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Abstract

Pre-computedlata cubefacilitatesOLAP (On-Line An-
alytical Processing)lt is a well-knownfact that data cube
computationis an expensiveopeimtion, which attracts a
lot of attention. While mostproposedalgorithmsdevoted
themselveso optimizingmemorymanaementand reduc-
ing computatiorcosts)essworkaddresse®neof thefunda-
mentalissues:the sizeof a datacubeis huge whena large
baserelationwith a large numberof attributesis involved.
In thispaperweproposea new conceptcalleda condensed
datacube Thecondensedubeis of mud smallersizeof
a completenon-condensedube More importantly it is a
fully pre-computeadtubewithout compession,and, hence
it requires neither decompessionnor further aggregation
whenansweringgueries.Several algorithmsfor computing
condensedatube are proposed. Resultsof experimentson
the effectivenes®sf condensedatacubeare presentedys-
ing bothsynthetiandreal-worlddata. Theresultsindicate
thatthe proposedcondensedubecanreduceboththe cube
sizeandtherefore its computatiortime

1. Intr oduction

In orderto effectively supportdecisionsupportqueries,
anew operatof CUBE BY, wasproposed7]. It is a multi-
dimensionalextension of the relational operator GROUP
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BY.! The CUBE BY operatorcomputesGROUPBY corre-
spondingto all possiblecombinationsof attributesin the
CUBE BY clause.

It is obviousthat CUBE BY is anexpensie operatorand
its resultis extremelylarge, especiallywhenthe numberof
CUBE BY attributesandthe numberof tuplesin the base
relationarelarge. GivenabaserelationR with n attributes,
the numberof tuplesin a k-attribute cuboid(GROUPBY),
0 k n,isthenumberof tuplesin R thathave distinct
attribute valueson the k-attributes. The size of a cuboidis
possiblycloseto thesizeof R. Sincethe completecubeof
R consistof 2" cuboidsthesizeof theunionof 2" cuboids
is muchlarger thanthe size of R. Consequentlythe I1/0O
costevenfor storingthe cuberesulttuplesbecomesiomi-
native asindicatedin [13, 4]. The hugesizeof a datacube
makes datacube computationtime-consuming. Although
the cheapandhigh volume memorychipsare available, it
is dif cult to hold thewhole datacubeof alargerelationin
themainmemory

Althoughissuegelatedto the sizeof datacubeshave at-
tractedthe attentionof researchersndvariousalgorithms
have beendevelopedaiming at fast computationof large
sparsalatacubeq?2, 18, 13, 4], relatively fewer paperson-
centratedon solving the compleity problemof datacube
computatiorfrom its root: reducingthe sizeof a datacube

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

1The GROUPBY operatoy rst, partitionsa relationinto groupsbased
onthevaluesof theattributesspeci edin the GROUPBY clause andthen
appliesaggreationfunctionsto eachof suchgroups.



ples, into one physical tuple. Taking an extreme case
as an example. Let relation R have only one single

tuple r(az;ag;:::;an;m). Then, the data cube for R
will have 2" tuples,(az; az;:::;an; Vi), (az; ;:::; Vo),
(a2 ;i 5Va), (5 5iii; 5 Vm),wherem = 2.2

Sincethereis only onetuplein relationR, we have V; =
V, = = Vi = agor(r). Therefore,we only needto
physically storeonetuple (a1;az;::;;an; V), whereV =
agor (r), in the cubetogetherwith someinformationindi-
catingthatit is arepresentatie of asetof tuples.For queries
on ary cuboid,we canreturnthevalueV directly without
the needof further aggreation. Thatis, for this example,
thecubefor R with 2" tuplescanbe condenseihto onetu-
ple. In generaltuplesfrom differentcuboidsin a cube that
areknown beingaggreatedfrom thesamesetof tuples,can
be condensedo onetuple.

Comparedo therelatedapproachegroposedn thelit-
eratureacondensedubehasthefollowing uniquefeatures.

A condensedtubeis not compessed. Although the
sizeof a condensedubeis smallerthanthe complete
cube, it is not compressed.It doesnot require de-
compressiorwhenthe condenseaubeis usedto an-
swerqueries.Hence,no extra overheadwill beintro-
duced.

A condensedubeis a fully computectube It is dif-
ferentfrom thoseapproacheshatreducethe sizeof a
datacubeby selectvely computingsome,but not all,
cuboidsin the cube. Therefore no furtherapplication
of aggreation functionis requiredwhena condensed
cubeis usedto answermueries.

A condensectube provides accurate aggregate val-
ues. It is different from those approacheghat re-
ducethecubesizethroughapproximatiorwith various
forms, suchaswavelet[16], multivariatepolynomials
[3], mixed modelby multivariateGaussian$l5], his-
togram[12], sampling[1] andothers[8].

A condensectube supportsgeneal OLAP applica-
tions. It is differentfrom thoseproposalgo reducethe
sizeof a cubeby tailoring it to only answeringcertain
typesof querieq10].

Contritutions of our work can be summarizedas fol-
lows: We introducedthe conceptof condensedubewhich
cangreatlyreducethesizeof adatacubewithoutadditional
gueryoverhead.A condensingschemenamely basicsin-
gletuple(BST) condensings proposedSeveralalgorithms
have beenproposedto ef ciently computethe condensed
cube.We shaw theeffectivenesf theproposedlgorithms
with experimentresultsusingboth syntheticandreal-world
data.

Theremaindeiof the paperis organizedasfollows. Sec-
tion 2 givesthe motivationsand de nitions of condensed

2 representshespecialvalueALL.

cube.Section3 present®ur algorithmto computethe con-
densedcube. Section4 presentsthe two heuristic algo-
rithms for fastcondenseadubecomputing. The effective-
nessof our algorithms basedn the experimentsrom both
syntheticdataandreal dataset, is presentedn Section5.
We discusgherelatedwork in Section6. Finally, Section7
concludeghe paperanddiscusseuturework.

