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Abstract Such applications need very fast query response on mostly

ad-hoc queries that try to discover trends or patterns in the
The data cube operator encapsulates all possible groupings set.
of a data set and has proved to be an invaluable tool in anagHowever the complexity of the data cube increases
lyzing vast amounts of data. However its apparent expongsnentially with the number of dimensions and most ap-
tial complexity has significantly limited its applicability toproaches are unable to compute and store but small low-
low dimensional datasets. Recently the idea ofderf dimensional data cubes. After the introduction of the data
data cube modelas introduced, and showed that higleube in [6] an abundance of research followed for dealing
dimensional “dwarf data cubes” are orders of magnitudgih the exponential complexity of the data cube. The main
smaller in size than the original data cubes even when théyas can be classified as either a cube sub-setting (par-
calculate and store every possible aggregation with 10@% materialization) [7, 8, 17] or storing the full cube but
precision. with less precision (approximation or lossy models) [1, 18].
In this paper we present a surprising analytical resplbwever, all these techniques do not directly address the
proving that the size of dwarf cubes growslynomially problem of space complexity. Furthermore, all problems as-
with the dimensionality of the data set and, therefore,s@ciated with the data cube itself appeared to be quite diffi-
full data cube at 100% precision is not inherently cursedit, from computing it [2, 4, 14, 20, 3, 12], storing it [9, 5],
by high dimensionality. This striking result of polynomiaguerying and updating it[13]. Even problems that appear
complexity reformulates the context of cube managemeithpler, like obtaining estimates on the cube size, is actu-
and redefines most of the problems associated with dafigy quite hard and needs exponential memory with respect
warehousing and On-Line Analytical Processing. We algpthe dimensionality [15] in order to obtain accurate results.
develop an efficient algorithm for estimating the size of Currently the most promising approaches for handling
dwarf data cubes before actually computing them. Finali§rge high-dimensional cubes lie in the contexto#lesced
we complement our analytical approach with an experimefata cubes[16, 11, 19]. In [16] we demonstrate that the size
tal evaluation using real and synthetic data sets, and denwsirthe dwarf data cube even when they compute, store and
strate our results. index every possible aggregate for all group-bys is orders
of magnitudes smaller than what expected. The coalesc-
. ing discovery published for the first time in the dwarf data
1 Introduction cube model [16], completely changed the perception of a
_ _ _ data cube from a unordered collection of distinct groupings
The data cube operator is an analytical tool which pras, 4 complex network of interleaved groupings and aggre-
vides the formulation for aggregate queries over categori Stes that eliminate boprefixandsuffix redundanciedt is
rollup/drilldown operations and cross-tabulation. Cpncep ese redundancies and their elimination that fuse the expo-
ally the data cube operator encapsulates all possible Myliziia| growth of the size of high dimensional full cubes and
dimensional groupings and its an invaluable tool to applicg, matically condense their store without loss in precision.

tions that need analysis on huge amounts of data like deClT—O help clarify the basic concepts, let us consider a cube
sion support systems, business intelligence and data mining.



with three dimensions. In Table 1 we present such a tgowspolynomiallyfast. In other words, if we keep the num-
dataset for the dimensiolssore, Customer, andProduct ber of tuples in the fact table constant and start increasing the
with one measurerice. dimensionality of the fact table (by horizontally expanding
each tuple with new attributes) then the size of the dwarf

Store|Customer | Product ||Price increases only polynomially. The first form shows that the
S1 c2 P2 $70 dimensionalityd is raised to log T which does not depend
Sl C3 P1 $40 ond and is actually quite small for most realistic datasets
S2 Cl P1 $90 The second form of the complexity shows that the Dwarf
S2 C1 P2 $50 size is polynomial w.r.t to the number of tuples of the data

