slicing, projection-, dynamic-, and range-based-indexing.1 IntroductionComplex query types, huge data volumes and veryhigh read/update ratios play crucial roles in query pro-cessing in data warehouses (DW). These factors makethe query processing/optimization techniques designedand tuned for On-Line Transaction Processing (OLTP)systems unsuitable for the DW environment. Manyapproaches have been proposed for query processingin DWs, such as, precomputation of summarized data,prede�ned access paths, special index techniques, etc.In this paper, we propose encoded bitmap indexing |an extension of known bitmap indexing, �rst proposedby O'Neil in the Model 204 DBMS [9].In Section 2, we discuss bitmap indexing as pro-posed in [9, 11], and propose an encoded bitmap in-dexing to deal with large cardinality domains. Wethus correct a shortcoming of simple bitmap index-ing, which is best suited for low cardinality attributes.The basic idea of encoded bitmap indexing is to encodethe attribute domain. Therefore, we also discuss howencoding a�ects the performance of the index. We de-�ne the concept binary distance, chain and well-de�nedencoding and derive theorems that de�ne the proper-ties of a good encoding. Some potential applicationsand variations of encoded bitmap indexing speci�c tothe DW environment are also discussed, such as hi-erarchy encoding, total-order preserving encoding andrange-based indexes using encoded bitmap indexing. In

Section 3 we give a comparative performance analy-sis of simple and encoded bitmap indexes. The resultshows that encoded bitmap indexes perform better inmost cases. Even if the problem size increases dramat-ically, the performance degrades logarithmically, whilethe performance of simple bitmap indexes degrades lin-early. In Section 4 we discuss related indexing tech-niques, discuss the problems they solve and their dif-ferences with encoded bitmap indexing. In Section 5we present conclusions and future work.2 Bitmap Indexing TechniquesWe present a brief overview of simple bitmap in-dexing and the application domain for which it is ide-ally suited. The limitations of simple bitmap index-ing lead us to propose a new indexing technique |encoded bitmap indexing. The main advantages of en-coded bitmap indexes are a drastic reduction in spacerequirements and corresponding performance gains.2.1 Simple bitmap indexing revisitedThe basic idea behind simple bitmap indexing is touse a string of bits (0 or 1) to indicate whether an at-tribute in a tuple is equal to a speci�c value or not.The position of a bit in the bit string denotes the po-sition of a tuple in the table. The bit is set, if thecontent of an attribute is associated with a speci�cvalue. For example, a simple bitmap index on an at-tribute GENDER, with domain fMale;Femaleg, resultsin two bitmap vectors, say IBM and IBF. For IBM, the bitis set to 1, if the corresponding tuple has the attributeGENDER=Male, otherwise the bit is set to 0. For IBF,the bit is set to 1, if the associated tuple has the at-tribute GENDER=Female, otherwise the bit is set to 0.1The simple bitmap index on the attribute GENDER,BGENDER , is the collection of bitmap vectors f IBM; IBFg.B-trees and their variants (later simply denoted asB-trees) have been widely adopted in database systemsas external indexing. They provide e�cient mecha-nisms for searching and require time and space onlylogarithmic to the amount of indexed keys. Their1Note that the negation of IBM must not necessarily be equiv-alent to IBF because of missing information and NULLs.



strength is their dynamic nature, performance and sta-bility under update | properties that are not requiredin a DW. In the DW environment, simple bitmap in-dexing has advantages over B-trees, since 1) build-ing/maintaining simple bitmap indexes usually costsless time and space, and 2) bitmap indexes can e�-ciently work together to reduce the search-space beforereally accessing the data.Cost Analysis. Let T be a table and T =ft1; : : : ; tng. De�ne the cardinality of T as jTj = thenumber of distinct tuples in T. Then, building a simplebitmap index on an attribute A (A 2 fa1; : : : ; amg) ofthe table T requires jTj�jAj8 = n�m8 bytes, where mis the cardinality of A, de�ned as jAj = the numberof distinct values in the domain of A. On the otherhand, building a B-tree on attribute A requires about1:44�nM �p bytes, where p is the page size, andM is thedegree of the B-tree [2, 1]. If m < 11:52pM , then simplebitmap indexes are more space e�cient than B-trees.In other words, assume that p = 4K and M = 512,then if the cardinality of A is smaller than 93 (i.e.,m < 93), building a simple bitmap index on A is moreeconomic in size than building B-trees.As for the time complexity, the complexity of build-ing a B-tree on A is O(n� logM2 m) +O(n� log2(p4 )),where p is the page size and 4 is the size of a tuple-id.The �rst term denotes the cost of traversing from theroot to the leaf nodes, and the second term denotesthe cost of inserting the tuple-ids into the correspond-ing leaf nodes. On the other hand, the complexity ofbuilding a simple bitmap index on A is O(n �m). Ifn (the cardinality of the indexed table) is very large,andm (the cardinality of the indexed attribute) is verysmall, then O(n� logM2 m)+O(n� log2 p4 ) > O(n�m),i.e., the time complexity of building B-trees is largerthan that of simple bitmap indexes.Cooperativity of Indexes. The main functionof indexes is to accelerate query processing by siz-ing down the search space. Both B-trees and sim-ple bitmap indexes can achieve this. However, if twoor more selection conditions are given in a query, sayA = ai AND B = bj , separate B-trees on attribute Aand attribute B cannot e�ciently cooperate with eachother.2 We need to build another B-tree on the com-pound key (A;B). In contrast, separate simple bitmapindexes on A and B can e�ciently work together tofetch the desired data by simply performing a logicaloperator, AND, on the corresponding bitmap vectors.The impact of the cooperativity of simple bitmap2Although multiple index accesses on value-list based indexeshave been implemented in DB2 [5], the cost of multiple indexaccesses for bitmap indexing is much smaller than that of B-trees.