2. CondensedCube: Preliminaries and de ni-
tions

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

2.1.Relation and data cube

The CUBE BY operator{7] is an n-dimensionalgener
alizationof therelational GROUPBY operator For a base

onemeasurattribute M , the completedatacubeof R (de-
notedas Q(R)) on all dimensionsis generatecby CUBE

BYs on eachdifferent subsetof the n dimensionset. We
referto eachGROUPBY asa cuboid[13]. Thecuboidon
all n attributesis calledbasecuboid

Theintroductionof a specialvalue ALL makesthe data
cuberesultcompatiblewith the schemaof the baserelation
R by extendingthedomainof eachdimensiorattributewith
ALL. Suchtuplesin thecompletecubearereferredto asthe
cubetuples

In this paper we will userelationR(A; B; C; M) with

ve tuplesin Figure 1(a) as a running example. R has
threedimensionattributes: A; B and C, andone measure
attribute M. The aggr@ate function usedis SUM. The
completecubeis shovn in Figure 1(b), wherewe use* to
denotethe specialvalue ALL. Thereare 30 tuplesin the
completecube,eachof which belongsto one of the eight
cuboids ABC,AB,AC, BC,A, B, C,andALL, asdenotedn
the Cuboid column.

Cuboidsin a cubearerelatedto eachotherto form a
lattice. The cuboid lattice for this 3-dimensionahttribute
relationis shaovn in Figure 1(c). The nodesin the lattice
are cuboids. An arronv betweentwo cuboidsmeansthat
one cuboidcanbe computedrom the other For example,
cuboidsonAB , AC, andB C canbecomputedrom cuboid
ABC.

Withoutlosing generality we assumein this paper that
D;:::Dp functionally determinesM . In otherwords,we
assumehatthe baserelationis in factthe sameasthebase
cuboid,thecuboidon n attributes.We canalwayscompute
thebasecuboid rst if the original relationdoesnot satisfy
the condition.



TID] Cuboid A B C M
1[ALC * * * 360)
2[ABC 0 1 1 50
D] A B C M A 5 =5
4 0 1 1 50 2[AB 0 1 50)
2 1 1 1 100 5[AC 0 T 50)
3| 2 3 1 59 6|ABC 1 1 1 100)
A 4 5 1 70 A T o0
5 6 5 2 89 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]8 * 3 60
15]BC * 3 1 60
(A,B,C) 16[ABC 4 5 1 70]
17[A 4 70
18]AB 4 5 70
19]AC 4 1 70
(A.B) A0 ®.0) 20[ABC 6 5 2 80|
21[A 6 * * 80
22|AB 6 5 * 80
23[AC 6 * 2 80
) B) © 24]C * * 2 80
[25[BC * 5 2 80}
26]B * 1 * 150}
27| * 5 * 150}
ALL 28[C * * 1 280}
29]BC 1 1 150}
30BC 5 1 70
© (b)

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

2.2.BST: Basesingletuple

Tuplesin a cube are grouped(partitioned)and aggre-
gatedfrom tuplesin the baserelation. For thecubeQ (Fig-
ure 1(b)) andthe baserelation R (Figure 1(a)), the cube
tuples,Qs, Qo6 andQ,g areaggregatedfrom the partitions,
fR1g, fR1; R2g, andf Ry; R2; R3; R0, whereQ; andR;
aretuplesin Q andR with TID = i, respectiely. In gen-
eral,therearealargenumberof baserelationtuplesin each
of suchpartitions,especiallyin cuboidswith a smallnum-
ber of attributes. However, thereexist suchpartitionsthat
containonly onetuple. We namesuchspecialbaserelation
tupleasabasesingletuple

De nition 2.1 (BaseSingle Tuple) Givena setof dimen-
sion attributes, SD
tuplein a partition whenthe baserelationis partitionedon
SD we saytupler is a basesingletuple on SO and SDis
calledthesingledimension®fr.

Basedon thede nition, tuple R;(0, 1, 1, 50) in our ex-
amplein Figurel is abasesingletupleon f Ag, sinceit is
the only tuplein the partition of A-valueO, whenR is par
titionedon A. On the otherhand,R; is not a basesingle
tupleonfB g, becausdothR; andR; will bein thesame
partitionof B-valuel, whenR is partitionedonB. A tuple
could be a singletuple on morethanonesingledimension
set.For example,R3 isaBST onf Ag andis alsoaBSTon
fBg. Ry andR, areBSTonA but arenoton B sincetwo
tupleswill bein thesamepartitionwhenR is partitionedon
B.

Lemma 2.1 If atupler is a basesingletupleon SO thenr
is alsoa singletuple on any supesetof SD

In our example,sincetupleR4(0, 1, 1, 50) is a basesin-
gletupleonA, it is alsoa basesingletupleonf Ag, f AB g,
fACg andf AB Cg. To representhe factthata tuple can
beabasesingletuple on differentdimensionswe associate
eachbasesingle tuple a setof SI¥, called SDSETrather
thanasingleSD Oneoptimizationbasedon Lemma2.1is
thatwe canuseonly the minimum setof S but not their
supersets.

Property 2.1 If r is a basesingle tuple on attribute sets
SDSE;Tthen cubetuplesgeneated from r in all cuboids
onSD 2 SDSEhavethe sameaggregationvalueagg, =

agor(r).

Property2.1 canbe derived directly from the de nition
of thebasesingletuple. Cubetuplesof thecuboidon SDare
obtainedby partitioningR on SD If r is abasesingletuple
on SDSE;Tit istheonly tuplein its partitionwhenrelationR
is partitionedon ary setof attributes,SD 2 SDSETThere-
fore, the aggreation function is appliedon tuple r only,
henceall cubetupleswill have the sameaggreationvalue.

Property2.1formsthe baseof the conceptof condensed
cube. For basesingletuple r, we only needto storeone
basecuboidtuple, ghase = (a1;a2;:::;an; Mpase), Where
a 6 ALL for1 i n andMpase = aggr(r), in the
condensedubephysically. Cubetuplescorrespondingo r
in anon-basecuboidon SO 2 SDSETanbe omittedfrom
the condenseatube. Whenneededthey canbe expanded
from the basecuboidtuplede ned below.

De nition 2.2 (Expand) Expand takesa basecuboidtu-
ple ghase, andits singledimensionsSDor singledimension
setsSDSEBsinput, and producesoneor a setof cubetu-
ples,respectively

E xpand(tpase; SD = gsud thatM () = M (Gpase)
andDi(q) = Di(Gase), for Di 2 SDandD;(q) =
ALL, forD; 2 SD
E xpand(tpase; SDSE
gqu = Expand(thase; SB) * SD 2 SDSEF

sp2 spseF XPand(Ghase; SR).