Table 1: Fact Table for Cube Sales setT, which is raised to % 1/log,C (and is very close to 1
for most realistic dataséds In other words, if we keep the
The size of the cube is defined as the number of the @imensionality of the fact table constant and start appending
ples it contains, which essentially corresponds to the slfW tuples, thenthe size of the dwarf increases polynomially
of the tuples of all its 2 views. The size of the dwarf is(@nd almost linearly). These results change the current state
defined similarly as the total number of tuples it contair@f the art in data-warehousing because it allows to scale up
after data coalescing. For example, for the fact table in T&2d be applicable to a much wider area of applications.
ble 1 and the aggregate functisamwe have a cube size of [N addition we extend our analysis to cubes with varying
23 tuples, while the dwarf size is just 9 tuples as depicte@fdinalities per dimension and we provide a linear -w.r.t
in Table 2. The redundancy of the cube is eliminated in tifethe dimensionality- algorithm which can be used to es-
dwarf cube and the coalesced areas are only stored oncelipte the size of a dwarf cube based only on these cardi-
example, the aggregate $70 appears in total of five tupfealities without actually computing the dwarf cube. Such
(S1ALL,C2,P2ALL) and (S1,ALL,P2), in the cube and itestimates are invaluable for data-warehouse/OLAP admin-

is coalesced in just one tuple in the dwarf. istrators who need to allocate the storage for the dwarf be-
fore initiating its computation. Current approaches [15] can-
no | Coalesced [Price] not be applied to high-dimensional data cubes, not only be-
1|(SYALL,C2,P2ALL) (S1,ALL,P2)| $70 cause they require an exponential amount of work per tuple
2 || (SYALL,C3,P1ALL) (S1,ALL,P1)| $40 and exponential amount of memory but mostly because they
3 (S1,ALL,ALL) $110 cannot be extended to handle coalesced cubes.
4 (S2ALL,C1,P1) (S2,ALL,P1) $90 In particular in this paper we make the following contri-
5| (S2ALL,C1,P2)(S2,ALL,P2) $50 butions:
6 (S2ALL,C1,ALL) $140 1. We formalize and categorize the redundancies found in
7 (ALL,ALL,P1) $130 the structure of the data cube into sparsity and implica-
8 (ALL,ALL,P2) $120 tion redundancies
9 (ALLALLALL) $250 2. For the sparsity redundancies, we provide an analysis

Table 2: Dwarf Cube Tuples on the size of the dwarf cube, and show that it scales
' only polynomially w.r.t to the number of dimensions.

In this paper we address the problem of the size of thg. \We complement our analytical contributions with an al-

dwarf data cube and show that it's complexity is: gorithm and an experimental evaluation using both syn-
T thetic and real data sets and we show that in real data
o) (dlogCT(IogCT)'> =0 (T”l/'ogdC) sets, the size of the dwarf cube is even smaller due to

implication redundancies.
whered is the number of dimension€,is the cardinality ~ Our work provides théirst analytical results showing that
of the dimensions and is the number of tuples. This sura full and 100% precision data cube is not inherently ex-

prising result shows that, unlike the case of non-coaleseeqF—

cubes which grow exponentially fast with the dimensiog— or exam_ple for a data set of 25 million tuples and a cardinality of
. . ,000, log T =2
ality, the 100% accurate and complete (in the sense that it ¢ | for a dimensionality of 30 and a cardinality of 5,000+ 1

contains all possible aggregates) dwarf representation anlgg,C ~ 1.4
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ponential in size and that an effective coalescing data cubduce the amount of storage required to store the tuples of

model can reduce its size to realistic values. Therefore, thie cube.

believe it has not only theoretical but also practical value for

OLAP. Lemma 1 The total number of tuples of the cube is not af-
The remainder of the paper is organized as follows: fected by prefix redundancy, only the storage required to

Section 2 we differentiate between prefix and suffix redugfore each tuple is reduced.

dancies and show that suffix redundancies are by far the

most dominant factor that affects coalesced cubes. Section 8Nis lemma essentially says that the prefix-reduced cube

categorizes suffix redundancies based on the sparsity ofSiigsuffers from the dimensionality curse, since we have to

fact table or the implications between values of the dime#gal with every single tuple of the cube. The benefits of the

sions. In Section 4 we introduce the notion of basic peigfr_efix-reduction are therefore quickly rendered impractical

titioned node and we use it to analyze the coalesced c@dgn for medium dimensional cubes.

structure. In Section 5 we present an algorithm that can be

used to estimate the size of a coalesced cube given onlydtiz  Suffix Redundancy

cardinalities of each dimension and in Section 7 we show ar{h. i ; llv define th Hix redund d

evaluation on both synthetic and real data sets. Finally {H 'S section we formally defin€ the Sutlix redundancy an

e . . . .
) . . : we give examples of different suffix redundancies.
conclusions are summarized in Section 8.