indexes is that if top n attributes with the highest ref-erenced rate in users' queries are chosen, and indexesare to be built on them, we only need n simple bitmapindexes. Any combination of selection conditions in-volving any subset of the n attributes can be e�cientlyevaluated by applying corresponding logical operationson the bitmap vectors. If B-trees on compound keysare built, in order to cover all possible combinations ofselection conditions among these n attributes, we needCn1 + Cn2 + : : : + Cnn = 2n � 1 B-trees. The cost ofmaintaining so many B-trees would be unacceptable.If we consider index cooperativity, simple bitmap in-dexes will have dominating advantages.Restrictions. However, as the cardinalities of thekeys increase, both the time and space complexityof building and maintaining simple bitmap indexesrapidly become higher. The sparsity of the bitmapvectors is another problem which comes with high car-dinality. The sparsity of a bitmap vector is on averagem�1m , wherem is the cardinality of the attribute. Asmincreases, the space utilization degrades. Second, forqueries involving large range searches (range searchesdenote both IN-lists and range selections of the formi < A < j), the number of bitmap vectors which needsto be processed also increases. For large bitmap vec-tors, the cost cannot be ignored. In this case, sim-ple bitmap indexes might perform worse than B-trees.To solve the problems derived from high cardinality, anew indexing technique | encoded bitmap indexing,is proposed.2.2 Encoded bitmap indexingSuppose that we have a fact table, SALES, with Ntuples and a dimension table, PRODUCTS, containing12000 di�erent products. Traditionally, if we want tobuild a simple bitmap index on the PRODUCTS dimen-sion, it will result in 12000 bitmap vectors of N bits inlength. In encoded bitmap indexing, instead of 12000bitmap vectors, dlog2 12000e = 14 bitmap vectors, plusa mapping table, are used. For example, suppose thatthe domain of attribute A of table T is fa; b; cg. (Asfor the cases of NULL-values, or non-existing tuples,simple bitmap indexing uses separate bitmap vectorsto represent them, while in encoded bitmap indexing,they are encoded together with other domain values.Further discussion can be found later in this section.)Instead of using 3 bitmap vectors, we use dlog2 3e = 2bitmap vectors to build the index on attribute A.As Figure 1 shows, we use 2 bits to encode the do-main fa; b; cg, where a is encoded as 00, b as 01 andc as 10, respectively. For those tuples with A = a,we set corresponding positions in both bitmap vectorsIB1 and IB0 to 0; for those with A = b, IB1 = 0 andIB0 = 1; and so on. In principle, the bitmap vector



Table: T: : : A : : :abcba
simple bitmap indexz }| {IBa10001 IBb01010 IBc00100 encoded bitmap indexz }| {IB100100 IB001010 MappingTablea 00b 01c 10Figure 1: An example of encoded bitmap indexingIBi stores the i-th bit (from the least signi�cant bit,LSB, to the most signi�cant bit, MSB) of the encodedvalue of attribute A. To retrieve data, we de�ne the re-trieval Boolean function for each value as follows. A re-trieval Boolean function, or shortly retrieval function,is a k-variable min-term, where k = dlog2 jAje = 2in this example. If a value v0 is encoded as b1b0(bi 2 f0; 1g; i = 0; 1), then the retrieval function forv0 is de�ned as x1x0, where xi = IBi, if bi = 1, oth-erwise xi = negation of IBi, i.e., xi = IB0i. For theabove example, the retrieval functions for a, b andc should be fa = IB01 IB00; fb = IB01 IB0; and fc = IB1 IB00,where x0 denotes the negation of the variable x, xydenotes (x AND y), and x + y denotes (x OR y). Ifwe want to select data where A = a OR A = b, thenwe simply apply an OR operator on fa and fb, i.e.,fa + fb = IB01 IB00 + IB01 IB0, which can be further re-duced to IB01. In other words, to retrieve tuples withA = a OR A = b, we simply use the inverse of thebitmap vector IB1 and the 1's indicate those tuples sat-isfying the selection conditions. We de�ne the encodedbitmap index as follows:De�nition 2.1 (Encoded Bitmap Index) Givena table T = ft1; : : : ; tng, where tj is a tuple of T(j = 1; : : : ; n), let A be an attribute of T, denotedby T:A, and the domain of A be fa1; : : : ; amg.Then, an encoded bitmap index, BA , on T:A is aset of bitmap vectors f IBk�1; : : : ; IB0g, a one-to-onemapping (M A : A ! fhbk�1 � � � b0ijbi 2 f0; 1g; i =0; : : : ; k�1; and k = dlog2meg) and a set of retrievalBoolean functions (ffa1 ; : : : ; famg). The bitmapvectors are de�ned as follows. 8 IBi (i = 0; : : : ; k�1),tj (j = 1; : : : ; n), 3 IBi[j] = 1; if M A (tj :A)[i] =1; else IBi[j] = 0; where IBi[j] denotes the j-th bit ofIBi and M A (tj :A)[i] the i-th bit (from LSB to MSB)of M A (tj :A). In addition, 8 � 2 fa1; : : : ; amg, theretrieval function for �, f�, is a k-variable min-term(fundamental conjunction) xk�1 � � �x0, where xi = IBi,if M A (�)[i] = 1, otherwise xi = IB0i (i = 0; : : : ; k�1).� MAINTENANCE OF ENCODED BITMAP INDEXESAs data is updated, the encoded bitmap indexes needto be maintained. We discuss the maintenance for up-dates without domain expansion and updates with do-main expansion.