Example 2.1 Givena basecuboidtuplerpsse (0, 1, 1, 50)
andSDSETE ff Ag;fAB g;f ACgg, wecangenertecube
tuples(0, *, *, 50), (0, 1, *, 50),and (0, *, 1, 50), whee *
representghe specialvalueALL, by applyingthe opemator
E xpand.

It is importantto note that the operationE xpand is a
simpleoperatiorthatrequirescopying theoriginaltupleand
replacingcertainattributesvalue with a specialvalue. No
aggreationor othercomputatioris required.



2.3.BST-condenseddata cube

With thediscussiorsofar, we shav thatthereexist some
specialtuplesin arelation,the basesingletuples.For those
tuples,only onetuplein the basecuboidneedgo be stored
physically, and tuplesin other cuboidscan be generated
withoutmuchcomputationThisleadsto our new approach
to reducingthe size of a datacube: condensinghosetu-
plesthatcanbegeneratedrom basecuboidtuplesinto their
correspondindpasecuboidtuples.Sincetheprocessf con-
densings basen BST (basesingletuples) we namesuch
size-reducedubesasBST-condensedubesasde ned be-
low.

De nition 2.3(BST-CondensedCube) A BSFcondensed

). lts tuple g(tu;:::;0h; M (g); SDSET) isdenotedby
(g:t; gSDSET) for brevity, whee gt =
M (g)). For tuplesin non-basecuboids,SDSET = fg.
Tuplesin a BSFcondensedubeCQ(R) of a baserelation
R mustsatisfythe following conditions.

1. For all tuplesq in non-basecuboids,there doesnot
exist a tuple g, in the BSFcondensedubesud that
6'{ 2 Expand(o:t; q):Sg SET)

2. g,.p,m CQAR)

f q2CQ(R’) Expand(git; gSDSET)g =
whee Q(R) is thedatacubefor R.

Q(R),

The rst conditionin theabove de nition guaranteethat
the cubeis condensedbasedon BST-principle. Thatis, all
tuplesthatcanbe generatedrom the basesingletuplesare
notincludedin the condensedube. The secondcondition
guaranteeghe correctness. That is, after expansion,the
completecubefor R canbeobtained.

Figure 2(a) and 2(b) depictthe completecubefor rela-
tion R andaBST-condensedube,respectrely. We usethe
curly bracletsandarrows to denotethe setof cubetuples
in Figure2(a)thatarecondensedhto onetuplein theBST-
condenseatubeFigure 2(b). For example,tuple Q3(0, *,
*), Q4(0, 1, *) andQs(0, *, 1) arecondensednto CQ; (0,
1,1).

The abore de nition only requiresthat the complete
cubecanbereconstructedrom the basecuboidtuplesand
their storedSDSET It doesnot requireto make useof all
possiblebasesingle tupleson all their single dimensions
to condense cube. As an extremecase,we canview the
completecubeasa specialcaseof a BST-condensedube,
with the SDSETelds of all tuplesin the basecuboidsetto
fg . We attemptto reducethe sizeof adatacubeasmuchas
possiblewhichleadsto thefollowing de nition of minimal
BST-condensedube.

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

TID| Cuboid JA] B [C] M TDJA]B]C | M SDSET
TJALL | | * | 360 1J0[1] 1| 50|  {ALABLIACIIABCH
2[ABC 0] Z[1] 50 / 2[ 1] 1] 1] 100 {AL{ABL{ACI{ABC}
3[A o[ * [*] 50 3[ 23] 1| 60| _ {AL{ABL{AC}{ABC}}
4]AB 0] 1 [*] 50 425 1] 70| _ {{AL{ABL{AC}{ABC}}
5[AC 0 1| 50 5/ 65| 2| 80  {AL{ABL{AC}{ABC)
6]ABC 1] 1 [ 1] 100 6] *[3] * | 60 i
7[A 1 100 71 [3] 1] 60 i
8[AB 1] 1 100 8 *[*| 2| 80 fi
9[AC T 1] 100 o[ *[5] 2] 80 [i
10[ABC 2] 3 1] 60 10 * [1] * | 150 fi
11[A 2 60 11 * |5 150 i
12[AB 2] 3 60 12 1 | 280 i
13[AC 2] * |[1] 60 13[* [1] 1| 150 i
14[B 3 [*] 60 14[*[5] 1] 70 i
15[BC 3 [1] 60 15 360 i
16[ABC 2[5 [1] 70
17[A 4 70 (b)
18[AB A 70
19]AC 7 1] 70 TD[A]B]C [ M SDSET
20[ABC 6] 5 2] 80 10 1] 1| 50| _ {AMABLACIIABCH
21[A 6 80 2[ 1] 1] 1| 100] _ {AL{ABL{AC}{ABC}}
22[AB 6] 5 80 3[ 2] 3] 1 | 60| {{AL{B}{AB}IACL{BCIABCH
23[AC 6 2|80 4] 4[5] 1| 70| HAMABL{ACI{BCHL{ABCY
24[C * 2|80 5[ 6] 5] 2 | 80| {{AL{CH{ABI{ACL{BCI{ABC}
25[BC 5 [2] 80 6] * [1] * | 150 [i
26]B 1 [ * ] 150 71+ 5 150 fi
27]B 5 [ * [ 150 8] * [ *| 1| 280 fi
28[C * 1] 280 o[ *[1] 1| 150 i
29[BC 1[1] 150 10[ | 360 [
30[BC 5 1] 70

©
(@)

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

a BSTFcondensedube;andthere doesnotexistanytuplein
non-basecuboidsthat can be generatedfrom basedsingle
tuples.

The intuitive interpretationof the de nition is that, a
minimal BST-condensedube must make useof all base
single tuplesand their single dimensionsto condensehe
cube till no further condensingis possible. The BST-
condensedcube shavn in Figure 2(b) is not a minimal
onesincesomeof singletuple propertiesarenot explored.
For example,baserelationtuple R3 andRs are basesin-
gle tuplesnot only on f Ag, but alsoon fBg andfCg re-
spectvely. Applying this information, we obtaina BST-
condensedubeasshavnin Figure2(c). It canbeseerthat
the cubesizeis furtherreducedfrom 15to 10.