DEFINITION 1 Suffix Redundancyoccurs when a set of
2  Redundancies tuples of the fact table contributes the exact same aggre-
gates to different groupings. The operation that eliminates

In this section we formalize the redundancies found in thiffix redundancies is callegbalescion The resulting cube
structure of the cube and explain their extend and signifi-calledcoalesced cube

cance.
EXAMPLE 1 Suffix redundancy can occur for just a single

2.1 Prefix Redundancy tuple: In the fact table of Table 1, we observe that the tuple:

( S1C2 P2 $70)

@ contributes the same aggrega®/0 to two group-bys:
(Store,Customer) and (Customer). The corresponding tu-

@ ples are:

Cab ) (e )
'-‘ | (Store,CustomefJCustomer)
) ()

(o) [ (SIC1$70) |(C2$70)

‘\T/'

EXAMPLE 2 We must point out that suffix redundancy
_ _ _ . does not work only on a per-tuple basis, but most impor-
Figure 1: Lattice for the ordering b,c tantly it extends tavhole sub-cubes, for example the sub-

This redundancy is the first that has been identified a(ﬁlépe that corresponds to the tuples:

can be used to build indexes over the structure of the cube. ( S2C1P1 $90), ( 2 C1 P2 $50)

The idea is easily visualized in the lattice representation of

the cube. For example, in Figure 1, one can observe thehtributes the same aggregates to sub-cubes of
half the group-by’s share the prefax We can exploit this (Store,Product), (Customer,Product), (Store), (Customer) :

by just storing the corresponding values just once and avoid

replicating the same values over all views(prefix-reduction).The reason that whole sub-cubes can be coalesced is the
By generalizing this to other prefixes (like for example implication between values of the dimensions. In our ex-
prefix b, which appears to one fourth of the views) we cample,C1 implies 2, in the sense that customgéL only
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| (Store,Product)Customer,Product) dataset. We used a dataset with a varying number of di-

( 2 P1 $90) (C1P1$90) mensions, a cardinality of 10,000 for each dimension and
( 2 P2 $50) (C1 P2 $50) a uniform fact table of 200,000 tuples. It is obvious that
in high-dimensional datasets the amount of suffix redundan-
] (Store) \ (Customer} cies is many orders of magnitudes more important the prefix
[(S2$140)[(C1 $140)| redundancies.

buys products from stor&. Dwarf is the only technique3 Coalescing Categories

that manages to identify such whole sub-cubes as redundant. . . ' o
9 fy (Iin rt1h|s section we categorize suffix redundanciesparsity

I h frdooth - )
and coalesce t © redundangy raroth storage and com andimplicationredundancies. We use the Dwarf model[16]
putation timewithout calculating any redundant sub-cubes. - S . .
summary is in the appendix- in order to define and visual-

For comparison, the condensed cube19] can only |dentI|Z the redundancies. In the rest of the paper we will use the

redundant areas only tuple-by-tuple, and QC-Trees[LL] he¥C o0 o analysis, but our approach can be applied
to compute first all possible sub-cubes and then check if ggbther coalesced cube e,lpproaches[ll 19]

alescing can occur.
Such suffix redundancies demonstrate that there is signifi- ) )

cant overlap over the aggregates of different groupings. Thé  Sparsity Coalescing

number of tuples of the coalesced cube, where coalesced ar-

eas are only store once is much smaller than the size of the Path P~

cube, which replicates such areas over different groupings.

DEFINITION 2 The size of a cube is the sum of the tuples

of all its views. The size of a coalesced cube is the total : \

number of tuples after the coalescion operation. Left‘aoalescing 77
,,,,,,,,, N

- N '

i | ‘ |
F [c-© Prefix-Only Reduction “j “j
10°[- | =2 Prefix-Suffix Reduction .
9 D D Tail Coalescing
E 104: ] Coalesced Tuples
g Figure 3: Sparsity Coalescings
E
O 102 u
1 In Figure 3 we depict two types of suffix redundancies
W due to the sparsity of the dataset. Lets assume that a path
0 15 20 25 3 (P) leads to a sparse area and that for the p&ehs) and

#Dimensions (P X) there is only one tuple due to the sparsity of the cube.
We differentiate to two different types of coalescing based

Figure 2: Compression vs. Dimensionality on the nature of the paf.

