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Abstract

Pre-computeddatacubefacilitatesOLAP(On-LineAn-
alytical Processing).It is a well-knownfact that datacube
computationis an expensiveoperation, which attracts a
lot of attention. While mostproposedalgorithmsdevoted
themselvesto optimizingmemorymanagementand reduc-
ingcomputationcosts,lessworkaddressesoneof thefunda-
mentalissues:thesizeof a datacubeis huge whena large
baserelationwith a large numberof attributesis involved.
In thispaper, weproposea new concept,calleda condensed
data cube. Thecondensedcubeis of much smallersizeof
a completenon-condensedcube. More importantly, it is a
fully pre-computedcubewithout compression,and,hence,
it requiresneitherdecompressionnor further aggregation
whenansweringqueries.Several algorithmsfor computing
condensedcubeare proposed. Resultsof experimentson
theeffectivenessof condenseddatacubeare presented,us-
ing bothsyntheticandreal-worlddata. Theresultsindicate
that theproposedcondensedcubecanreduceboththecube
sizeandtherefore its computationtime.

1. Intr oduction

In orderto effectively supportdecisionsupportqueries,
a new operator, CUBE BY, wasproposed[7]. It is a multi-
dimensionalextensionof the relational operatorGROUP
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BY.1 TheCUBE BY operatorcomputesGROUPBY corre-
spondingto all possiblecombinationsof attributesin the
CUBE BYclause.

It is obviousthatCUBE BYis anexpensiveoperatorand
its resultis extremelylarge,especiallywhenthenumberof
CUBE BY attributesandthe numberof tuplesin the base
relationarelarge.GivenabaserelationR with n attributes,
thenumberof tuplesin a k-attributecuboid(GROUPBY),
0 � k � n, is thenumberof tuplesin R thathave distinct
attributevalueson thek-attributes.Thesizeof a cuboidis
possiblycloseto thesizeof R. Sincethecompletecubeof
R consistsof 2n cuboids,thesizeof theunionof 2n cuboids
is much larger than the sizeof R. Consequently, the I/O
costeven for storingthecuberesulttuplesbecomesdomi-
native asindicatedin [13, 4]. Thehugesizeof a datacube
makesdatacubecomputationtime-consuming.Although
the cheapandhigh volumememorychipsareavailable,it
is dif�cult to hold thewholedatacubeof a largerelationin
themainmemory.

Althoughissuesrelatedto thesizeof datacubeshaveat-
tractedtheattentionof researchers,andvariousalgorithms
have beendevelopedaiming at fast computationof large
sparsedatacubes[2, 18, 13, 4], relatively fewerpaperscon-
centratedon solving the complexity problemof datacube
computationfrom its root: reducingthesizeof a datacube.

In this paper, we introducea novel concept,condensed
cube, for reducingthe size of a datacubeand henceits
computationtime and storageoverhead. A condensed
cube is a fully computedcube that condensesthose tu-
ples, aggregated from the sameset of baserelation tu-

1TheGROUPBYoperator, �rst, partitionsa relationinto groupsbased
on thevaluesof theattributesspeci�edin theGROUPBYclause,andthen
appliesaggregationfunctionsto eachof suchgroups.



ples, into one physical tuple. Taking an extreme case
as an example. Let relation R have only one single
tuple r (a1; a2; : : : ; an ; m). Then, the data cube for R
will have 2n tuples,(a1; a2; : : : ; an ; V1), (a1; � ; : : : ; � ; V2),
(� ; a2; � ; : : : ; � ; V3), � � � (� ; � ; : : : ; � ; Vm ), wherem = 2n .2

Sincethereis only onetuple in relationR, we have V1 =
V2 = � � � = Vm = aggr (r ). Therefore,we only needto
physically storeone tuple (a1; a2; :::; an ; V ), whereV =
aggr (r ), in the cubetogetherwith someinformationindi-
catingthatit isarepresentativeof asetof tuples.Forqueries
on any cuboid,we canreturnthevalueV directly without
the needof further aggregation. That is, for this example,
thecubefor R with 2n tuplescanbecondensedinto onetu-
ple. In general,tuplesfrom differentcuboidsin acube,that
areknown beingaggregatedfrom thesamesetof tuples,can
becondensedto onetuple.

Comparedto therelatedapproachesproposedin the lit-
erature,acondensedcubehasthefollowinguniquefeatures.

� A condensedcubeis not compressed. Although the
sizeof a condensedcubeis smallerthanthecomplete
cube, it is not compressed.It doesnot require de-
compressionwhenthe condensedcubeis usedto an-
swerqueries.Hence,no extra overheadwill be intro-
duced.

� A condensedcubeis a fully computedcube. It is dif-
ferentfrom thoseapproachesthat reducethesizeof a
datacubeby selectively computingsome,but not all,
cuboidsin thecube.Therefore,no furtherapplication
of aggregation function is requiredwhena condensed
cubeis usedto answerqueries.

� A condensedcube provides accurate aggregate val-
ues. It is different from thoseapproachesthat re-
ducethecubesizethroughapproximationwith various
forms,suchaswavelet [16], multivariatepolynomials
[3], mixedmodelby multivariateGaussians[15], his-
togram[12], sampling[1] andothers[8].

� A condensedcube supportsgeneral OLAP applica-
tions. It is differentfrom thoseproposalsto reducethe
sizeof a cubeby tailoring it to only answeringcertain
typesof queries[10].

Contributions of our work can be summarizedas fol-
lows: We introducedtheconceptof condensedcubewhich
cangreatlyreducethesizeof adatacubewithoutadditional
queryoverhead.A condensingscheme,namely, basicsin-
gletuple(BST)condensingis proposed.Severalalgorithms
have beenproposedto ef�ciently computethe condensed
cube.Weshow theeffectivenessof theproposedalgorithms
with experimentresultsusingbothsyntheticandreal-world
data.

Theremainderof thepaperis organizedasfollows. Sec-
tion 2 gives the motivationsand de�nitions of condensed

2� representsthespecialvalueALL.

cube.Section3 presentsour algorithmto computethecon-
densedcube. Section4 presentsthe two heuristic algo-
rithms for fastcondensedcubecomputing. The effective-
nessof ouralgorithms,basedon theexperimentsfrom both
syntheticdataandreal dataset, is presentedin Section5.
Wediscusstherelatedwork in Section6. Finally, Section7
concludesthepaperanddiscussesfuturework.

2. CondensedCube: Preliminaries and de�ni-
tions

In this section,we introducethe conceptof condensed
cube,and a condensingscheme,basesingle tuple (BST)
condensing,is introducedaswell.