An importantproperty of the minimal BST condensed
cubeis thatthey areall equivalent,i.e., their projectionon

Theorem 2.1 All theminimalBSTFcondensedubesfare-
lation are equivalent.

The implication of Theorem?2.1 is as follows. Al-
thoughtheremight exist multiple differentminimal BST-
condensedubedor abaserelation,they shouldonly differ
onthevaluesonthe SDSETeld. Boththenumberof tuples
in the cubeandthe valuesof eachtuple in the dimension
attributesandmeasureattribute shouldbe the same.



2.4 Effectivenesof BST-condensing

In this subsectionywe brie y discusgheeffectivenesof
BST-condensingFromourexample,it is clearlyshovn that
BST-condensingcan effectively reducethe numberof tu-
plesin adatacube.Thereare30tuplesin thecompletecube
in Figure 2(a), and only 10 tuplesin the BST-condensed
cubein Figure2(c). Thesizereductionratio with respecto
thenumberof tuplesis ashigh as66.67%.

A few factorscontritute to the effectivenessof BST-
condensing.First, sincea basesingletuple on SDis also
aBST onary supersebf SD it is likely thatmorethanone
tuple will be condensednto the basesingletuple. In our
example thereare5 basesingletuples.Two of themreduce
3tupleseachandone4 tuplesandtheother5 tuplesrespec-
tively. Secondthe singletuple phenomenoris quite com-
mon. If acuboidis sparsei.e.,theproductof thecardinality
of k dimensionsgs muchlarger thanthe numberof tuples
in the baserelation, it is highly likely that mostbaserela-
tion tupleswill take up adifferentcellin thek-dimensional
space,resultingin a large numberof basesingle tuples.
For example, considera baserelation R° with 1M tuples
(following the uniform distribution), which has10 dimen-
sionsand the cardinality of eachdimensionis 1000. We
recordthe numberof single tupleson k-attribute cuboids
(I k 4)in Tablel. We canseefrom the tablethat
for mostcuboids(speci cally all k-attribute cuboidswith
k 3, which amountsto 94.53%of the 21° cuboids),on
averagemore than 99.90%tuplesare single tuples. This
indicatesthe hugepotentialbene t of applyingour single
tuple condensingechnique.

Table 1. Single tuple percentage
k-attrib ute cuboid

Percentageof singletuples

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

3. MinCube: Computing a minimal BST-
condensectube

We have seerthatsingletuplecondensinganeffectively
reducethe storedcubesize. In this section,we present
an algorithm, M inC ubg that computesa minimal BST-
condensedubefor agivenrelation.

3.1.The algorithm

M inC ubeis a constructve algorithmthatcomputeshe
minimal BST-condensedcube from a baserelation. The

main strat@y is to processeachcuboidin the cuboidlat-

tice® in abreadthrst andbottom-upfashion,andcompute
all theBSTsidenti ed on eachcuboid. It is alsooptimized
to utilize the pruningeffectivenesof BSTsto speedup the
computation.

Algorithm 1 MinCubeR)

1: Constr uctLattice (n)

2: ResetheBST bitmapindex for R.

3: for all cuboidq in thelatticein a bottom-upfashiondo

4:  GenerateCandidateT uplel ndex(q);

5. Sortthecandidateguplesaccordingo GroupByDimg).

6: Initialize thecuboidBST bitmapindex to the candidateu-
pleindex.

7:  Initialize theaccumulatofor g.

8: for all subsequertandidatdupler do

9: if r is thelasttuplein thecurrentgroupthen

10: if r is nottheonly tuplein thecurrentgroupthen

11 OutputN ormal T uple(accumulator);

12: elsefr isaBST on GroupByDim@)g

13: Setthecorrespondingntryfor r in thecuboidBST

bitmapIndex.
14: if the correspondingentryfor r in the BST bitmap
index is setthen

15: AddSD ToBST(r; GroupByDim (Q));

16: elsef If r is anewly-identi ed BSTg

17: Settheentryfor r in the cuboidBST bitmapin-

dex.

18: OutputB ST (r; GroupByDim (q));

19: endif

20: endif

21: else

22: Combiner with the accumulatorfor the aggrejate
function.

23: endif

24: endfor

25:  SavethecuboidBST bitmapindex.

26: endfor

The algorithmusesthreeclassef bitmapindexesand
eachtuple in the baserelation correspondgo 1 bit in the
index respectiely. Thethreeindexesare: BST bitmapin-
dex, candidatetuple index and cuboid BST bitmapindex.
The rst onerecordswhethera baserelationtuple hasbeen
identi ed asaBST sofar. The secondoneis built for each
cuboid and usedby the pruning optimization. Only base
relationtuplesselectedrom thisindex arefedinto the pro-
cessingof eachcuboid. The lastindex is generatedafter
processin@f eachcuboidandkeepdrackof theBSTsiden-
ti ed in thatprocess.

The initialization stepof M inC ube algorithmincludes
building the lattice for n dimensionsand initializing the
BST bitmapindex for R to O for all entries(line 1-2).

The algorithm then processesach cuboid in the lat-

3An examplelatticeis shavn in Figure1(c).



tice in a bottom-upand breadth rst manney i.e. all the
cuboidsof k GROUPBYs are processedbeforeary of the
cuboidsof k + 1 GROUPBYs canbe processedFor each
cuboid, a candidatetuple index is createdby subroutine
GenerateCandidateT uplel ndex(q) (Algorithm 2), and
the candidatetuples (with O in the correspondingentry)
form asubsebf R. Thecandidatduplesarethensortedon
the GROUPBY-attributesof cuboidq (GroupByDim (q))
(line 5). Line 6-7 initialize two data structures, a
cuboidBST bitmapindex andanaccumulator for g. The
cuboidBST bitmapindex is alsousedfor the pruningopti-
mization,andtheaccumulatoris usedto storetheaggrejate
resultof accumulateadubetuples. The sortedcandidateu-
ples are sequentiallyprocessedn groups(line 8-24). A
groupof tuplesis a setof tuplesthathave the samedimen-
sion valueson all dimensionsin GroupByDim (g). No
outputis madeuntil the lasttuple in the currentgroupis
hit. If atupler is notthelasttuplein the currentgroup,it
is simply combinedinto the accumulator(line 22). Other
wise, we judgeif it is the only tuple in the group. If so, it
isidenti ed asaBST on GroupByDimq (line 12—-20).We
further look up the BST bitmapindex for R to determine
if r isanew BST, i.e., the correspondingpit in the bitmap
is not set. A tupleis written to the outputBST-condensed
cubeby calling OutputB ST, andthe BST bitmapindex is
updatedf r is anew BST. Otherwisewe simply locateand
updatethe SDSEpartof the existing BST-condensedube
tuple correspondindo r. If r is nota BST, the contentof
theaccumulators written to the outputandthe SDSETeld
is setto fg (line 11). At last,the cuboidBST bitmapindex
is saved (line 25). The correctnessf the algorithmcomes
from thefollowing lemma.