Prefix redundancy works in harmony with suffix redurBEFINITION 3 Tail coalescinghappens on all groupings
dancy by eliminating common prefixes of coalesced aregt have(P X) as a prefix, where pattP X) leads to a sub-
A comparison between these redundancies is demonstratedrf with only one fact tuple and path d®des not follow
in Figure 2, where we depict the compression ratio achievaty ALL pointers
by storing all the tuples of a cube exploiting in the first case
just the prefix redundancies and in the second both pré&iXAMPLE 3 In Figure 3, since there is only one tuple in
and suffix redundancies w.r.t to the dimensionality of tlilee area(P x...) then all the group-bys that hav® x) as
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a prefix (i.e.(P x ALL z..), (P xy ALL...) etc.) share the Path P
same aggregate.

DEFINITION 4 Left coalescingoccurs on all groupings

with prefix(P ALL y), where pathP ALL y) leads to a sub-

dwarf with only one tuple. In this case, P may follow ALL e

pointers.
piey - |

EXAMPLE 4 Left coalescing complements tail coalescing

and in Figure 3 we depict the case whef ALL y...) is . o _

redundant and corresponds t® x y...). Tha same is ob-  Figure 4: Implication Coalescing, whe@d — S2
served for(P ALL ALL 2 and (P ALL ALL 2).

4 Basic Partitioned Node
Areas with just one tuple (likéP xy) and (P Xy')) there-
fore produce a large number of redundancies in the structtirdhis section we formulate coalesced cube structure us-
of the cube. The difference between tail and left coalescifg the dwarf model by first introducing thieasic parti-
is two-fold: tioned nodeand then by building the rest of the coalesced
e Paths the lead to tail coalescidg not followanyALL cube around it -by taking into account both tail and left
pointers while in left coalescing the paths follow #oalescing-.

least oneALL pointer -the one |mmed|ate|y above the Assume a uniform fact table wittd dimenSionS, where
point where coalescing happens-. each dimension has a cardinality®f= ! and that there are

. o T =C tuples. The root node of the corresponding dwarf is
e Tail coalescing introduces one coalesced tuple in §igsicteq in Figure 5, where the node has been partitned
dwarf, whllg left mtroduces.no coalesced tuples. into | groups. We refer to such a node as Hesic parti-
In our analysis we only consider these two types of CQgsned node Group Gy contains cells that get no tuples at
lescing (tail and left) and we show that their effect is so OVEfii, groupG; contains cells that get exactly one tuple, group

whelming that the exponential nature of the cube reduggscontains cells that each one gets exactly two tuples, etc.
into a polynomial dwarf.

G, G, G, G,
3.2 Implication Coalescing 7 | Al e ]

The final type of coalescing that the dwarf very effi- tm Lm] Lm

ciently performs is calledmplication-coalescing The
sparsity-coalescing types defined in Section 3.1 work only
in sparse areas of the cube where a single tuple exists. The
implication-coalescing complements these redundanciessy,re 5: Node partitioned in groups where each cell in
coalescingvhole sub-cubed~or example, for the fact tablegroquZ gets exactly tuples

in Table 1 we observe th&l impliesS2 -in the sense that

customelC1 only buys products fron®2. This fact means

that everygrouping that involve€1 andS2 is essentially Lemma 2 From a collection of C items, if we uniformly pick
exactly the same with the groupings that invo@&. This anitem and repeat T times, then the probability that we pick

redundancy can be depicted in Figure 4 one item exactly z times is:

The implication coalescing is the generalization of left- T
coalescing when implications between the values of dimen- P,(C,T) = (2) e T/C
sion occur. Such implications are very apparent in real (C-1)y

datasets and -since we do not consider those in our analysis-
they are the reason that in the experiments sectioowee- 3for this analysis we relax the property of the dwarf, where the cells
estimatethe size of the coalesced cube for real data sets.inside a node are lexicographically sorted