Updates Without Domain Expansion. Followingthe example above, if a tuple with A = b is appendedto table T, then we only need to append IB1[j] = 0and IB0[j] = 1 at the end of bitmap vectors IB1 andIB0, where j is the position of the new inserted tuplein table T.Updates With Domain Expansion. If a tuple withA = d is appended to T, i.e., the domain of A is nowexpanded to fa; b; c; dg, then the following equationshould be �rst tested:dlog2 jA(m�1)je = dlog2 jA(m)je; (1)where jA(m�1)j denotes the cardinality of A before in-sertion, and jA(m)j denotes the cardinality of A afterinsertion. If Equation (1) is true, as is the case inour example, then add the mapping M A (d) = 11 intothe mapping table and set IBi[j] = M A (d)[i] (wherei = 0; : : : ; k�1 and j = the position of the new insertedtuple in T), as Figure 2(a) shows, and set fd = IB1 IB0.If another tuple with A = e is further appended to T,i.e., the domain of A is now expanded to fa; b; c; d; eg,then dlog2 jA(m�1)je < dlog2 jA(m)je. The resultingbitmap vectors and the mapping table are shown inFigure 2(b).The following actions need to be taken to re
ect thechange to the encoded bitmap index.1. Expand the mapping M A : fAjA 2 fa; b; c; dgg !fhb1b0ijbi 2 f0; 1g; i = 0; 1g to M A : fAjA 2fa; b; c; d; egg ! fhb2b1b0ijbi 2 f0; 1g; i = 0; 1; 2g.2. Add a bitmap vector IB2 to BA , and set IB2 to 0.3. Set IBi[j] = M A (e)[i], where i = 0; 1; 2 and j = theposition of the new inserted tuple in T.4. Add the Boolean function fe = IB2 IB01 IB00 for thevalue e and revise the Boolean functions for a, b, c andd by ANDing IB02 to them, i.e., fa = IB02 IB01 IB00; fb =IB02 IB01 IB0; fc = IB02 IB1 IB00 and fd = IB02 IB1 IB0.A general algorithm for maintaining the encodedbitmap indexes with respect to both types of updatescan be found in [18].Some questions which still need to be clari�ed inthe encoded bitmap indexing are the representationsfor tuples, which are deleted or non-existing, or tupleswith NULL values.A simple way of solving these problems is to addbitmap vectors, BNotExist and BNULL, indicating thenon-existing (or deleted) tuples and the tuples withNULL values, by setting the corresponding bit to 1.Another method is to assign the non-existing tuplesand the tuples with NULL value arti�cial key values,and to encode these values together with the other keyvalues. Intuitively, the second method is expected toperform better, since it reduces the number of bitmapvectors which need to be accessed while processing



T: : : : A : : :abcba...d
IB100100...1

IB001010...1 MappingTablea 00b 01c 10d 11 T: : : : A : : :abcba...de
IB200000...01

IB100100...10
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MappingTablea 000b 001c 010d 011e 100(a) No bitmap vector is inserted. (b) A new bitmap vector is inserted.Figure 2: Updates with domain expansionsqueries. In the above example, the domain of attributeA, which is to be encoded, should be considered asfNotExist;NULLg [ fa; b; c; d; eg.The assignment of the encoded value for non-existing (void) tuples is arbitrary. Nonetheless,we suggest to reserve the value 0 for non-existingtuples for the sake of performance. For the aboveexample, if we encode fNotExist;NULL; a; b; c; d; eg asf000(2); 010(2); 011(2); 100(2); 101(2); 110(2); 111(2)g,then, for the selection condition, \A INfNULL; a; b; cg", the retrieval Boolean expression willbe ( IB02 IB1 IB00+ IB02 IB1 IB0+ IB2 IB01 IB00+ IB2 IB01 IB0) IB02 IB01 IB00,where the last term restricts the selections only tothose existing tuples. The expression will be reducedto ( IB02 IB1 + IB2 IB01)( IB2 + IB1 + IB0), which will befurther reduced to ( IB02 IB1 + IB2 IB01). It results in anexpression, as if we did not take the term, IB02 IB01 IB00,into consideration. It is because all tuples with any ofthe three bitmap vectors, i.e., IB2, IB1 and IB0, set to 1,exist. The following theorem certi�es our suggestionto reserve 0 for non-existing tuples.Theorem 2.1 Let void tuples of a table, T, be en-coded as 0. Given any selection on attribute A of Ton any subset of existing tuples, the corresponding re-trieval Boolean expression, f�(A) AND f 0void, can be re-duced to f�(A), i.e., ignoring the selection condition onthe existing tuples.In other words, in such an encoding, any selection onany subset of non-void tuples can be evaluated withouttaking the function, f 0void, into consideration. There-fore, it reduces the processing time, while in simplebitmap indexing, the existence bit vector must be al-ways ANDed to the resulting bit vector to have the �-nal bitmap for selection. For the proof of Theorem 2.1please refer to [18].� THE ENCODINGIn De�nition 2.1, we have de�ned that an encodedbitmap index includes a set of bitmap vectors, a one-to-one mapping and a set of retrieval functions. As thename suggests, the domain of the indexed attribute is

encoded by the mapping. So far, we did not mentionhow to de�ne this mapping and how it would a�ectthe performance of query processing. We will de�newell-de�ned encoding for the improvement of perfor-mance next. Let us �rst state the idea of well-de�nedencoding by the following example.Given an attribute A with the domainfa; b; c; d; e; f; g; hg and it is known that tupleswith A in fa; b; c; dg, or fc; d; e; fg are likely to beaccessed together. Then, if we de�ne the mappingas Figure 3(a) shows, to select tuples with conditions\A IN fa; b; c; dg" or \A IN fc; d; e; fg", only onebitmap vector is needed to be accessed for each case.For \A IN fa; b; c; dg", the retrieval Boolean func-tion is IB02 IB01 IB00 + IB2 IB01 IB00 + IB02 IB01 IB0 + IB2 IB01 IB0,which can be reduced to IB01, and as for \AIN fc; d; e; fg", the retrieval Boolean function isIB02 IB01 IB0 + IB2 IB01 IB0 + IB02 IB1 IB0 + IB2 IB1 IB0 = IB0.MappingTablea 000c 001g 010e 011b 100d 101h 110f 111
MappingTablea 000b 001c 010d 011g 100h 101e 110f 111