Lemma 3.1 Algorithm M inC ube computesthe minimal
BSTcondensedubefor theinput baserelationR.

3.2.Pruning optimization

We canprogressiely reducehenumberof candidateu-
plesto beprocessedteachcuboidby pruningthosealready
identi ed basesingletuples.Lemma?2.1 stateghatif r isa
BSTonacuboidg, thenit mustalsobeaBSTonary of g's
ancestoruboids.Furthermoreit is obviousthatremoval of
r from the candidateof cuboidq® (q°is an ancestocuboid
of g) would not affect the resultof othercandidatetuples.
Therefore we caneffectively prunethe candidateuple set
asfollows:

1. We use cuboid BST bitmap indexes associatedvith
eachcuboid. Theseindexes are generatedifter each
correspondinguboidis processedAn entryis setto
1if thecorrespondingupler isaBST onthethede -
nition of currentcuboid.

2. GenerateCandidateT uplelndex (Algorithm 2)
constructsthe candidatetuple index for eachcuboid
. It combinesall the cuboid BST bitmap indexes of
g's child cuboids'usingthelogical operatorOR. The
resultbitmapindex is calleda candidatebitmapindex,
and an entry of value 0 indicatesthe corresponding
baserelationtupleis in the candidateuple setandwill
belaterprocessed.

3. Line 6,17 and25in Algorithm 1 areusedto maintain
the cuboid BST bitmapindex. Line 6 simply assigns
the candidatetuple index to the cuboid BST bitmap
index of g. Line 17 setsthe correspondingbits in
the cuboidBST bitmapindex for ary newly identi ed
BSTs. Finally, line 25 savesthe cuboid BST bitmap
index of g for lateruse.

Algorithm 2 GenerateCandidateplelnde(q)
1: Resethecandidatduplebitmapindex.
2: for all child cuboidp of gdo
3:  CombinethecuboidBST bitmapindex of p into the candi-
datetuple bitmapindex usinglogical operatorOR.
4: endfor

The pruning techniqueshere progressiely reducethe
numberof tuplesin eachcuboid,andresultin a signi cant
speedupn mary datasetsespeciallywhenthe datasetsre
notheavily skewed.

4. CondensedCube: Heuristic algorithms

Algorithm M inC ube describedn the previous section
guaranteeto nd aminimalBST-condensedubeconstruc-
tively. However, executiontime of M inC ubeis relatively
long. In this sectionwe proposdwo heuristicalgorithmsto
computeBST andPSFcondensedube.They do notguar
anteeto generatehe minimal condensedube,but require
lesscomputatiortime.

4.1.Bottom-Up BST-condensing

RecallLemma2.1thatabasesingletupler on SDis also
a basesingletuple on all superset®f SD Thatis, during
the computation,if we have identi ed a basesingletuple
in a cuboid, therewill be no needto considerthis tuplein
the cuboidswhose GROUPBY-attributes are the superset
of the currentones. We only needto outputthetuple asa
basesingle tuple and recordthe relative single dimension
information.

Thecubecomputatioralgorithmsproposedofar canbe
cateyorizedinto two groups,top down andbottomup. The
major differencebetweerthesetwo approachess the order
in which the cuboidsarecomputed.This canbeillustrated
by the exampleprocessindreesshovn in Figure3.
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Figure 3. Example processing trees for com-
puting a cube

As shawn in Figure 3(a), the top-dowvn approachcom-
putesthe basecuboid rst. A cuboidof n 1 attributesis
computedfrom an n-attribute cuboid that containsall the
n 1 attributes. Therationaleis to sharethe costof parti-
tioning and/orsorting, etc. amongcomputationsf related
cuboids.Most cubecomputatioralgorithmsbelongto this
category[2, 18, 13]. Thebottom-upapproactshavnin Fig-
ure 3(b) wasoriginally proposedo processso-calledice-
berg cubequeries[4]. Icebeg cubequeriesonly retrieve
thosepartitionsthat satisfyuserspeci ed aggreate condi-
tions. Usingthe bottom-upapproachit is possibleto prune
off thosepartitionsthatdo not satisfythe conditionasearly
aspossible.

BST condensingequirego identify thosepartitionswith
only onetuple, which is essentiallysimilar to the require-
mentof icebeg queries.ThealgorithmB ottomU pB ST is
basicallya modi ed versionof the original BUC algorithm
proposedy BayerandRamakrishnai].

Algorithm BottomUpBST (BU-BST for short) pre-

de nes an order in which the dimensionsare processed.

Without loss of generality we can assumethe order is
D1;D5;:::;Dpump ims » Where numD ims is the total
numberof dlmen5|ons. For simplicity, we mapthis order
to integersfrom 1 to numD ims. During the computation,
the outputR ec containsthe currentcubetuple, including
thedimensionattribute values,andthe aggregjatevalueand
a bitmap. The bitmapis usedto encodethe singledimen-
sioninformation,SDSETif atupleis abasesingletuple.
The algorithmis ratherstraightforvard. The aggrejate
functionis rst appliedto the entire input partition input
(line 1). If the partition containsonly one tuple, that is,
a basesingletupleis found, the bitmapis set(line 3) and
the baserelationtupleis written out asa singletuple. The
partitionwill not be further processedbasedon BST prin-
ciple, asthosetuplesshouldbe condensednto the current
tuple (line 5). Otherwise the currentcubetupleis written
outandthecomputatiorcontinuesusingd betweerdimand
numbDimsasthe partitionattribute (line 8—-19). Uponreturn

Algorithm 3 BottomUpBST (input,dim)