[Proof: The probability that we will pick one item exactty Pwith at least one ALL pointer

times is:

e = (] Juca-ye) - )]

T 4 —Z -z
:<Z>1/c (C-1)7%/c"41-1/C)"

where the quantityf1 —1/C)T can be approximated by
e T/C and the binomial(}) corresponds to the number of
different ways the product/C%(1—1/C)"~% can be writ-
ten. ]

By applying lemma 2 to the partitioned dwarf node we
get by substituting = C:

Lemma 3 A group G of a basic partitioned node, where
z=0...1 -1, contains= %e‘l cells that get exactly z tuples
each

Left Coalescing One new Coalesced Tuple per root cell

Figure 6: Left-Coalesced partitioned node with=C
In Figure 5 we depict that the dominated nodes of a group

G, have exactly cells. From lemma 3 we know that exactiy| | pointer, theexact same tuplesppear with another path
ztuples are associated with each cell of gré@pand from @ that does not follow any ALL pointer, and therefore paths
the independence assumption we have that the probab'(lp'iyx> and (P X ) coalesce tdQ x ) and(Q X ). The only

that a key is duplicated for these tuEIes JCE with an ex- aggregate that this sub-dwarf introduces is the aggregate of
pected number of duplicated kegéC*. Even forz=1, we these two tuples (located at the leaf nodes). The same holds

expect /(1!)? < 1 duplicate cells. for all groupsGy, Gs, ..., G_1 and therefore the number of
new coalesced tuples that a left-coalesced sub-dwarfdvith
4.1 Left Coalesced Areas dimensions and = C fact tuples introduces is (by using
In this section we deal with areas of the dwarf that are reatlz%r-nma 3)
able through paths that follow ALL pointers. These areas NLeft(T =C,d,C) =ap-C-d+1
have the possibility of left coalescing and as we’ll show they
are dominated by such redundancies. whereap = (e—2)/e
In Figure 6 we show a basic partitioned node which cor-
responds to a path that follows at least one ALL pointer Ul T

and that it corresponds to a subset of the fact table with

T = C tuples. We refer to the corresponding sub-dwarf as [Le“ f,f:f“ed} [Le“fl;’:je“ed}
left-coalesced sub-dwardnd we show that it introduces a
"small” number of new coalesced tuples. Obviously cells in \ [LeftCoalesced} [Lenc(mlesced}

k-1 cee

area area

group G that get no tuples offer no tuples at all. Cells in Tuples: C

groupGs that get only a single tuple, left-coalesce to other #Dims: d-1 \/
tuples in the structure and offer no aggregation. This is the
reason we differentiate between paths that follow at least :;11’:: :_2

one ALL pointer and those which do not. Cells in groups
Gg,Gg, ..., Gy 1 introduce only a single aggregate per cell. Figure 7: Left-Coalesced partitioned node with= C*

To help clarify this, consider a cell in groug,. Since
there are two fact tuples associated with this cell (by defini-We can extend our analysis to the general case whete
tion) there are two pathé x ) and(P X ) that correspond CX, k = log. T in the way that is depicted in Figure 7. By
to these two tuples. Since the pafollows at least one induction one can easily prove that:
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Lemma 4 The number of new coalesced tuples that a left- P withno ALL pointers

coalesced area introduces is:

GO Gl G: ICIH
NLeft(T =C*,d,C) = ) |

d-1
=C- ZNLeft(T =Cld-i,C)+1=
i=

() ()

Tail Coalescing Left Coalescing

4.2 Tail Coalesced Areas ﬁ ﬁ ﬁ ﬁ ﬁ ﬁ ﬁ ﬁ
In this section we deal with areas that are reachable through
. 1 coalesced tuple 3 coalesced tuples I coalesced tuples

paths that do not follow any ALL pointers. These areas have  per root cell per root cell per root cell
less chances for left-coalescing but as will show the amount
of coalescing is still very significant. Figure 8: Tail-Coalesced partitioned node with= C