MappingTablea 000c 001g 010b 011e 100d 101h 110f 111(a) (a0) (b)Figure 3: Examples of proper and improper mappingsIn contrast, subject to the two selections above,the mapping in Figure 3(b) is not well-de�ned. Theretrieval functions for \A IN fa; b; c; dg" and \A INfc; d; e; fg" are IB02 IB01 + IB02 IB0 + IB01 IB0 and IB01 IB0 +IB2 IB01 + IB2 IB0, respectively, and they cannot be fur-ther reduced, i.e., to evaluate the two selections threebitmap vectors must be read instead of one.The idea is that, by a well-de�ned encoding (withrespect to certain selection conditions), the numberof bitmap vectors accessed is minimized, as a resultshortening the processing time. Before going to thede�nition of well-de�ned encoding, let us �rst de�nebinary distance and chain.De�nition 2.2 (Binary Distance) Given two bi-



nary numbers, x and y, the binary distance of x andy is a function, �(), de�ned by �(x; y) = Count(x� y),where Count(z) is a function which returns the numberof 1 bits in z, and � is the bitwise XOR operation.For example, if a = 011(2) and b = 111(2), then thebinary distance of a and b is �(a; b) = 1.De�nition 2.3 (Chain) Given a set of distinct bi-nary numbers, s = fc0; : : : ; cn�1g (n � 2). A chain ins is de�ned as a sequence on s, say < co0 ; : : : ; con�1 >,such that �(coi ; coi+1) = 1 (i = 0; : : : ; n � 2) and�(con�1 ; co0) = 1.De�nition 2.4 (Prime Chain) Given a set of dis-tinct binary numbers, s = fc0; : : : ; cn�1g and jsj = 2p(p 2 N[f0g). A chain on s is said to be a prime chain,if 8 ci; cj(i; j = 0; : : : ; n�1), 3 �(ci; cj) � p.For example, a prime chain can be de�ned onf000; 110; 010; 100g as < 000; 100; 110; 010>, while nochain can be de�ned on f001; 011; 111g. Now, we de-�ne the well-de�ned encoding as follows.De�nition 2.5 (Well-De�ned Encoding) Givenis a subdomain, s = fv0; : : : ; vn�1g (n � 2), of anattribute A, and let p = blog2 nc. A mapping onattribute A, M A : A ! fhbk�1 � � � b0ijbi 2 f0; 1g; i =0; : : : ; k�1; k = dlog2 jAjeg, is said to be well-de�nedwith respect to the selection \A IN fv0; : : : ; vn�1g", ifthe following conditions are satis�ed.i) If n = 2p, then there exists a prime chain infM A (v)jv 2 sg.ii) If 2p < jsj < 2p+1, and jsj is even,then 9 s0 � s; js0j = 2p, such that there ex-ists a prime chain in fM A (v)jv 2 s0g, andthere exists a chain in fM A (v)jv 2 sg, and8 v; v0 2 s; 3 � �M A (v);M A (v0)� � p+ 1.iii) If 2p < jsj < 2p+1, and jsj is odd, then9 s0 � s; js0j = 2p; 3 there exists a prime chainin fM A (v)jv 2 s0g, and 9 w 62 s; but w 2 A; 3there exists a chain in fM A (v)jv 2 s [ fwgg, and8 v; v0 2 s [ fwg; � �M A (v);M A (v0)� � p+ 1.Theorem 2.2 A well-de�ned encoding minimizes thenumber of bit vectors which need to be accessed.The proof of the theorem can be found in [18]. Ob-viously, Theorem 2.2 results in a local optimum, sinceDe�nition 2.5 takes only one subdomain (or, one se-lection condition) into consideration. Theorem 2.3 isa revision of Theorem 2.2 for describing the optimumrelative to a set of selection conditions.Theorem 2.3 Given a set of (range) selection predi-cates on attribute A, P(A) = fp1; : : : ; png, and each pi

(1 � i � n) corresponds to one subdomain of A, i.e.,s1; : : : ; sn. The number of bit vectors which must beread while evaluating the selection predicates is mini-mized, if the encoding on A is well-de�ned with respectto all pi (1 � i � n).Again, the proof can be found in [18]. The sub-domains, s1; : : : ; sn, are not necessarily disjoint, andthe optimal solution must not necessarily exist, or beunique. In the above example, both the mappings inFigure 3(a) and (a0) are optimal to both selections, \AIN fa; b; c; dg" and \A IN fc; d; e; fg".A well-de�ned encoding is desirable for optimizationbut not essential. An e�cient algorithm for �nding awell-de�ned encoding is needed, since the brute-forceapproach has a complexity that is an exponential func-tion of the cardinality of the attribute and the num-ber of selection conditions. We have explored someheuristics for �nding a well-de�ned encoding. How-ever, they are beyond the scope of this paper. Second,intuitively, whether an encoding is well-de�ned is sub-ject to the types of selections. In De�nition 2.5, wede�ne the well-de�ned encoding with respect to rangeselections of the form \Attribute IN f: : :g". For otherselection conditions, e.g., \j < Attribute < i", wehave to rede�ne the well-de�ned encoding, though,for discrete domains, conditions of the form | \j <Attribute < i" can be expressed as \Attribute INf: : :g". In the next subsection, we give examples ofhandling range searches on numeric data types. Third,as stated above, whether an encoding is well-de�nedis speci�c to selections. As the selections change overtime, a model is needed to evaluate when a re-mappingis desirable, or how to make use of don't-care values inthe encoding to optimize the performance.32.3 Applications and variations of en-coded bitmap indexing� HIERARCHY ENCODINGThe warehouse data is usually modeled as a starschema, which consists of one (or more) fact table(s)and some dimensions. Hierarchies might exist in di-mensions. As Figure 4 shows, the dimension SALES-POINT of the sales data can be classi�ed into three cat-egories (hierarchy elements) | branch, company andalliance.3For optimization of the retrieval Boolean expression, wemight take the don't-care conditions into account. For ex-ample, if we want to select data with the selection conditionA = b OR A = c, then we consider the following two ex-pressions: fb + fc and fb + fc + fdon't-care, in the examplein the beginning of Section 2.2, fdon't-care = IB1 IB0. Sincefb + fc = IB01 IB0 + IB1 IB00 = IB1 � IB0 and fb + fc + fdon't-care =IB01 IB0 + IB1 IB00 + IB1 IB0 = IB1 + IB0, for computers without hard-ware implementation of bitwise XOR operation, we might useIB1 + IB0 to retrieve the data.
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Mapping Table1 00002 00013 01004 01015 00106 00117 01108 01119 110010 110111 111112 1110(a)Members of hierarchy elements (b)Hierarchy{ company and alliance encodingFigure 5: SALESPOINT hierarchy and its encodingNote that some companies join two di�erent al-liances. In the real world, the relationships between hi-erarchy elements are not necessarily 1 : N , they couldalso be m : N as is the case in the above example.One essential operation of OLAP is the manipula-tion along dimensions [17], e.g., roll-ups/drill-downs,data analysis along dimension hierarchies. All theseoperations are based on selections on dimensions, oron dimension elements, e.g., selecting sales data of allcompanies in alliance Z. Therefore, data of the samedimension hierarchies is very likely to be accessed to-gether in the DW environment.The idea of hierarchy encoding is to build encodedbitmap indexes with respect to selections on hierar-chy elements. For the above example, the domainsof hierarchy elements, \company" and \alliance", arefa; b; c; d; eg and fX;Y; Zg, respectively, and the setof selection predicates on either \company" or \al-liance" will be P = f�company=iji 2 fa; b; c; d; egg [f�alliance=j jj 2 fX;Y; Zgg. A well-de�ned encodedbitmap index with respect to P, as Figure 5(b) shows,is optimized for selections along dimension elements,\company" or \alliance". For example, for selection\alliance = X", only one bit vector is accessed.This idea can be further extended to build agroupset index using encoded bitmap indexes. Agroupset index corresponds to the Group-By clauses