1: Aggregate(input,outputRec)f Placesesultin outputReg
2: if input.count==Ihen
3:  SetBitmap(bitmap)f Recordsingledimensioninfog
Output(input[0],bitmap);f Outputthe singletupleg
return.f A basesingletupleis identi ed, simply returrg
endif
Output(outputRec);
for d=dimto numbDimsdo
C=cardinality[d]
10:  Partition(input,d,C,dataCount[d])
11: k=0
f For eachpartitionon dimensiondg
12: fori=0toC-1do

eoxNoaAkm

13: c=dataCount[d][i]

14: outputRec.dim[d]=input[K].dim[d]
f Recursiely computecuboidstartingfrom next dimen-
siorg

15: BottomUpBST(inputlk .. k+c],d+1)

16: k+=c

17:  endfor

18:  outputRec.dim[d]ALL

19: endfor

from Partition () (line 10), dataCountcontainsthe num-
berof tuplesfor eachdistinctvalueof thed dimension.The
inner FOR loop (line 12—17)iteratesthroughthe partitions
(i.e., eachdistinctvalue). Eachpartitionbecomesgheinput
relationin the next recursve call to BottomUpBST that
computeghe cuboidsfor dimensiongd + 1 to numD ims,

startingfrom dimensiond+1 (line 15). Upon returnfrom

therecursve call, we continuewith the next partition of di-

mensiond. Onceall the partitionsareprocessedye repeat
thewhole procesdor the next dimension.

BU-BST producesBST-condensecatubessinceit stops
to process partition with only onetuple. Let's usean ex-
ampleto illustrate. Assumethatwe have threetuples:(1, 1,
1,10),(1,1,2,10)and(2, 1, 1, 10). First, we partitiondata
onA. The rst partitionhastwo tuples(1, 1, 1, 10) and(1,
1,2,10). Weoutput(1, *, *, 20) asa cubetuple. Next, the
partitionis partitionedon B, the cuboidtuple outputwill be
(1,1, * 20). Thisrecursve processwill produce(l, 1, 1,
10),(1,1, 2, 10),andsoon. For secondpartitionwith asin-
gletuple(2, 1, 1, 10),thetuple (2, 1, 1, 10) will bewritten
outasasingletupleandtheprocessindor the partitionwill
be stopped.The algorithmwill continueto procesghe set
of tuplesby partitioningon B. Therefore the cubetuples
(2,* * 10),and(2, 1,*, 10)will notbeproduced.

Note thatBU-BST doesnot generateall basesingletu-
ples. Themainreasoris thatit x estheorderof dimensions
in which the cubeis generatedThereforejf it is not prop-
erly ordered,a basesingletuple may be detectedate and
someredundantcubetuples have alreadybeenproduced.
Let's useanexampleto illustratethis. Assumetheinputis



two tuples: (1, 1, 1, 10)and(1, 2, 1, 10). If the processing
orderis AB C, we canonly identify they aresingletuples
on AB, sincetheonly partitionof A hastwo tuples. If the
partitionorderis BAC, we will immediatelydiscover that
they aresingletuplesonB. It is obviousthatthelattercase
will producelesstuple thanthe former one. In fact, the
numberof cubetuplesgeneratedvith thesetwo ordersis 8
and6, respectiely. Tuplessuchas(*, 1,*, 10)and(*, 2, *,
10) will notbeproducedf B is processedst.

Thebene t of x edorderingis twofold. Oneis that,un-
like M inC ube it runsin depth- rstfashioranddoesnottry
to nd all possiblebasesingletuplesonarny combinationof
dimensions.Therefore,t is lesstime consuming.Another
bene tisthat,we canuseasimplemethodo codetheinfor-
mationof singledimensionswe only needto recordfrom
which dimensionsthetuplebecomes singletuple.

Two heuristicsfor orderingthe dimensiongor bottom-
up cubecomputatiorareproposedn [4]. The rst heuristic
is to orderthe dimensionshasedon decreasingardinality
The secondheuristicis to orderthe dimensionshasedon
increasingnaximumnumberof duplicates.Whenthe data
is not skewed, the two heuristicsare equivalent. For some
real datasetsmall differencehasbeenfound. In our im-
plementationye orderthedimensiondbasen decreasing
cardinality Therationaleis that,with highercardinalityand
x ednumberof tuples,the probability of atuple beingsin-
gletuplebecausef theattributeis higher Aswementioned
earlier it hadbetterto nd suchtuplesasearlyaspossible.

4.2.Reordered bottom-up BST-condensing

Asillustratedin thediscussioraboutalgorithmBU-BST,
dimensionorderin which the computatiorproceedsffects
the effectivenessof BST-condensing Althoughthe heuris-
tics suchasdecreasingrderof cardinalityprovide reason-
able performanceto certainextent, someother orderings
might be moreeffective. However, it is not easyif notim-
possibleto nd theoptimalordering.

Two obsenationsleadto aheuristicalgorithm,reordered
bottom-upBST condensing presentedn this subsection.
First, a good dimensionordercanreducethe size of cube
dramatically As experimentakesultspresentedh next sec-
tion indicated,suchreductioncan be as high as 80-90%.
Second, the major cost of cube computationis the 1/0
costfor writing out the results. As such,we may wantto
computethe cubeto gathersomestatisticswithout output.
Baseddnsuchstatisticswe orderthedimensiongo actually
computethe condensedube. It is hopedthatthe overhead
for the rst computationwill be smallerthanthe I/O cost
saving. Furthermorejf the characteristicof a datasetdo
not changejt might beworthwhileto nd abetterordering
with certainamountof costs.

The algorithm, ReorderedBottomU pBST is a two

Algorithm 4 ReorderedBottomUpBST (input,dim)

1: Order dimensionsin their decreasingorder of cardinality;
f RunBottomUpBSTto nd theinvolved countsfor eachdi-
mensiory

2: involvedCnt= BottomUpBST2(inputl);

. Reorderdimensionsn their decreasingrderof involvedCnt;
4: involvedCnt= BottomUpBST (input.l);

w

phasealgorithmasshawn in Algorithm 4. In the rst phase,
dimensionsareorderedbasedon their cardinality A modi-
ed versionof B ottomUpBST, B ottomU pBST 2 is exe-
cuted. It identi es the singletuples,andrecordthe number
of occurrencef eachdimensiorin thesingledimension®of
identi ed singletuples. We namethis numbertheinvolved
count Thenthe dimensionsare orderedin the decreasing
order of their involved count. The actualcondenseaube
is obtainedby executingB ottomUpBST again. Thera-
tionale for usingthe involved countis thatthe moretime
a dimensionis involved in the generatedingletuples,the
higherchancethe dimensionis amongthe rst few dimen-
sionsof the SB3 of singletuples.