In Figure 8 we show a basic partitioned node which cor-
responds to a patR that does notfollow any ALL point- — UL T

ers and that it corresponds to a subset of the fact table with

T = C tuples. We refer to the corresponding sub-dwarf as[T"‘il i;’:imd} [T"‘“ i‘r’;‘f““]
tail-coalesced sub-dwarénd we count the number of co-
alesced tuples it introduces. As in the left-coalesced case, \ [LeflCoalesced][LeftCoalesced]

area area

cells in groupGg that get no tuples offer no tuples at all. Tuples: C

Cells in groupG; that get only a single tuple, offer just a #Dims: d-1 \/
single aggregate, due to tail coalescing. Cells in grdeps .
wherez=2,...,| —1 introducez+ 1 coalesced tuples,thze Tuples: C

tuples of the fact table plus their aggregation. The number Abims: d=2

of coalesced tuples a tail-coalesced sub-dwarfditimen-  rigyre 9: Tail-Coalesced partitioned node with= C
sions andl' = C fact tables introduces is:

NTail(T =C,d,C) =bC+aC(d—1)+1 4.3 Total Dwarf Size

whereag = (e—2)/eandby = (2e—2)/e. The analysis for the tail coalesced areas gives the total num-
We can extend our analysis to the general case where ber of coalesced tuples for the full dwarf withdimen-
CK, k=log. T in the way that is depicted in Figure 9. Usingions, cardinalityC per dimension and fact table tuples

induction we prove that: Lemma 5 gives that:
Lemma 5 The number of new coalesced tuples that a left- loge T 1/1+10g,C
coalesced area introduces is: CoalescedTuples O (T logeT! ) =0 (T d )

- K
NTail(T =C".d,C) = \ith the surprising result that even if we consider only two

out the three coalescings that dwarf performs, the size of the
V4 coalesced cube is only polynomial w.r.t to the dimensional-
q . _ q ity of the fact table and polynomial (and very close to linear)
= aCK [(k) - 1} + ch*' [(k i) — 1] +boCK  w.r.tto the number of tuples in the fact table.
1=

d-1
=C-NTail(C¥1,d—1,C)+ % NLeft(C* 1 d—i,C) =
i

4When we start creating the root node of the full dwarf there is no
chance of left-coalescing, since nothing has been created



5 Algorithm for Dwarf Size Estimation coalescing happens depending on the tail coalescing flag. In
lines 12- 19 we traverse the basic partitioned node by check-
In this section we extend our analytical contribution to gejng iteratively how many cells get one, two, three, ... tuples

eral case of varying cardinalities per dimensionality. Algentil all the available tuples for the subcube are exausted.
rithm 1 can be used to estimate the number of coalesgg@ quantity:

tuples for sparse uniform data sets given the cardinalities of
each dimension. We have extended the algorithm to work
with zipfian distributions, but due to space constrains we re-
fer the reader to the full version of the paper.

el

ST .mcC.eFact/mC

Algorithm 1 SparsityTraverse Algorithm

Input: d: Number of Dimensions

Card: array of dimension cardinalities
FactT: current no of fact tuples
nc: tail coalesce flag(0 or 1)
if FactT=0then
return O
else ifFactT=1then
return nc{here tail or left-coalescing happens
else ifd=0then
return 1
end if
coalesced¥ 0
mC « Card[d]
zeroT« mC. e-Facti/mC

where FactT is the number of fact tuples for the current sub-
dwarf and mC is the cardinality of the current dimension,
returns the number of cells that get exactly x tuples

The algorithm works in a depth-first manner over the lat-
tice and estimates recursively the number of coalesced tu-
ples that its sub-dwarf generates. For example, for a three-
dimensional cubeabc the algorithm in line 21 starts the
drill-down to all subcubes with prefia and recursively it
proceeds to those with prefab and finally reaches prefixes
abg by estimating appropriately the number of tuples that
each subdwarf gets. When (lines 1-7) there are no more di-
mensions to drill-down (or a tail or left coalescing can be
identified), the drill-down over the subdwarfs with prefixes
in abcstops and the algorithmolls-upto the subdwarfs with
prefixesabin line 23 by setting the nC flag to 0 -since now