2.1.Relation and data cube

The CUBE BY operator[7] is an n-dimensionalgener-
alizationof the relationalGROUPBY operator. For a base
relationR with n dimensionattributes(D 1; : : : ; Dn ) and
onemeasureattributeM , thecompletedatacubeof R (de-
notedas Q(R)) on all dimensionsis generatedby CUBE
BY on D1; : : : ; Dn . This is equivalent to the 2n GROUP
BYs on eachdifferentsubsetof the n dimensionset. We
refer to eachGROUPBY asa cuboid [13]. Thecuboidon
all n attributesis calledbasecuboid.

The introductionof a specialvalueALL makesthedata
cuberesultcompatiblewith theschemaof thebaserelation
R by extendingthedomainof eachdimensionattributewith
ALL. Suchtuplesin thecompletecubearereferredto asthe
cubetuples.

In this paper, we will userelationR(A; B ; C; M ) with
� ve tuples in Figure 1(a) as a running example. R has
threedimensionattributes: A; B andC, andonemeasure
attribute M . The aggregate function usedis SUM. The
completecubeis shown in Figure1(b), wherewe use* to
denotethe specialvalue ALL. Thereare 30 tuples in the
completecube,eachof which belongsto oneof the eight
cuboids,ABC,AB,AC, BC,A, B, C, andALL, asdenotedin
theCuboid column.

Cuboidsin a cubeare relatedto eachother to form a
lattice. The cuboid lattice for this 3-dimensionalattribute
relation is shown in Figure1(c). The nodesin the lattice
are cuboids. An arrow betweentwo cuboidsmeansthat
onecuboidcanbecomputedfrom theother. For example,
cuboidsonAB , AC , andB C canbecomputedfrom cuboid
AB C.

Without losinggenerality, we assume,in this paper, that
D1 : : : Dn functionallydeterminesM . In otherwords,we
assumethatthebaserelationis in factthesameasthebase
cuboid,thecuboidon n attributes.We canalwayscompute
thebasecuboid�rst if theoriginal relationdoesnot satisfy
thecondition.



 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

TID Cuboid A B C M
1 ALL * * * 360
2 ABC 0 1 1 50
3 A 0 * * 50
4 AB 0 1 * 50
5 AC 0 * 1 50
6 ABC 1 1 1 100
7 A 1 * * 100
8 AB 1 1 * 100
9 AC 1 * 1 100

10 ABC 2 3 1 60
11 A 2 * * 60
12 AB 2 3 * 60
13 AC 2 * 1 60
14 B * 3 * 60
15 BC * 3 1 60
16 ABC 4 5 1 70
17 A 4 * * 70
18 AB 4 5 * 70
19 AC 4 * 1 70
20 ABC 6 5 2 80
21 A 6 * * 80
22 AB 6 5 * 80
23 AC 6 * 2 80
24 C * * 2 80
25 BC * 5 2 80
26 B * 1 * 150
27 B * 5 * 150
28 C * * 1 280
29 BC * 1 1 150
30 BC * 5 1 70  

TID A B C M
1 0 1 1 50
2 1 1 1 100
3 2 3 1 60
4 4 5 1 70
5 6 5 2 80  

(a) 
 

(B)
] 

(A) (C) 
 

(B,C) (A,C)  (A,B) 

ALL 
 

(A,B,C) 

(b) 
 

(c) 
 

Figure 1. (a) An example relation R, (b) Its
complete cube Q(R), and (c) Cuboid lattice

2.2.BST: Basesingletuple

Tuples in a cubeare grouped(partitioned)and aggre-
gatedfrom tuplesin thebaserelation.For thecubeQ (Fig-
ure 1(b)) and the baserelation R (Figure 1(a)), the cube
tuples,Q3, Q26 andQ28 areaggregatedfrom thepartitions,
f R1g, f R1; R2g, andf R1; R2; R3; R4g, whereQi andRi

aretuplesin Q andR with TID = i , respectively. In gen-
eral,therearea largenumberof baserelationtuplesin each
of suchpartitions,especiallyin cuboidswith a smallnum-
ber of attributes. However, thereexist suchpartitionsthat
containonly onetuple.We namesuchspecialbaserelation
tupleasabasesingletuple.

De�nition 2.1(BaseSingleTuple) Given a set of dimen-
sion attributes,SD � f D1; D2; : : : ; Dn g, if r is the only
tuplein a partition whenthebaserelationis partitionedon
SD, we saytuple r is a basesingletuple on SD, and SDis
calledthesingledimensionsof r .

Basedon thede�nition, tupleR1(0, 1, 1, 50) in our ex-
amplein Figure1 is a basesingletupleon f Ag, sinceit is
theonly tuple in thepartitionof A-value0, whenR is par-
titioned on A. On the otherhand,R1 is not a basesingle
tupleon f B g, becausebothR1 andR2 will bein thesame
partitionof B-value1, whenR is partitionedon B . A tuple
couldbea singletupleon morethanonesingledimension
set.For example,R3 is aBSTon f Ag andis alsoaBSTon
f B g. R1 andR2 areBST on A but arenot on B sincetwo
tupleswill bein thesamepartitionwhenR is partitionedon
B .

Lemma 2.1 If a tupler is a basesingletupleonSD, thenr
is alsoa singletupleonanysupersetof SD.

In our example,sincetupleR1(0, 1, 1, 50) is a basesin-
gle tupleonA, it is alsoabasesingletupleon f Ag, f AB g,
f AC g andf AB Cg. To representthe fact that a tuple can
beabasesingletupleondifferentdimensions,weassociate
eachbasesingle tuple a set of SDs, called SDSET, rather
thana singleSD. Oneoptimizationbasedon Lemma2.1 is
thatwe canuseonly theminimumsetof SDs but not their
supersets.

Property 2.1 If r is a basesingle tuple on attribute sets
SDSET, then cubetuplesgenerated from r in all cuboids
on SDi 2 SDSEThavethesameaggregationvalueaggr =
aggr (r ).

Property2.1 canbe derived directly from the de�nition
of thebasesingletuple.Cubetuplesof thecuboidonSDare
obtainedby partitioningR on SD. If r is a basesingletuple
onSDSET, it is theonly tuplein its partitionwhenrelationR
is partitionedon any setof attributes,SDi 2 SDSET. There-
fore, the aggregation function is appliedon tuple r only,
henceall cubetupleswill have thesameaggregationvalue.

Property2.1formsthebaseof theconceptof condensed
cube. For basesingle tuple r , we only needto storeone
basecuboid tuple, qbase = (a1; a2; :::; an ; M base), where
ai 6= ALL for 1 � i � n andM base = aggr (r ), in the
condensedcubephysically. Cubetuplescorrespondingto r
in a non-basecuboidon SDi 2 SDSETcanbeomittedfrom
the condensedcube. Whenneeded,they canbe expanded
from thebasecuboidtuplede�ned below.