Experimentsconductedndicatethat the heuristicis ac-
tually quite effective. For certaindataset,t can nd the
orderby which the condensedubeproduceds closeto the
minimal BST-condensedube.

5. An experimental study

To assestheeffectivenes®f thecondensedubein size
reductionaswell asits effectson datacubecomputationan
experimentalktudyhasbeenconductedin this section,we
presensomeof theresults.

All experimentsare conductedn an Athlon 900HzPC
with 256M RAM, 20G harddisk. Therearethreeclasse®f
datasetsisedin theexperimentsThe rst two aresynthetic
datasetswith uniform and Zipf distribution. The otheris
the real datasetxontainingweatherconditionsat various
weatherstationson land for September1985[13]. This
weatherdatasetwas frequently usedin recentdata cube
computatiorexperimentq13, 4, 14].

The effectivenesof condensinganbe measuredby the
ratio betweenthe size of a condensed¢ubeandthe size of
the non-condensedompletecube. The size canbe of two
meaningspneis the numberof tuplesandthe otheris the
actualsize in bytes. We namethemtuple ratio and size
ratio, respectiely. Relatvely speaking tuple ratio seems
to beabettermeasurevith thefollowing reasons:

Although a condensedcube introducessome space
overheado storeinformationaboutsingledimensions,
the overheadshouldnot be too high. Intuitively, each
SD“removes” at leastone cubetuple (thoughsome
cubetuplesmay be removed by morethanonesingle
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tuple). Thesizeof oneSDshouldbemuchsmallerthan
thesizeof atuple. Thereforethetupleratio shouldbe
alsoagoodindicationof sizeratio.

Usually, indexeswill be built on datacubesto facili-
tatequeries.Thesizeof anindex is directly relatedto
numberof cubetuples,ratherthanthe actualsizein
bytes. Low tuple ratio meanssmallnumberof tuples,
hencesmallindexes.

5.1.Effectivenessf condensing

The rst setof experimentsstudiesthe effectivenessof
condensing Syntheticdatasetswere used. The numberof
tuplesin baserelationwas x edto 1M tuples,which were
randomlygeneratedbasecbn uniform distribution. We var-
ied the numberof CUBE BY-attributesfrom 2 to 10. The
cardinalityof all attributesweresetto the same.We report
two setsof resultscardinalityequals100,and1000in Fig-
ure4(a),and4(b), respectiely.

Table 2. Tuple ratios (D = 10)

Cardinality BU-BST MinCube
100 22.80% 3.71%
1000 10.48% 1.30%

In Table 2, we shav thetuple ratiosof condensedube
generatedby two differentalgorithms:M inC ube andBU-
BST. Severalobsenationscouldbe madefrom theresults:

The proposedtondensing@pproactcaneffectively re-
ducethe sizeof adatacube.As shavn in Table2, for
a 10-dimensiordatacube,a minimal BST-condensed
cubeonly haslessthan2% of the tuplescomparedo
the completecube. Even using heuristicalgorithms,
thecondensedubehasonly about10%tuples.

The tuple ratio decreasesvhenthe numberof CUBE
BY-attributes and cardinality of attributes increase.
With x ednumberof tuples,increasesn eitherCUBE
BY-attributesor cardinalityof attribute raisethe prob-
ability of atuplebeingasingletuple.

As expected,M inC ube producessmallercubethan
BU-BST. Thisis becausé8U-BST doesnot guarantee
minimality, asM inC ubedoes.
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5.2.Sparsity and skewness

The secondsetof experimentsinvestigatesthe impacts
of sparsityanddataskew.

To createdifferentdegreesof sparsitywe x edthenum-
ber of dimensiongdD = 6) andthe cardinality of eachdi-
mension(C = 100for all the dimensions)andvariedthe
numberof tuplesfrom 1,000to 1,000,000with uniformdis-
tribution. Theresults tupleratio of cubesgeneratedby two
algorithmsare presentedn Figure5(a). In general the tu-
ple ratio decreasewith theincreaseof sparsity This trend
is alsopartially revealedin the previous experimentsvhere
datacubeshecomesparsamplicitly.

To studythe effectsof dataskew, we generatedlatasets
of 1M tuplesfollowing the Zipf distribution with different
Zipf factors. A Zipf factorof 0 meanghatthe datais uni-
formly distributed. By increasingthe value of Zipf factor
we increasethe skew in the distribution of distinct values
in the datasetsThe Zipf factorusedrangesrom 0.0to 3.0
with 0.5interval.

Figure5(b) plotsthetupleratiofor two algorithmsunder
varying degree of skew. The tuple ratios of all the algo-
rithmsincreasewith theZipf factor It is expectedhattuple
ratio will increaseas skaw increases.The reasonis that,
with high skew, therewould be fewer singletuplesandthe
sizeof the completedatacubealsodecreasedramatically
The

5.3. Experiments with real-world data:

weather data

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 cardinalitieslistedin parenthe-
ses: station-id7037), longitud€352), solar-altitude(179),
latitude(152), present-weathdéi01), day30), weather
change-codé€10), hour(8), andbrightnes$§2). We generate
8 datasetsvith 2 to 9 dimensionsy projectingtheweather
datasebnthe rst k dimensiong2 k 9).

M inC ube algorithm and the two heuristic algorithms
were executed during the experiment. Algorithm BU-
BST useghedimensiornorderby thedecreasingardinality
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heuristic.Algorithm RBU-BST rst runsBU-BST with the
decreasingardinality dimensionorderandthenruns BU-
BST agnin with the orderdeterminecy theinvolved count
heuristic. For example,if we usethe cardinalityto name
the 9 dimensionsthe decreasingardinality heuristicwill
givetheorderof (7037,352,179,152,101,30, 10, 8, 2) for
the 9-dimensiorweatherdataset,while our involved count
heuristic suggestgshe order of (30, 7037,179, 101, 352,
152,10,8, 2).