in users' queries. Because of the limitation of space,we do not further discuss this case.� TOTAL-ORDER PRESERVING ENCODINGAnother type of range selection, such as \j <Attribute < i", is performed on numeric or ordinaltype of attributes. Numeric or ordinal types have aspecial property, namely, there exists a total-order re-lation in their domain. As a result, if the encoding inencoded bitmap indexes destroys the total-order rela-tion, then selections in form of \j < Attribute < i"must be rewritten to ones in form of \Attribute INf: : :g".An encoding which preserves the total-order prop-erty of the attributes is called a total-order preservingencoding. A simple total-order preserving encoding isthe internal representation of integers in computers,e.g., \8" is encoded as \1000", \17" as \10001". Ifwe de�ne the encoding as the internal representationof computers, the resulting encoded bitmap index is aset of bit slices of the original attribute. In [11], O'Neiland Quass de�ned such an index as bit-sliced index andproposed algorithms for evaluating some query typesdirectly from the bit-sliced index.Mapping Table101 000102 001103 010104 100105 101106 110Figure 6: Total-order preserving encodingHowever, bit-sliced index is not the only answer tonumeric (or ordinal) attributes. For example, given anattribute A with domain f101; 102; 103; 104; 105; 106g,where there exists a total-order in A, i.e., 101 < 102 <103 < 104 < 105 < 106. In addition, tuples with A inf101; 102; 104; 105g are usually accessed together. Themapping in Figure 6 preserves on one hand the total-order property, and on the other hand, is optimized forthe selection \A IN f101; 102; 104; 105g".� RANGE-BASED ENCODINGA possible variation of encoded bitmap indexing is touse it for range-based indexing. Because of space lim-itations, instead of giving a formal de�nition of range-based encoded bitmap indexes, we demonstrate theidea by a simple example.Given an attribute A with the domain 6 � A <20; A 2 N. Suppose that the following range selec-tions are pre-de�ned by the end users | \6 � A < 10",\8 � A < 12", \10 � A < 13" and \16 � A < 20".According to the prede�ned selections, the domain ofattribute A should �rst be divided into 6 disjoint par-titions, as Figure 7 shows.Next, we encode the set of intervals | f[6,8), [8,10),[10,12), [12,13), [13,16), [16,20)g as Figure 8(a) shows.



6 8 10 12 13 16 20� � �- - -�-� -� -Figure 7: Pre-de�ned rangesThen, for example, for range selection \8 � A < 12",the retrieval function is IB02 IB01 IB0+ IB2 IB01 IB0, which canbe reduced to IB01 IB0. The (reduced) retrieval func-tions for all prede�ned range selections are listed inFigure 8(b).Mapping Table[6,8) 000[8,10) 001[10,12) 101[12,13) 100[13,16) 010[16,20) 110 6 � A < 10 : IB02 IB018 � A < 12 : IB01 IB010 � A < 13 : IB2 IB0116 � A < 20 : IB2 IB1(a)Range encoding (b)Retrieval functionsFigure 8: Range-based encoded bitmap indexIf the ranges of selections are not pre-de�nable, orthe ranges are so evenly scattered on the attribute do-main (which will result in many 1-element disjoint par-titions), then the range-based bitmap index will reduceto an encoded bitmap index on a set of single values,instead of on a set of ranges.3 Performance Analysis: AnalyticalApproachIn Section 2, we have discussed the advantages ofsimple bitmap indexes over B-trees in the DW environ-ment under some restrictions, and proposed encodedbitmap indexing to compensate for the limitations ofsimple bitmap indexing. In the following, we compareencoded bitmap indexing with simple bitmap index-ing. By showing the advantages of encoded bitmap in-dexing over simple bitmap indexing, the advantages ofencoded bitmap indexing over B-trees can be inferred.3.1 Comparing encoded bitmap indexingwith simple bitmap indexingThe space requirement of building both simple andencoded bitmap indexes is jTj�h8 bytes, and the timecomplexity is O(jTj � h), where h is the number ofbitmap vectors. In addition, the time complexityfor maintenance with respect to updates without do-main expansion is O(h) for both simple and encodedbitmap indexing. As for updates with domain expan-sion, the time complexity is O(jTj) + O(h) for simplebitmap indexing, and between O(h) and O(jTj)+O(h)for encoded bitmap indexing. The main di�erenceis that for simple bitmap indexing, h = jAj, whilefor encoded bitmap indexing, h = dlog2 jAje. Obvi-ously, jAj > dlog2 jAje, for all jAj > 1 and jAj 2 N.jAj � dlog2 jAje, if the cardinality of A is large.Besides, the sparsity of simple bitmap indexes is onaverage m�1m , wherem is the cardinality of the indexed