10: there is possibility of left-coalescing with the subcubes in
11: oneT« FactT/(mC—1) - zeroT abc. The process continues recursively to all the views of
12: if oneT> 1then the lattice.
130 X«1
14:  while there are still fact tupledo
5. xT — (P& /(mc—1)X . zeroT 6 Related Work
16: coalescedT += SparsityTraverse(d-
1,Card xTuples,nc) {tail or left-coalescing The data cube operator is introduced in [6] and its potential
may happen heie has generated a flurry of research on a wide-variety of top-
17: FactT -= xT ics. Its exponential complexity on almost every aspect first
18: X4+ guided to the rediscovery of materialized views and their
19:  end while adaptation. For example view selection algorithms can be
20: else foundin [7, 8, 17]. However the general problem is show to
21 coalescedT += SparsityTraverse(d?e NP-Complete [10] and even greedy algorithms are poly-
1,Card,FactT/mC,ncdrill-down traversal nomial in the number of views that need to consider which
22: end if is actually exponential in the dimensionality of the datasets,
23: coalescedT += SparsityTraverse(d-1,Card,FactTi@ndering these approaches to a certain degree impractical
{roll-up traversal with left-coalescirg for high-dimensional datasets.
24: return coalescedT Estimating the size of the data cube given its fact table

Initially the algorithm is called with the tail coalescin

is only addressed in [15] by using probabilistic techniques,

d1owever that approach cannot be extended to work with co-

flag set to 1, since there is no chance for left-coalesciigSced cubes.
(there are no tuples to coalesce to). In line 4 we check ifsassyming a uniform distribution. For zipfian distribution we refer the
there is just one tuple in the subcube where tail or suffeader to the full version of the paper




The problem of just computing the data cube appears ésereases as the cardinality increase is the approximation
pecially interesting. Various techniques that try to bendfitlemma 3, where we assume that- 1 ~ C. The sec-
from commonalities between partitions or sorts, partial sootsd observation has to do with the scalability w.r.t. to the
and intermediate results are proposed in [2, 4, 14]. Otldmensionality. The quantity Iedl which determines the
techniques that use multidimensional array representagoponent ofd is much smaller in the case 6f= 10,000
techniques [20] suffer as well from the dimensionality cursand therefore this data set scales better.

Techniques that try to exploit the inherent sparsity of the M

cube like [3, 12] seem to perform better. | (60 Beimaed c=1000
Several indexing techniques have been devised for StOr- | |a.g fmedcatoom A

A--A Actual C=10,000

ing data cubes. Cube Forests [9], exploit prefix redundancy

when storing the cube. In the Statistics Tree [5] prefix re-

dundancy is partially exploited. Unique prefixes are stored

just once, but the tree contains all possible paths (even non-

existing paths) making it inappropriate for sparse datasets.

Cubetrees[13] use packed R-trees to store individual views 20«

and exhibit very good update performance.
Recently compressed cubes are introduced which try to 0 : m : = : %

exploit the inherent redundancies in the structure of the

cube. In [19] the notion of dase single tuplés intro- Figure 10: Accuracy v.s. dimensionality for varying cardi-

duced. Such a tuple is “shared” between different group-inalities

and is similar to the coalesced tuples discussed in this pa-

per. However its applicability is limited since such tuples

are discovered one at a time. Dwarf[16] provides a more éf2 Real Datasets

ficient method for the automatic discovery of all type of su|f:— . . . . .
: ) . or this experiment we use a real eight-dimensional data set
fix redundancies, since whole sub-cubes can coaldseed

. ; 8iven to us by an OLAP company. The data set has vary-
fore actually computing them. Dwarf also indexes the pro- L . . . o
Ing cardinalities per dimension. We used various projections

duced cube and is designed to work in secondary memary. : ) i )
g y on the data set in order to decrease the dimensionality and

QC—trees_[ll] use a bottom—up approach n _d|scover|ng g?t]dy its effect on the accuracy. For this experiment the fact
dundancies which checks if every grouping is redundant 0

. . e . table had 672,771 tuples and two measures. Table 3 sum-
not with every other grouping that it is possible to coalesce . . N
with marizes the parameters of each projection. Column “Projec-
' tion” denotes the name of the data set, coluthe number
of dimensions and column “Cardinalities” the cardinalities
7 Experiments of each dimension. In Figure 11 we depict the estimates of

our approach compared with the actual numbers taken, when

-y
S
S
~

#Coalesced Tuples

In this section we provide an extensive experimental evai}e dwarf is computed and stored.
ation of our approach based on synthetic and real data sets.
We compare the results of our analytical approach with ac-
tual results taken from our implementation of Dwarf.