De�nition 2.2(Expand) Expand takesa basecuboidtu-
ple qbase, andits singledimensionsSDor singledimension
setsSDSETas input, andproducesoneor a setof cubetu-
ples,respectively.

� Expand(qbase; SD) = q such that M (q) = M (qbase)
and D i (q) = D i (qbase), for D i 2 SDand D j (q) =
ALL, for D j =2 SD.

� Expand(qbase; SDSET)
= f qjq = Expand(qbase; SDi ) ^ SDi 2 SDSETg
=

S
SDi 2 SDSETExpand(qbase; SDi ).

Example2.1 Givena basecuboidtuple r base(0, 1, 1, 50)
andSDSET= ff Ag; f AB g; f AC gg, wecangeneratecube
tuples(0, *, *, 50), (0, 1, *, 50), and(0, *, 1, 50), where *
representsthespecialvalueALL, by applyingtheoperator
Expand.

It is importantto note that the operationExpand is a
simpleoperationthatrequirescopying theoriginaltupleand
replacingcertainattributesvaluewith a specialvalue. No
aggregationor othercomputationis required.



2.3.BST­condenseddata cube

With thediscussionsofar, weshow thatthereexist some
specialtuplesin a relation,thebasesingletuples.For those
tuples,only onetuplein thebasecuboidneedsto bestored
physically, and tuples in other cuboidscan be generated
withoutmuchcomputation.This leadsto ournew approach
to reducingthe sizeof a datacube: condensingthosetu-
plesthatcanbegeneratedfrom basecuboidtuplesinto their
correspondingbasecuboidtuples.Sincetheprocessof con-
densingis basedonBST(basesingletuples),wenamesuch
size-reducedcubesasBST-condensedcubes,asde�ned be-
low.

De�nition 2.3(BST-CondensedCube) A BST-condensed
cubehasanaugmentedschema(D 1; : : : ; Dn ; M ; SDSET
). Its tuple q(q1; : : : ; qn ; M (q); SDSET) is denotedby
(q:t; q:SDSET) for brevity, where q:t = (q1; : : : ; qn ;
M (q)) . For tuplesin non-basecuboids,SDSET = fg .
Tuplesin a BST-condensedcubeCQ(R) of a baserelation
R mustsatisfythefollowingconditions.

1. For all tuplesq in non-basecuboids,there doesnot
exist a tuple qb in the BST-condensedcubesuch that
q:t 2 Expand(qb:t; qb:SDSET)

2.
Q

D 1 ;:::;D n ;M CQ(R)
S

f
S

q2 C Q(R ) Expand(q:t; q:SDSET)g = Q(R),
whereQ(R) is thedatacubefor R.

The�rst conditionin theabovede�nition guaranteesthat
thecubeis condensedbasedon BST-principle. That is, all
tuplesthatcanbegeneratedfrom thebasesingletuplesare
not includedin thecondensedcube.Thesecondcondition
guaranteesthe correctness.That is, after expansion,the
completecubefor R canbeobtained.

Figure2(a) and2(b) depict the completecubefor rela-
tion R andaBST-condensedcube,respectively. Weusethe
curly bracketsandarrows to denotethe setof cubetuples
in Figure2(a)thatarecondensedinto onetuplein theBST-
condensedcubeFigure2(b). For example,tuple Q3(0, *,
*), Q4(0, 1, *) andQ5(0, *, 1) arecondensedinto CQ1(0,
1, 1).

The above de�nition only requiresthat the complete
cubecanbereconstructedfrom thebasecuboidtuplesand
their storedSDSET. It doesnot requireto make useof all
possiblebasesingle tupleson all their single dimensions
to condensea cube. As an extremecase,we canview the
completecubeasa specialcaseof a BST-condensedcube,
with theSDSET�elds of all tuplesin thebasecuboidsetto
fg . Weattemptto reducethesizeof adatacubeasmuchas
possible,which leadsto thefollowing de�nition of minimal
BST-condensedcube.

De�nition 2.4(Minimal BST-CondensedCube) A mini-
mal BST-condensedcubeCQmin (R) of baserelationR is

TID Cuboid A B C M TID A B C M SDSET
1 ALL * * * 360 1 0 1 1 50 {{A},{AB},{AC},{ABC}}
2 ABC 0 1 1 50 2 1 1 1 100 {{A},{AB},{AC},{ABC}}
3 A 0 * * 50 3 2 3 1 60 {{A},{AB},{AC},{ABC}}
4 AB 0 1 * 50 4 4 5 1 70 {{A},{AB},{AC},{ABC}}
5 AC 0 * 1 50 5 6 5 2 80 {{A},{AB},{AC},{ABC}}
6 ABC 1 1 1 100 6 * 3 * 60 {}
7 A 1 * * 100 7 * 3 1 60 {}
8 AB 1 1 * 100 8 * * 2 80 {}
9 AC 1 * 1 100 9 * 5 2 80 {}

10 ABC 2 3 1 60 10 * 1 * 150 {}
11 A 2 * * 60 11 * 5 * 150 {}
12 AB 2 3 * 60 12 * * 1 280 {}
13 AC 2 * 1 60 13 * 1 1 150 {}
14 B * 3 * 60 14 * 5 1 70 {}
15 BC * 3 1 60 15 * * * 360 {}
16 ABC 4 5 1 70
17 A 4 * * 70 (b)
18 AB 4 5 * 70
19 AC 4 * 1 70 TID A B C M SDSET
20 ABC 6 5 2 80 1 0 1 1 50 {{A},{AB},{AC},{ABC}}
21 A 6 * * 80 2 1 1 1 100 {{A},{AB},{AC},{ABC}}
22 AB 6 5 * 80 3 2 3 1 60 {{A},{B},{AB},{AC},{BC},{ABC}}
23 AC 6 * 2 80 4 4 5 1 70 {{A}.{AB},{AC},{BC},{ABC}}
24 C * * 2 80 5 6 5 2 80 {{A},{C},{AB},{AC},{BC},{ABC}}
25 BC * 5 2 80 6 * 1 * 150 {}
26 B * 1 * 150 7 * 5 * 150 {}
27 B * 5 * 150 8 * * 1 280 {}
28 C * * 1 280 9 * 1 1 150 {}
29 BC * 1 1 150 10 * * * 360 {}
30 BC * 5 1 70

(c)
(a)

Figure 2. (a) The complete cube Q, (b) A BST­
Condensed cube CQ of R and (c) A minimal
BST­Condensed cube of R

a BST-condensedcube;andtheredoesnotexistanytuplein
non-basecuboidsthat canbegeneratedfrombasedsingle
tuples.