attribute, while the sparsity of encoded bitmap indexesis about 12 (independent of m).As a result, building/maintaining encoded bitmapindexes is more economical than building/maintainingsimple bitmap indexes, as the cardinality of the in-dexed attribute increases.However, maintenance cost is not the only fac-tor when evaluating the performance of indexes. Weshould also compare the complexity of query process-ing with respect to both bitmap indexings. For bothbitmap indexing techniques, the complexity is a func-tion of the number of bitmap vectors which are ac-cessed and the number of logical operations performedon the bitmaps.4Following the example at the beginning of Sec-tion 2.2, suppose that we have an attribute A, withdomain fa; b; cg. Both simple bitmap index and en-coded bitmap index are built on A, as Figure 1 shows.Consider the following two queries:Q1: SELECT A Q2: SELECT AFROM T FROM TWHERE A = a WHERE A in fa; bgIf the simple bitmap index is used, then ( IBa) and( IBa OR IBb) are used for retrieving tuples for Q1 andQ2, respectively. If the encoded bitmap index is used,then ( IB01 IB00) and ( IB01) are used to select the tuples forQ1 and Q2, respectively. Generally speaking, for sin-gle value selection, simple bitmap indexing performsbetter than encoded bitmap indexing. However, forrange searches, especially large range searches, en-coded bitmap indexing performs better than simplebitmap indexing. As the above example shows, forsingle value selection (Q1), one bitmap vector is ac-cessed if simple bitmap indexing is used, while twobitmap vectors are accessed if encoded bitmap index-ing is used. In contrast, for range search (Q2), onebitmap vector is accessed if encoded bitmap indexingis used, while two bitmap vectors are accessed if simplebitmap indexing is used.Let cs and ce denote the number of bitmap vec-tors accessed by simple bitmap indexing and encodedbitmap indexing, respectively. Obviously, 1 � cs � jAjand 1 � ce � dlog2 jAje. For simple bitmap indexing,cs = �, where � denotes the size of the interval of therange search and 1 � � � jAj. For example, � = 2 in4Comparing with the disk access costs, it is reasonable toignore the CPU time needed for performing logical operations,such as AND , OR . In addition, in the following discussion, weconsider the number of bitmap vectors which must be accessedfor query processing using encoded bitmap indexing as the num-ber of bitmaps after performing logical reduction on the retrievalBoolean expressions, e.g., if the retrieval Boolean expression isIB01 IB0 + IB1 IB0, then it is �rst reduced to IB0, and the number ofbitmaps which need to be accessed is considered as one.



Q2.For encoded bitmap indexing, ce is a function of �,where 1 � � � jAj, and of the distribution of selectedvalues. For worst cases, ce = dlog2 jAje. For best cases,ce = dlog2 jAje � 
0, where 
0 is the number of bitmapvectors reduced by performing logical reduction. (Fordetails please refer to Property 3.1 in [18].)From the above discussion, we can see that ce < cs,if � > log2 jAj + 1. In addition, the cost of process-ing simple bitmap indexes is a linear function of �,while the cost of processing encoded bitmap indexesis upper-bounded by a step function | dlog2 jAje. Inother words, the encoded bitmap indexes perform sta-bly, even when � is large, while simple bitmap indexesdegrade relatively fast. Figure 9(a) and (b) depict ceand cs with jAj = 50 and 1000, respectively. (ce is cal-culated according to Property 3.1 in [18], i.e., of thebest cases. For worst cases, ce = dlog2 jAje, namely,ce = 6 in Figure 9(a), and ce = 10 in Figure 9(b),which are still much less than cs.)
5

10

15

20

25

30

35

40

45

50

5 10 15 20 25 30 35 40 45 50

N
o

. o
f 

B
it

m
ap

 V
ec

to
rs

 A
cc

es
se

d

Interval of Range Searches

Performance Analysis: Analytical Approach

Cs

Worst Case, Ce_w=6
Ce

Cs=Ce=[log |A|]=6

Simple Bitmap Index (Cs) 
Encoded Bitmap Index (Ce) 

Worst Case (Ce_w) 

(a)jAj = 50, dlog2 jAje = 6
0

200

400

0 200 400 600 800 1000N
o

. o
f 

B
it

m
ap

 V
ec

to
rs

 A
cc

es
se

d

Interval of Range Searches

Performance Analysis: Analytical Approach

Cs

Ce

Simple Bitmap Index (Cs) 
Encoded Bitmap Index (Ce) 

(b)jAj = 1000, dlog2 jAje = 10Figure 9: Performance analysisFigure 10 depicts the number of bit vectors requiredfor building both simple and encoded bitmap indexeswith respect to the cardinality of indexed attributes.Again, the space requirement of a simple bitmap in-dex is linear to the cardinality of the attribute, whilethat of an encoded bitmap index is logarithmic to thecardinality of the attribute.3.2 Worst case analysisEven for the worst case scenario, encoded bitmapindexing performs better than simple bitmap indexing,