Figure6(a)shavsthetupleratio for thecubesgenerated
by eachof the algorithms. We canseethatM inC ubeand
RBU-BST outperformBU-BST, while M inC ubeis still the
bestin termsof thetupleratio. Thetupleratiosfor all theal-
gorithmswith the 9 dimensiondatasetrelistedin Table3.

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

Algorithm Tuple Ratio
BU-BST 41.13%
RBU-BST 32.62%
MinCube 24.09%

Figure 6(b) shavs the runningtime for eachalgorithm
without writing out the result. RBU-BST requiresapprox-
imately double time of that of BU-BST sinceit actually
runs BU-BST twice. As will be shavn later, the tradeof
of this additionaltime resultsin a decreasen the output
size, which is bene cial if we really write out the result.
M inC ubés runningtime almostdoubleswith eachincre-
mentof the numberof dimensions.The runningtime with
writing outtheresultis discussedh Section5.4.

5.4.Reordered BU-BST

Thelastsetof experimentsnvestigatesthe performance
of algorithmsusingsingletuple condensingy comparing
RBU-BST with awell-known fastalgorithmBUC [4]. The
experimentwasrepeated timeswith thenumberof dimen-
sionsvaryingfrom 3t0 9.

Figure7(a)shavsthe executiontime usedfor eachdata-
setswith different numberof dimensions. It canbe seen
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thatRBU-BST outperformsBUC algorithm. For example,
RBU-BST takesabout42.09%of therunningtime of BUC.
This is mainly becausehe performanceof datacubecom-
putationalgorithmis largely dominatedby the I/O time of
writing outthe cube. RBU-BST writes out a muchsmaller
condensedubethanthe BUC algorithmwhichwritesouta
hugecompletecube.

Recall that we mentionedanothersize ratio at the be-
ginningof this section theratio of actualsizein bytes.Fig-
ure7(b)shavsthetupleratioandtheactualsizeratio. It can
beseerthey arevery closeto eachother whichjusti ed our
choiceof usingtupleratio asa metricin theexperiment.

6. Relatedwork

Thework reportedin this paperis inspiredby datacube
computationalgorithmsproposedn recentyears,suchas
PipeSort, PipeHash,Overlap, ArrayCube, PartitionCube
and BottomUpCubd2, 18, 13, 4], in particular the work
by Bayerand Ramakrishinarf4]. Sincethosealgorithms
arewell noted,andwe will notrepeatherein detail.

Techniquedlirectly relatedto sizereductionincludedata
compressiona classicaltechnique. However, datacom-
pressiorin relationaldatabaseis notthatpopular [9] gives
awide discussioron impactof compressioriechnologyin
databas&om anarchitecturaview, with mainemphasi®n
thechoiceof algorithms.In the eld of statisticaldatabase,
transposedableis usedand[17] further takesthe adwan-
tageof encodingattribute valuesusinga small numberof
bits to reducethe storagespace.Runlengthencodingwas
alsoproposedo compressherepeatingsub-sequencehat
arelikely to occurin theleastrapidly varyingcolumns.Var
iouscompressiotechniquesirealsoadoptedn the eld of
MOLAP, mainly to handlethe sparsityissue[18, 11].

Approximatequeryprocessinganbe viewed asatech-
nigue that addressethe size problemfrom anotherangle,
which is especiallypopularin the datawarehouseervi-
ronment. [6] aguesthe importanceof the synopsisdata
structures Characterizedby their substantiallysmall sizes,
synopsiglatastructurecanef ciently provideapproximate
guery resultsin mary applications. The statisticalmeth-
ods and modelsusedfor the purposeof fastapproximate



gueryansweringn thedatawarehouservironmentinclude
wavelet[16], multivariatepolynomialg[3], mixedmodelby
multivariateGaussian$l15], histogram[12], sampling[1],
etc.

Severalspecializediatastructuredor fastprocessingf
specialtypesof querieswere also proposed. Pre x sum
andrelative pre x summethodqd5] areproposedo answer
range-sungueriesusinga large pre-computegre x cube.
More recently thehierarchicacompactcubeis proposedo
supportrangemaxquerieq10].

7.Conclusions

In this paper we proposeda nev approacho reducing
thesizeof adatacube,andhencets computatiortime. The
approachexploresthe propertiesof singletuplessothata
numberof tuplesin acubecanbe condenseéhto onewith-
outlossof ary information.A simpleoperationcanexpand
a condenseduple to all the “hidden” cubetuplesit repre-
sents. Thereis no overheadfor decompressiowr further
aggreation. A novel condensingschemenamelythe base
singletuple (BST) condensingis introduced.An algorithm

thatcomputesa minimal BST condensedubeis proposed.

Heuristicalgorithmsfor computingBST condensedubes
are also presented.Experimentalresultsindicatethat, the
tuple reductionratio could be very high for uniformly dis-
tributed syntheticdata. For highly skewed dataanda real-
world dataset, the reductionrate canalso reach70-80%.
Sincethemajorcostof cubecomputatioris the l/O costfor
writing outthe cubetuples,the greatreductionof cubesize
leadsto ef cient cubecomputatioraswell.

This paper limited by space,concentratesn the basic
conceptsde nitions, andcomputatiorof the proposecton-
densectube.We deliberatelyleave out a numberof related
issuesthat requirelengtty discussionswhich will be in-
cludedin thefull versionof this paper

The conceptof condensedubeintroducesseveralinter-
estingissuedor thefutureresearchFirst, in termsof stor
ing the condenseaube, we may also considerto detach
the singledimensioninformationfrom thetuples,andstore
them at differentareas. In this way, the schemaof cube
doesnot needto change. The SDSETnformationwill be
accessednly whenit is neededSecondwe aimto develop
somequeryevaluationandoptimizationtechniqueso that
the sizebene t of condenseaubescanbe fully explored.
Third, we will study reoiganizing an existing cubeinto a
condenseane,which might be mostbene cial for certain
applicationsvhereupdates infrequentandcompletecubes
areavailable.

As a summary we believe that cube condensings a
promisingapproachto supportingef cient on-line analyt-
ical processingWith theframework speci edin this paper
asetof researclissueshasbeenidenti ed. We arecurrently

furtheraddressinghoseissuesandaimingat developingan
efcient OLAP senerbasedn suchanew structure.
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