The intuitive interpretationof the de�nition is that, a
minimal BST-condensedcubemust make useof all base
single tuplesand their single dimensionsto condensethe
cube till no further condensingis possible. The BST-
condensedcube shown in Figure 2(b) is not a minimal
onesincesomeof singletuplepropertiesarenot explored.
For example,baserelation tuple R3 andR5 arebasesin-
gle tuplesnot only on f Ag, but alsoon f B g andf Cg re-
spectively. Applying this information, we obtain a BST-
condensedcubeasshown in Figure2(c). It canbeseenthat
thecubesizeis furtherreduced,from 15 to 10.

An importantpropertyof the minimal BST condensed
cubeis that they areall equivalent,i.e., their projectionon
D1; : : : ; Dn ; M arethesame.

Theorem2.1 All theminimalBST-condensedcubesofa re-
lation areequivalent.

The implication of Theorem2.1 is as follows. Al-
thoughtheremight exist multiple differentminimal BST-
condensedcubesfor abaserelation,they shouldonly differ
on thevaluesontheSDSET�eld. Both thenumberof tuples
in the cubeandthe valuesof eachtuple in the dimension
attributesandmeasureattributeshouldbethesame.



2.4.Effectivenessof BST­condensing

In thissubsection,webrie�y discusstheeffectivenessof
BST-condensing.Fromourexample,it is clearlyshown that
BST-condensingcan effectively reducethe numberof tu-
plesin adatacube.Thereare30tuplesin thecompletecube
in Figure 2(a), and only 10 tuples in the BST-condensed
cubein Figure2(c). Thesizereductionratiowith respectto
thenumberof tuplesis ashighas66.67%.

A few factorscontribute to the effectivenessof BST-
condensing.First, sincea basesingle tuple on SDis also
a BST on any supersetof SD, it is likely thatmorethanone
tuple will be condensedinto the basesingle tuple. In our
example,thereare5 basesingletuples.Two of themreduce
3 tupleseachandone4 tuplesandtheother5 tuplesrespec-
tively. Second,thesingletuplephenomenonis quitecom-
mon.If acuboidis sparse,i.e.,theproductof thecardinality
of k dimensionsis muchlarger thanthe numberof tuples
in the baserelation,it is highly likely that mostbaserela-
tion tupleswill takeupadifferentcell in thek-dimensional
space,resulting in a large numberof basesingle tuples.
For example,considera baserelation R0 with 1M tuples
(following the uniform distribution), which has10 dimen-
sionsand the cardinality of eachdimensionis 1000. We
recordthe numberof single tupleson k-attribute cuboids
(1 � k � 4) in Table1. We canseefrom the table that
for mostcuboids(speci�cally all k-attribute cuboidswith
k � 3, which amountsto 94.53%of the 210 cuboids),on
averagemore than 99.90%tuplesare single tuples. This
indicatesthe hugepotentialbene�t of applyingour single
tuplecondensingtechnique.

Table 1. Single tuple percenta ge
k-attrib ute cuboid Percentageof singletuples

1 0.00%
2 36.79%
3 99.90%
4 100.00%

3. MinCube: Computing a minimal BST-
condensedcube

Wehaveseenthatsingletuplecondensingcaneffectively
reducethe storedcubesize. In this section,we present
an algorithm, M inC ube, that computesa minimal BST-
condensedcubefor agivenrelation.

3.1.The algorithm

M inC ubeis a constructive algorithmthatcomputesthe
minimal BST-condensedcubefrom a baserelation. The

main strategy is to processeachcuboid in the cuboid lat-
tice3 in a breadth�rst andbottom-upfashion,andcompute
all theBSTsidenti�ed on eachcuboid. It is alsooptimized
to utilize thepruningeffectivenessof BSTsto speedup the
computation.

Algorithm 1 MinCube(R)
1: Constr uctLattice (n)
2: ResettheBSTbitmapindex for R.
3: for all cuboidq in thelatticein abottom-upfashiondo
4: GenerateCandidateT upleI ndex(q);
5: Sortthecandidatetuplesaccordingto GroupByDim(q).
6: Initialize thecuboidBSTbitmapindex to thecandidatetu-

ple index.
7: Initialize theaccumulatorfor q.
8: for all subsequentcandidatetupler do
9: if r is thelasttuplein thecurrentgroupthen

10: if r is not theonly tuplein thecurrentgroupthen
11: OutputN ormal Tuple(accumulator );
12: elsef r is aBSTonGroupByDim(q)g
13: Setthecorrespondingentryfor r in thecuboidBST

bitmapIndex.
14: if thecorrespondingentry for r in theBST bitmap

index is setthen
15: AddSD ToBST(r; Gr oupByD im (q)) ;
16: elsef If r is anewly-identi�ed BSTg
17: Settheentry for r in thecuboidBST bitmapin-

dex.
18: OutputB ST(r; Gr oupByD im (q)) ;
19: end if
20: end if
21: else
22: Combiner with the accumulatorfor the aggregate

function.
23: end if
24: end for
25: Save thecuboidBSTbitmapindex.
26: end for

The algorithmusesthreeclassesof bitmapindexesand
eachtuple in the baserelationcorrespondsto 1 bit in the
index respectively. The threeindexesare: BST bitmapin-
dex, candidatetuple index andcuboidBST bitmapindex.
The�rst onerecordswhetherabaserelationtuplehasbeen
identi�ed asa BST sofar. Thesecondoneis built for each
cuboid and usedby the pruning optimization. Only base
relationtuplesselectedfrom this index arefed into thepro-
cessingof eachcuboid. The last index is generatedafter
processingof eachcuboidandkeepstrackof theBSTsiden-
ti�ed in thatprocess.

The initialization stepof M inC ubealgorithmincludes
building the lattice for n dimensionsand initializing the
BSTbitmapindex for R to 0 for all entries(line 1–2).