11

128
256
512

0 512 1024 1536 2048N
o

. o
f 

B
it

m
ap

 V
ec

to
rs

 R
eq

u
ir

ed

Cardinality of Indexed Attributes

Space Requirement: No. of Bit Vectors

Simple Bitmap Index
Encoded Bitmap Index

Figure 10: Space requirementsif � > log2 jAj, as Figure 9(a) shows. Two reasons thatmight lead to such behavior are discussed below.Improper Encoding Given a selection, �1, if theencoding was not well-de�ned with respect to �1, forthe worst cases, the number of bit vectors, which mustbe accessed in query processing, is dlog2 jAje. An ex-treme case will be that, for all types of selections theredoes not exist any selection, such that the encoding iswell-de�ned. The line ce w = 6 in Figure 9(a) depictsthe extreme case.The ratio between the areas under the curve of thebest case and the line ce w = 6 denotes the averagebene�t gained from well-de�ned encodings. The ratiofor the case in Figure 9(a) is 0:84, i.e., 16% saving ofthe processing cost is gained, and the ratio for the casein Figure 9(b) is 0:90, i.e., 10% saving of processingcost is gained.Note that the above calculation did not take thefrequencies of selection types into consideration. Theaverage savings are not very large in magnitude, sothat having a well-de�ned encoding is desirable but notessential. For speci�c situations, the saving could beup to 83% (for the case where � = 32 in Figure 9(a)),or even up to 90% (for the case where � = 512 inFigure 9(b)).Logical Reduction A well-de�ned encoding onlymakes sense together with the logical reduction of theretrieval functions. The complexity of performing log-ical reduction using a brute-force method is, however,exponential to the number of bit vectors. For the per-formance gain from well-de�ned encoding, we have topay the price of �nding a well-de�ned encoding andthe cost of the logical reduction in exchange.We do not think it is unfeasible, though the com-plexities for both �nding a well-de�ned encoding andperforming logical reduction are exponential to theproblem size. We have explored some heuristics tosolve the problem, but discussion of these preliminaryresults is beyond the scope of this paper. Anotherstraightforward, but e�ective, approach will be: sincethe ranges of selection predicates are pre-de�nable



(well-de�ned encodings are subject to prede�ned se-lections), the retrieval functions for all the prede�nedpredicates can also be reduced by human experts, andbe veri�ed with assistance of computers.Furthermore, the cost for �nding a well-de�ned en-coding is a one-time cost, unless dynamic re-encodingis desired, which is also beyond the scope of this paper.The above analysis shows that, for range searches,encoded bitmap indexes perform essentially better andmore stable, even when the range of selection increases.For single value selections, encoded bitmap indexing issecond to simple bitmap indexing. However, accordingto TPC-D [14], from 17 query types, 12 query typesinvolve range search.(They are Q1, Q3, Q4, Q5, Q6, Q7,Q8, Q9, Q10, Q12, Q14 and Q16.) Therefore, we be-lieve that the encoded bitmap indexing can play animportant role for improving query processing in theDW environment. In addition, the worst case analysisshows that even if the best cases cannot be reached,the worst-case performance of encoded bitmap indexesin range searches is still better and more stable thanthat of simple bitmap indexes.In practice, in order to improve both the perfor-mance of B-trees and simple bitmap indexes, a hybridmethod is implemented, i.e., instead of storing tuple-ids (value-lists) at the leaf-nodes of B-trees, bitmapvectors are stored. As the sparsity increases (one con-sequence of high cardinality), the bit vectors are ex-pressed as value-lists. However, when the cardinalityis very high (exactly the circumstance where encodedbitmap indexing is well-suited), the hybrid methodmight degrade to a pure B-tree. In such cases, the co-operativity of bitmap indexing in the hybrid methodis lost.4 Other Indexing TechniquesIn this section, we discuss some other indexing tech-niques which are proposed in the literature for DWs.Projection Indexing In [11], a projection index isde�ned as materialization of all values of an attributein the tuple-id order. We can treat a projection indexas an encoded bitmap index, where the mapping tableis simply the table of internal codes, i.e., the mappingfunction is M A (�) = bk�1 � � � b0where k is the length in bits of the internal represen-tation of attribute A, and bi is the i-th bit (from LSBto MSB) of the attribute value (i = 0; : : : ; k�1).One di�erence between a projection index and anencoded bitmap index, which uses the table of inter-nal codes as the mapping table, is the physical storageallocation. A projection index stores the values hor-izontally, while an encoded bitmap index stores the

values vertically. A projection index stores the bits ofa value continuously, while an encoded bitmap indexstores the bits of the same position of di�erent val-ues continuously, which resembles the physical storageallocation of bit-sliced indexes.Bit Slicing In [11], a bit-sliced index is de�nedas a set of bitmap slices which are orthogonal to thedata held in a projection index. In other words, a bit-sliced index is a bitwise vertical partition of a projec-tion index. Bit-sliced indexes are suitable for numeric(�xed-point) or ordinal attributes, and are especiallygood for wide-range searches. Bit-sliced indexing withnon-binary base was also introduced in [11]. Bit-slicedindexes can also be treated as special cases of encodedbitmap indexing. They are encoded bitmap indexeswith a total-order preserving encoding, which is triv-ially the internal representation of �xed-point num-bers.Both projection indexes and bit-sliced indexes arecomparable to the transposed �les [16]. A transposed�le stores one column from a main table in a row,namely, one row per transposed column. A projec-tion index stores only one transposed column, and abit slice is a transposed representation of a column ofbits from the same bit position of an attribute.Value List Indexes Traditionally, a value list in-dex stores key values and a list of tuple-ids for eachkey value. A value list index can be structured as aB-tree, or simply as an inverted �le.A hybrid indexing using simple bitmap indexes andvalue list indexes was said to resolve the problems ofsparsity in simple bitmap indexes caused by high car-dinality domains. The B-tree structure is �rst usedto index the key values, and at the leaf nodes simplebitmap vectors are stored. However, if one bit vectoris too sparse, a list of tuple-ids, instead of a bit vector,is stored. A contradiction arises: B-tree is e�cient forrandom access, if the number of key values is large.However, if the number of key values is large, i.e., thecardinality of the indexed attribute is large, then theproblem of sparsity is more severe. As a result, insteadof bit vectors stored at the leaf nodes, value lists arestored. Then, the so-called hybrid index reduces to aB-tree. On the other hand, if the cardinality of theindexed attribute is very small, the bene�t of buildinga B-tree on top of the bitmap vectors is also small.In [11], the authors have proposed algorithms forevaluating some aggregate functions and range selec-tions directly on projection indexes, bit-sliced indexesand value list indexes. The range selection predicatesconsidered in [11] was only of the form \i < A < j",while in our paper, we have generalized the cases,by taking both in-lists and conventional range pred-