The algorithm then processeseachcuboid in the lat-

3An examplelatticeis shown in Figure1(c).



tice in a bottom-upand breadth�rst manner, i.e. all the
cuboidsof k GROUPBYs areprocessedbeforeany of the
cuboidsof k + 1 GROUPBYs canbeprocessed.For each
cuboid, a candidatetuple index is createdby subroutine
GenerateCandidateT upleI ndex(q) (Algorithm 2), and
the candidatetuples (with 0 in the correspondingentry)
form asubsetof R. Thecandidatetuplesarethensortedon
theGROUPBY-attributesof cuboidq (Gr oupByD im (q))
(line 5). Line 6–7 initialize two data structures, a
cuboidBSTbitmapindex andanaccumulator for q. The
cuboidBST bitmapindex is alsousedfor thepruningopti-
mization,andtheaccumulatoris usedto storetheaggregate
resultof accumulatedcubetuples.Thesortedcandidatetu-
ples are sequentiallyprocessedin groups(line 8–24). A
groupof tuplesis a setof tuplesthathave thesamedimen-
sion valueson all dimensionsin Gr oupByD im (q). No
output is madeuntil the last tuple in the currentgroup is
hit. If a tuple r is not the last tuple in thecurrentgroup,it
is simply combinedinto the accumulator(line 22). Other-
wise,we judgeif it is theonly tuple in thegroup. If so, it
is identi�ed asaBSTonGr oupByD imq (line 12–20).We
further look up the BST bitmap index for R to determine
if r is a new BST, i.e., thecorrespondingbit in thebitmap
is not set. A tuple is written to the outputBST-condensed
cubeby calling OutputB ST, andtheBST bitmapindex is
updatedif r is a new BST. Otherwisewe simply locateand
updatetheSDSETpartof theexisting BST-condensedcube
tuple correspondingto r . If r is not a BST, the contentof
theaccumulatoris written to theoutputandtheSDSET�eld
is setto fg (line 11). At last,thecuboidBST bitmapindex
is saved(line 25). Thecorrectnessof thealgorithmcomes
from thefollowing lemma.

Lemma 3.1 Algorithm M inC ube computesthe minimal
BST-condensedcubefor theinputbaserelationR.

3.2.Pruning optimization

Wecanprogressively reducethenumberof candidatetu-
plesto beprocessedateachcuboidby pruningthosealready
identi�ed basesingletuples.Lemma2.1statesthatif r is a
BSTonacuboidq, thenit mustalsobeaBSTonany of q's
ancestorcuboids.Furthermore,it is obviousthatremoval of
r from thecandidateof cuboidq0 (q0 is anancestorcuboid
of q) would not affect the resultof othercandidatetuples.
Therefore,we caneffectively prunethecandidatetupleset
asfollows:

1. We usecuboid BST bitmap indexes associatedwith
eachcuboid. Theseindexesaregeneratedafter each
correspondingcuboidis processed.An entry is setto
1 if thecorrespondingtupler is aBSTon thethede�-
nition of currentcuboid.

2. GenerateCandidateT upleI ndex (Algorithm 2)
constructsthe candidatetuple index for eachcuboid
. It combinesall the cuboid BST bitmap indexes of
q's child cuboids'usingthelogical operatorOR. The
resultbitmapindex is calledacandidatebitmapindex,
and an entry of value 0 indicatesthe corresponding
baserelationtupleis in thecandidatetuplesetandwill
belaterprocessed.

3. Line 6, 17 and25 in Algorithm 1 areusedto maintain
the cuboidBST bitmapindex. Line 6 simply assigns
the candidatetuple index to the cuboid BST bitmap
index of q. Line 17 setsthe correspondingbits in
thecuboidBST bitmapindex for any newly identi�ed
BSTs. Finally, line 25 saves the cuboidBST bitmap
index of q for lateruse.

Algorithm 2 GenerateCandidateTupleIndex(q)
1: Resetthecandidatetuplebitmapindex.
2: for all child cuboidp of q do
3: CombinethecuboidBSTbitmapindex of p into thecandi-

datetuplebitmapindex usinglogicaloperatorOR.
4: end for

The pruning techniqueshere progressively reducethe
numberof tuplesin eachcuboid,andresultin a signi�cant
speedupin many datasets,especiallywhenthedatasetsare
notheavily skewed.

4. CondensedCube: Heuristic algorithms

Algorithm M inC ubedescribedin the previous section
guaranteesto �nd aminimalBST-condensedcubeconstruc-
tively. However, executiontime of M inC ubeis relatively
long. In thissection,weproposetwo heuristicalgorithmsto
computeBST- andPST-condensedcube.They donotguar-
anteeto generatetheminimal condensedcube,but require
lesscomputationtime.

4.1.Bottom­Up BST­condensing

RecallLemma2.1thatabasesingletupler onSDis also
a basesingletuple on all supersetsof SD. That is, during
the computation,if we have identi�ed a basesingle tuple
in a cuboid,therewill be no needto considerthis tuple in
the cuboidswhoseGROUPBY-attributesare the superset
of the currentones.We only needto outputthe tuple asa
basesingle tuple andrecordthe relative singledimension
information.

Thecubecomputationalgorithmsproposedsofarcanbe
categorizedinto two groups,top down andbottomup. The
majordifferencebetweenthesetwo approachesis theorder
in which thecuboidsarecomputed.This canbeillustrated
by theexampleprocessingtreesshown in Figure3.
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Figure 3. Example processing trees for com­
puting a cube

As shown in Figure3(a), the top-down approachcom-
putesthebasecuboid�rst. A cuboidof n � 1 attributesis
computedfrom an n-attribute cuboid that containsall the
n � 1 attributes.Therationaleis to sharethecostof parti-
tioning and/orsorting,etc. amongcomputationsof related
cuboids.Most cubecomputationalgorithmsbelongto this
category[2, 18, 13]. Thebottom-upapproachshown in Fig-
ure 3(b) wasoriginally proposedto processso-calledice-
berg cubequeries[4]. Iceberg cubequeriesonly retrieve
thosepartitionsthatsatisfyuser-speci�ed aggregatecondi-
tions.Usingthebottom-upapproach,it is possibleto prune
off thosepartitionsthatdonotsatisfytheconditionasearly
aspossible.

BSTcondensingrequiresto identify thosepartitionswith
only onetuple, which is essentiallysimilar to the require-
mentof iceberg queries.ThealgorithmB ottomUpBST is
basicallya modi�ed versionof theoriginal BUC algorithm
proposedby BayerandRamakrishnan[4].

Algorithm B ottomUpBST (BU-BST for short) pre-
de�nes an order in which the dimensionsare processed.
Without loss of generality, we can assumethe order is
D1; D2; : : : ; DnumD ims , where numD ims is the total
numberof dimensions.For simplicity, we mapthis order
to integersfrom 1 to numD ims . During thecomputation,
the outputRec containsthe currentcubetuple, including
thedimensionattributevalues,andtheaggregatevalueand
a bitmap. The bitmapis usedto encodethe singledimen-
sioninformation,SDSET, if a tupleis abasesingletuple.

The algorithmis ratherstraightforward. The aggregate
function is �rst appliedto the entire input partition input
(line 1). If the partition containsonly one tuple, that is,
a basesingletuple is found, the bitmapis set(line 3) and
thebaserelationtuple is written out asa singletuple. The
partition will not be further processedbasedon BST prin-
ciple, asthosetuplesshouldbecondensedinto thecurrent
tuple (line 5). Otherwise,the currentcubetuple is written
outandthecomputationcontinuesusingd betweendimand
numDimsasthepartitionattribute(line 8–19).Uponreturn

Algorithm 3 BottomUpBST(input,dim)
1: Aggregate(input,outputRec);f Placesresultin outputRecg
2: if input.count==1then
3: SetBitmap(bitmap);f Recordsingledimensioninfog
4: Output(input[0],bitmap);f Outputthesingletupleg
5: return.f A basesingletupleis identi�ed, simply returng
6: end if
7: Output(outputRec);
8: for d=dimto numDimsdo
9: C=cardinality[d]

10: Partition(input,d,C,dataCount[d])
11: k=0

f For eachpartitionondimensiondg
12: for i=0 to C-1do
13: c=dataCount[d][i]
14: outputRec.dim[d]=input[k].dim[d]

f Recursively computecuboidstartingfrom next dimen-
siong

15: BottomUpBST(input[k. . . k+c],d+1)
16: k+=c
17: end for
18: outputRec.dim[d]=ALL
19: end for

from Par tition () (line 10), dataCountcontainsthe num-
berof tuplesfor eachdistinctvalueof thed dimension.The
innerFORloop (line 12–17)iteratesthroughthepartitions
(i.e.,eachdistinctvalue).Eachpartitionbecomestheinput
relation in the next recursive call to B ottomUpBST that
computesthecuboidsfor dimensionsd + 1 to numD ims ,
startingfrom dimensiond+1 (line 15). Upon return from
therecursive call, wecontinuewith thenext partitionof di-
mensiond. Onceall thepartitionsareprocessed,we repeat
thewholeprocessfor thenext dimension.

BU-BST producesBST-condensedcubessinceit stops
to processa partitionwith only onetuple. Let's useanex-
ampleto illustrate.Assumethatwehave threetuples:(1, 1,
1, 10), (1, 1, 2, 10)and(2, 1, 1, 10). First,wepartitiondata
on A. The�rst partitionhastwo tuples(1, 1, 1, 10) and(1,
1, 2, 10). We output(1, *, *, 20) asa cubetuple. Next, the
partitionis partitionedonB , thecuboidtupleoutputwill be
(1, 1, *, 20). This recursive processwill produce(1, 1, 1,
10),(1, 1, 2, 10),andsoon. For secondpartitionwith asin-
gle tuple(2, 1, 1, 10), thetuple(2, 1, 1, 10) will bewritten
outasasingletupleandtheprocessingfor thepartitionwill
bestopped.Thealgorithmwill continueto processtheset
of tuplesby partitioningon B . Therefore,the cubetuples
(2, *, *, 10),and(2, 1, *, 10)will notbeproduced.

Note thatBU-BST doesnot generateall basesingletu-
ples.Themainreasonis thatit �x estheorderof dimensions
in which thecubeis generated.Therefore,if it is not prop-
erly ordered,a basesingletuple may be detectedlate and
someredundantcubetupleshave alreadybeenproduced.
Let's useanexampleto illustratethis. Assumetheinput is



two tuples:(1, 1, 1, 10) and(1, 2, 1, 10). If theprocessing
orderis AB C, we canonly identify they aresingletuples
on AB , sincetheonly partitionof A hastwo tuples.If the
partitionorderis B AC , we will immediatelydiscover that
they aresingletuplesonB . It is obviousthatthelattercase
will producelesstuple than the former one. In fact, the
numberof cubetuplesgeneratedwith thesetwo ordersis 8
and6, respectively. Tuplessuchas(*, 1, *, 10)and(*, 2, *,
10)will notbeproducedif B is processed�rst.

Thebene�t of �x edorderingis twofold. Oneis that,un-
likeM inC ube, it runsin depth-�rst fashionanddoesnottry
to �nd all possiblebasesingletuplesonany combinationof
dimensions.Therefore,it is lesstime consuming.Another
bene�t is that,wecanuseasimplemethodto codetheinfor-
mationof singledimensions:we only needto recordfrom
whichdimensions,thetuplebecomesasingletuple.

Two heuristicsfor orderingthe dimensionsfor bottom-
upcubecomputationareproposedin [4]. The�rst heuristic
is to orderthedimensionsbasedon decreasingcardinality.
The secondheuristicis to order the dimensionsbasedon
increasingmaximumnumberof duplicates.Whenthedata
is not skewed, the two heuristicsareequivalent. For some
real dataset,small differencehasbeenfound. In our im-
plementation,weorderthedimensionsbasedondecreasing
cardinality. Therationaleis that,with highercardinalityand
�x ednumberof tuples,theprobabilityof a tuplebeingsin-
gletuplebecauseof theattributeishigher. Aswementioned
earlier, it hadbetterto �nd suchtuplesasearlyaspossible.

4.2.Reorderedbottom­up BST­condensing

As illustratedin thediscussionaboutalgorithmBU-BST,
dimensionorderin which thecomputationproceedsaffects
theeffectivenessof BST-condensing.Althoughtheheuris-
tics suchasdecreasingorderof cardinalityprovide reason-
able performanceto certainextent, someother orderings
might bemoreeffective. However, it is not easy, if not im-
possible,to �nd theoptimalordering.

Two observationsleadto aheuristicalgorithm,reordered
bottom-upBST condensing,presentedin this subsection.
First, a gooddimensionordercanreducethe sizeof cube
dramatically. As experimentalresultspresentedin next sec-
tion indicated,suchreductioncanbe ashigh as80–90%.
Second,the major cost of cube computationis the I/O
cost for writing out the results. As such,we may want to
computethe cubeto gathersomestatisticswithout output.
Basedonsuchstatistics,weorderthedimensionstoactually
computethecondensedcube.It is hopedthat theoverhead
for the �rst computationwill be smallerthanthe I/O cost
saving. Furthermore,if the characteristicsof a datasetdo
not change,it might beworthwhileto �nd a betterordering
with certainamountof costs.

The algorithm, ReorderedBottomUpBST is a two

Algorithm 4 ReorderedBottomUpBST(input,dim)
1: Order dimensionsin their decreasingorder of cardinality;

f RunBottomUpBSTto �nd the involvedcountsfor eachdi-
mensiong

2: involvedCnt= BottomUpBST2(input,1);
3: Reorderdimensionsin theirdecreasingorderof involvedCnt;
4: involvedCnt= BottomUpBST(input,1);

phasealgorithmasshown in Algorithm 4. In the�rst phase,
dimensionsareorderedbasedon their cardinality. A modi-
�ed versionof B ottomUpBST, B ottomUpBST2 is exe-
cuted.It identi�es thesingletuples,andrecordthenumber
of occurrenceof eachdimensionin thesingledimensionsof
identi�ed singletuples.We namethis numberthe involved
count. Thenthe dimensionsareorderedin the decreasing
orderof their involved count. The actualcondensedcube
is obtainedby executingB ottomUpBST again. The ra-
tionale for using the involved count is that the more time
a dimensionis involved in the generatedsingletuples,the
higherchancethedimensionis amongthe�rst few dimen-
sionsof theSDs of singletuples.