icates into consideration. For the special cases of nu-meric/ordinal attributes, if the encoding is total-orderpreserving, the algorithms proposed by O'Neil andQuass are also applicable to the encoded bitmap in-dexes. Slight changes might, however, be required.Group-Set Indexes Group-By operations are of-ten used for grouping the results of queries for betterunderstanding and analyzing. A groupset bitmap in-dex was introduced in [11] to select tuples which satisfythe group-by condition.The proposed groupset bitmaps face the same spar-sity problem of simple bitmap indexes. Some other ap-proaches, such as clustering, or segmentation, can helpto process Group-By operations more e�ciently. How-ever, clustering can be performed according to only oneselection condition or one grouping condition. There-fore, secondary indexes are needed. An eligible candi-date for group-set indexing will be the encoded bitmapindex. If we had 3 attributes in the Group-By clause,and the cardinalities of the attributes are 100, 200,500, respectively. Then, the number of all possiblecombinations will be 107, which means 107 bit vectorsif simple bitmap indexing is used, and only 20 bit vec-tors if encoded bitmap indexing is used.5Furthermore, if hierarchy encoding (discussed inSection 2.3) is applied, groupset indexes can be dy-namically calculated at run-time, which results in more
exibility, since it is not feasible to pre-compute allpossible Group-By combinations if the number of di-mensions is large.Dynamic Bitmaps Dynamic bitmaps are builtdynamically from high cardinality attributes. [13] Ifthere are n di�erent values in the attribute domain,they are encoded onto n (log2n)-bit continuous bi-nary integers.Dynamic bitmaps are special cases of encodedbitmap indexes, where the encoding trivially maps thedomain onto a continuous integer set. The signi�canceof encoding was not discussed in dynamic bitmaps.Range-Based Indexing A dynamic range-basedbitmap indexing for high cardinality attributes withskew was proposed in [19]. The idea is to partition thedomain into some equal population subsets, and simplebitmap vectors are constructed, one for each subset. Inthat work, the authors also took the distribution of theattributes into consideration.In Section 2.3, we have also introduced a similar ideaof building range-based indexes using encoded bitmapindexing. The two approaches di�er from each other in5Naturally, in this problem, the density of the products ofthe dimensions should also be considered, e.g., although thereare 107 combinations, there might only be 106 meaningful com-binations, i.e., the density is only 10%.

the following aspects: (1) In [19], partition is done bydistribution of the attribute values, while we proposeto partition according to pre-de�ned range selections.(2) In [19], Wu and Yu investigate how to dynami-cally adjust the partition of the ranges to balance thepopulation of all buckets with respect to the distri-bution of attribute values. However, we do not havethe problem of imbalance. Because we use the pre-de�ned selection predicates to partition the attributedomains, the retrieval functions will, therefore, exactlymatch the desired tuples. Even in the cases that selec-tion predicates are not pre-de�nable, or the predicatesresult in a very large number of small partitions, en-coded bitmap indexing can handle a much larger num-ber of small partitions than simple bitmap indexingcan do. As a matter of fact, if the ranges of the se-lections are not pre-de�nable, range-based indexes donot make any sense. In this case, we propose to usean encoded bitmap index with a total-order preservingencoding, such that any range selection predicates canbe e�ciently evaluated directly on the bit vectors.Other Techniques Other indexing techniques forthe warehouse environment include multidimensionalB-trees [8, 4], compression techniques (e.g., run-length)for simple bitmap indexes, hierarchical indexes [6, 7],join indexes [15, 10] and multidimensional indexing forspatial data [12]. Index techniques used in Sybase IQ,Red Brick Warehouse and Oracle are discussed in [3].5 Concluding Remarks and FutureWorkWe introduced encoded bitmap indexing for the DWenvironment. The merits of this technique are:1. It inherits the good properties of simple bitmapindexing, such as cooperativity of di�erent bitmap vec-tors, low cost of construction and maintenance, andlow processing cost.2. It di�ers from simple bitmap indexing in encoding.Because of encoding, it solves the problems of sparsity,at the same time, improves the space utilization, short-ens the maintenance and processing time, and also im-proves the performance of processing range searches.Most of all, the cardinality of the indexed attributehas no longer dramatical e�ects on the maintenanceand processing cost of the encoded bitmap indexes.3. With customized de�nitions of encodings, the en-coded bitmap indexes are suitable for and capable of(but not limited to) indexing OLAP data. We havediscussed some of its applications, such as the hierar-chy encoding for indexing dimensions with hierarchies,total-order preserving encoding for numeric/ordinalattributes, range-based encoded bitmap indexes, etc.Theorems were derived for identifying the properties



for a well-de�ned encoding with respect to a given setof prede�ned selection predicates. Under this encod-ing, the number of bit vectors, which must be accessedin query processing, is minimized. We have given acomparative performance analysis of both simple andencoded bitmap indexes using an analytical approach.The result is satisfactory and shows that as the car-dinality and the range of selections increase, encodedbitmap indexes perform better and more stable thansimple bitmap indexes (even if the best cases describedby the theorems 2.2 and 2.3 cannot be reached).There are still some problems to be solved. First, ane�cient algorithm for logical reduction of the retrievalBoolean functions is needed. Second, an e�cient al-gorithm for �nding well-de�ned encodings is requiredto take full advantages of optimization. Third, for ap-plication domains where the set of prede�ned selec-tion predicates changes over time, a model for evalu-ating the cost-e�ectiveness of a reconstruction of theencoded bitmap indexes is desirable. Fourth, if selec-tion predicates are not predictable, a proper encodingis, however, achievable through an analysis of the his-tory of users' queries. In other words, in such an en-vironment, data mining might be applied for �ndinga good encoding. Fifth, in the text, we have concen-trated on how range selections are evaluated directlyon the encoded bitmap indexes, since selections arethe very basic operation for other operations. How-ever, in addition to range predicates, some aggregatefunctions, or operations can also be evaluated directlyon the bitmaps, such as sum(�), average(�), median,N-tile, column-product aggregations, joins, etc. Algo-rithms for performing these functions, or operationsusing encoded bitmap indexes, though of no di�culty,must be de�ned.References[1] J-H. Chu, G. Knott, An Analysis of B-Trees and TheirVariants, Information Systems, Vol. 14, No. 5, 1989.[2] D. Comer, The Ubiquitous B-Tree, Computing Surveys,Vol. 11, No. 2, 1979.[3] H. Edelstein, Technology Analysis: Faster Data Ware-houses, Information Week, Dec 4, 1995.
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