Experimentsconductedindicatethat theheuristicis ac-
tually quite effective. For certaindataset,it can �nd the
orderby which thecondensedcubeproducedis closeto the
minimalBST-condensedcube.

5. An experimental study

To assesstheeffectivenessof thecondensedcubein size
reductionaswell asits effectsondatacubecomputation,an
experimentalstudyhasbeenconducted.In this section,we
presentsomeof theresults.

All experimentsareconductedon anAthlon 900HzPC
with 256MRAM, 20Gharddisk. Therearethreeclassesof
datasetsusedin theexperiments.The�rst two aresynthetic
datasetswith uniform and Zipf distribution. The other is
the real datasetscontainingweatherconditionsat various
weatherstationson land for September1985 [13]. This
weatherdatasetwas frequently usedin recentdata cube
computationexperiments[13, 4, 14].

Theeffectivenessof condensingcanbemeasuredby the
ratio betweenthesizeof a condensedcubeandthesizeof
thenon-condensedcompletecube. Thesizecanbeof two
meanings,oneis thenumberof tuplesandthe otheris the
actualsize in bytes. We namethem tuple ratio and size
ratio, respectively. Relatively speaking,tuple ratio seems
to beabettermeasurewith thefollowing reasons:

� Although a condensedcube introducessome space
overheadto storeinformationaboutsingledimensions,
theoverheadshouldnot be too high. Intuitively, each
SD“removes” at leastone cube tuple (thoughsome
cubetuplesmayberemovedby morethanonesingle
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Figure 4. Effectiveness of BST­condensing

tuple).Thesizeof oneSDshouldbemuchsmallerthan
thesizeof a tuple.Therefore,thetupleratioshouldbe
alsoagoodindicationof sizeratio.

� Usually, indexeswill be built on datacubesto facili-
tatequeries.Thesizeof anindex is directly relatedto
numberof cubetuples,ratherthan the actualsize in
bytes.Low tuple ratio meanssmallnumberof tuples,
hencesmall indexes.

5.1.Effectivenessof condensing

The �rst setof experimentsstudiesthe effectivenessof
condensing.Syntheticdatasetswereused.Thenumberof
tuplesin baserelationwas�x ed to 1M tuples,which were
randomlygeneratedbasedonuniformdistribution. Wevar-
ied the numberof CUBE BY-attributesfrom 2 to 10. The
cardinalityof all attributesweresetto thesame.We report
two setsof results,cardinalityequals100,and1000in Fig-
ure4(a),and4(b), respectively.

Table 2. Tuple ratios (D = 10)
Cardinality BU-BST MinCube

100 22.80% 3.71%
1000 10.48% 1.30%

In Table2, we show the tuple ratiosof condensedcube
generatedby two differentalgorithms:M inC ube, andBU-
BST. Severalobservationscouldbemadefrom theresults:

� Theproposedcondensingapproachcaneffectively re-
ducethesizeof a datacube.As shown in Table2, for
a 10-dimensiondatacube,a minimal BST-condensed
cubeonly haslessthan2% of the tuplescomparedto
the completecube. Even using heuristicalgorithms,
thecondensedcubehasonly about10%tuples.

� The tuple ratio decreaseswhenthe numberof CUBE
BY-attributes and cardinality of attributes increase.
With �x ednumberof tuples,increasesin eitherCUBE
BY-attributesor cardinalityof attributeraisetheprob-
ability of a tuplebeingasingletuple.

� As expected,M inC ube producessmallercubethan
BU-BST. This is becauseBU-BST doesnot guarantee
minimality, asM inC ubedoes.
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5.2.Sparsity and skewness

The secondsetof experimentsinvestigatesthe impacts
of sparsityanddataskew.

To createdifferentdegreesof sparsity, we�x edthenum-
berof dimensions(D = 6) andthecardinalityof eachdi-
mension(C = 100 for all the dimensions),andvariedthe
numberof tuplesfrom 1,000to 1,000,000with uniformdis-
tribution. Theresults,tupleratioof cubesgeneratedby two
algorithmsarepresentedin Figure5(a). In general,the tu-
ple ratio decreaseswith theincreaseof sparsity. This trend
is alsopartially revealedin thepreviousexperimentswhere
datacubesbecomesparseimplicitly.

To studytheeffectsof dataskew, we generateddatasets
of 1M tuplesfollowing theZipf distribution with different
Zipf factors.A Zipf factorof 0 meansthat thedatais uni-
formly distributed. By increasingthe valueof Zipf factor,
we increasethe skew in the distribution of distinct values
in thedatasets.TheZipf factorusedrangesfrom 0.0 to 3.0
with 0.5 interval.

Figure5(b)plotsthetupleratio for two algorithmsunder
varying degreeof skew. The tuple ratios of all the algo-
rithmsincreasewith theZipf factor. It is expectedthattuple
ratio will increaseas skew increases.The reasonis that,
with high skew, therewould befewer singletuplesandthe
sizeof thecompletedatacubealsodecreasesdramatically.

5.3. Experiments with real­world data: The
weatherdata

The third set of experiments were conducted on
a real-world dataset, the weather dataset. The data
set contains 1,015,367tuples (about 27.1MB). The at-
tributesareasfollows with cardinalitieslisted in parenthe-
ses: station-id(7037), longitude(352), solar-altitude(179),
latitude(152), present-weather(101), day(30), weather-
change-code(10), hour(8), andbrightness(2). We generate
8 datasetswith 2 to 9 dimensionsby projectingtheweather
dataseton the�rst k dimensions(2 � k � 9).

M inC ube algorithm and the two heuristicalgorithms
were executedduring the experiment. Algorithm BU-
BSTusesthedimensionorderby thedecreasingcardinality
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Figure 6. Experiments with weather dataset

heuristic.Algorithm RBU-BST �rst runsBU-BSTwith the
decreasingcardinalitydimensionorderandthenrunsBU-
BSTagainwith theorderdeterminedby theinvolvedcount
heuristic. For example,if we usethe cardinality to name
the 9 dimensions,the decreasingcardinalityheuristicwill
give theorderof (7037,352,179,152,101,30,10,8, 2) for
the9-dimensionweatherdataset,while our involvedcount
heuristicsuggeststhe order of (30, 7037, 179, 101, 352,
152,10,8, 2).

Figure6(a)shows thetupleratio for thecubesgenerated
by eachof thealgorithms.We canseethatM inC ubeand
RBU-BSToutperformBU-BST, while M inC ubeis still the
bestin termsof thetupleratio. Thetupleratiosfor all theal-
gorithmswith the9 dimensiondatasetarelistedin Table3.

Table 3. Tuple ratios (weather dataset with
D = 9)

Algorithm Tuple Ratio

BU-BST 41.13%
RBU-BST 32.62%
MinCube 24.09%

Figure6(b) shows the runningtime for eachalgorithm
without writing out the result. RBU-BST requiresapprox-
imately double time of that of BU-BST since it actually
runsBU-BST twice. As will be shown later, the tradeoff
of this additional time resultsin a decreasein the output
size, which is bene�cial if we really write out the result.
M inC ube's runningtime almostdoubleswith eachincre-
mentof thenumberof dimensions.Therunningtime with
writing out theresultis discussedin Section5.4.

5.4.ReorderedBU­BST

Thelastsetof experimentsinvestigatestheperformance
of algorithmsusingsingletuple condensingby comparing
RBU-BST with a well-known fastalgorithmBUC [4]. The
experimentwasrepeated7 timeswith thenumberof dimen-
sionsvaryingfrom 3 to 9.

Figure7(a)showstheexecutiontimeusedfor eachdata-
setswith different numberof dimensions. It can be seen
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thatRBU-BST outperformsBUC algorithm. For example,
RBU-BSTtakesabout42.09%of therunningtimeof BUC.
This is mainly becausetheperformanceof datacubecom-
putationalgorithmis largely dominatedby the I/O time of
writing out thecube.RBU-BST writesout a muchsmaller
condensedcubethantheBUC algorithmwhichwritesouta
hugecompletecube.

Recall that we mentionedanothersize ratio at the be-
ginningof thissection,theratioof actualsizein bytes.Fig-
ure7(b)showsthetupleratioandtheactualsizeratio. It can
beseenthey areverycloseto eachother, whichjusti�ed our
choiceof usingtupleratioasametricin theexperiment.

6. Relatedwork

Thework reportedin this paperis inspiredby datacube
computationalgorithmsproposedin recentyears,suchas
PipeSort, PipeHash,Overlap, ArrayCube, PartitionCube
andBottomUpCube[2, 18, 13, 4], in particular, the work
by BayerandRamakrishinan[4]. Sincethosealgorithms
arewell noted,andwewill not repeatherein detail.

Techniquesdirectlyrelatedto sizereductionincludedata
compression,a classicaltechnique. However, datacom-
pressionin relationaldatabasesis not thatpopular. [9] gives
a wide discussionon impactof compressiontechnologyin
databasefrom anarchitecturalview, with mainemphasison
thechoiceof algorithms.In the�eld of statisticaldatabase,
transposedtable is usedand [17] further takes the advan-
tageof encodingattribute valuesusinga small numberof
bits to reducethestoragespace.Run lengthencodingwas
alsoproposedto compresstherepeatingsub-sequencesthat
arelikely to occurin theleastrapidlyvaryingcolumns.Var-
iouscompressiontechniquesarealsoadoptedin the�eld of
MOLAP, mainly to handlethesparsityissue[18, 11].

Approximatequeryprocessingcanbeviewedasa tech-
niquethat addressesthe sizeproblemfrom anotherangle,
which is especiallypopular in the data warehouseenvi-
ronment. [6] arguesthe importanceof the synopsisdata
structures.Characterizedby their substantiallysmallsizes,
synopsisdatastructurescanef�ciently provideapproximate
query resultsin many applications. The statisticalmeth-
ods and modelsusedfor the purposeof fast approximate



queryansweringin thedatawarehouseenvironmentinclude
wavelet[16], multivariatepolynomials[3], mixedmodelby
multivariateGaussians[15], histogram[12], sampling[1],
etc.

Severalspecializeddatastructuresfor fastprocessingof
specialtypesof querieswere also proposed. Pre�x sum
andrelative pre�x summethods[5] areproposedto answer
range-sumqueriesusinga largepre-computedpre�x cube.
Morerecently, thehierarchicalcompactcubeis proposedto
supportrangemaxqueries[10].

7. Conclusions

In this paper, we proposeda new approachto reducing
thesizeof adatacube,andhenceits computationtime. The
approachexploresthe propertiesof singletuplesso that a
numberof tuplesin acubecanbecondensedinto onewith-
out lossof any information.A simpleoperationcanexpand
a condensedtuple to all the “hidden” cubetuplesit repre-
sents. Thereis no overheadfor decompressionor further
aggregation. A novel condensingscheme,namelythebase
singletuple(BST)condensing,is introduced.An algorithm
thatcomputesa minimal BST condensedcubeis proposed.
Heuristicalgorithmsfor computingBST condensedcubes
arealsopresented.Experimentalresultsindicatethat, the
tuple reductionratio couldbevery high for uniformly dis-
tributedsyntheticdata.For highly skeweddataanda real-
world dataset, the reductionratecanalsoreach70–80%.
Sincethemajorcostof cubecomputationis theI/O costfor
writing out thecubetuples,thegreatreductionof cubesize
leadsto ef�cient cubecomputationaswell.

This paper, limited by space,concentrateson the basic
concepts,de�nitions, andcomputationof theproposedcon-
densedcube.We deliberatelyleave out a numberof related
issuesthat require lengthy discussions,which will be in-
cludedin thefull versionof thispaper.

Theconceptof condensedcubeintroducesseveral inter-
estingissuesfor thefutureresearch.First, in termsof stor-
ing the condensedcube,we may also considerto detach
thesingledimensioninformationfrom thetuples,andstore
them at different areas. In this way, the schemaof cube
doesnot needto change. The SDSETinformationwill be
accessedonly whenit is needed.Second,weaimto develop
somequeryevaluationandoptimizationtechniquesso that
the sizebene�t of condensedcubescanbe fully explored.
Third, we will study reorganizing an existing cubeinto a
condensedone,which might bemostbene�cial for certain
applicationswhereupdateis infrequentandcompletecubes
areavailable.

As a summary, we believe that cube condensingis a
promisingapproachto supportingef�cient on-line analyt-
ical processing.With theframework speci�edin thispaper,
asetof researchissueshasbeenidenti�ed. Wearecurrently

furtheraddressingthoseissuesandaimingatdevelopingan
ef�cient OLAP serverbasedonsuchanew structure.
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