| Projectior{d] Cardinalities \
A 5 1300,2307,2,2,3098
B 6| 1300,2307,3098,130,561,693
C 7| 1300,2307,2,3098,130,561,693
D 8/1300,2307,2,2,3098,130,561,893

7.1 Synthetic Datasets

In Figure 10 we demonstrate how the number of coa- Table 3: Real data set parameters

lesced tuples scales w.r.t to the dimensionality, for a uniform

dataset. The number of fact table tuples was set to 100,000Ve observe a very interesting pattern. As the dimen-
We used two different cardinalities of 1,000 and 10,000. \&®nality increases our approackherestimategcreasingly

see that our analytical approach provides extremely acmore the coalesced size. The reason is that our ap-
rate results for large cardinalities.The reason that the empavach currently handlesnly sparsity coalescingnd ig-
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Figure 11: Accuracy v.s. dimensionality for real data set

nores theimplication coalescinghat is very apparent in

(4]

(5]

(6]

(7]

(8]

P.M. Deshpande, S. Agarwal, J.F. Naughton, and R. Ra-
makrishnan. Computation of multidimensional aggregates.
Technical Report 1314, University of Wisconsin - Madison,
1996.

Lixin Fu and Joachim Hammer. CUBIST: A New Algorithm
for Improving the Performance of Ad-hoc OLAP Queries. In
DOLAP, 2000.

J. Gray, A. Bosworth, A. Layman, and H. Piramish. Data
Cube: A Relational Aggregation Operator Generalizing Gro
up-By, Cross-Tab, and Sub-Totals. IBDE, pages 152—
159, New Orleans, February 1996. IEEE.

H. Gupta, V. Harinarayan, A. Rajaraman, and J. Uliman. In-
dex Selection for OLAP. InCDE, pages 208-219, Burm-
ingham, UK, April 1997.

V. Harinarayan, A. Rajaraman, and J. Ulliman. Implement-
ing Data Cubes Efficiently. I'8IGMOD, pages 205-216,
Montreal, Canada, June 1996.

high-dimensional data sets. As the dimensionality increasgg T. Johnson and D. Shasha. Some Approaches to Index De-
such implications increase and complement the sparsity im-

plications reducing even further the coalesced size!

8 Conclusions

[10]

[11]

We have presented an analytical and algorithmic framework

for estimating the size of coalesced cubes, where suffix e
dundancies diminish the number of aggregates that need to
be stored and calculated. Our analysis on the Dwarf mofé]

although it uses only sparsity coalescing, derives the surpris-
ing result, that the coalesced cube grows polynomially w.r.t

to the dimensionality! This result changes the establish sﬁt@
n

that the cube is exponential on the number of dimensi

and extend the applicability of data warehousing methods to
a much wider area. In addition we have demonstrated us[ipg

real data, that the coalesced cube&ven smallethan our

analysis derives. The reason is that the effects of implica-

tion coalescing complement the results of sparsity coalesc- : _ o _
[16] Y. Sismanis, A. Deligiannakis, N. Roussopoulos, and Y. Ko-

ing that we have presented here.
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Figure 12: The Dwarf Cube for Table 1

A Dwarf Representation an ALL cell that stores the aggregates for all the cells in
the entire node.(ALL,ALL,ALL) leads to the total Prices
In order to visualize and define the coalescing properties (@eoup-by NONE).
use the dwarf structure and describe how the structural rePrefix redundancies are eliminated by storing each unique
dundancies appear under this model. prefix just once, for example Sto& is only stored just one
in the DAG, as is the prefig2,C1.
Suffix redundancies are visualized in nodes that are reach-

A.1 Dwarf Structure able through many paths. The reader can observe that the
We briefly describe the Dwarf structure. The reader is é}iw_ree pathsS2,C1,P2), (S2,ALL,P2), and {ALI._,Cl, P2),

: : whose values are extracted from processing just the last tu-
rected to [16] for a complete discussion.

Figure 12 shows the Dwarf Cube for the fact table shO\BIe of the fact-table, all lead to the same ¢et $50. We
in Table 1. It is a full cube using the aggregate function < to all nodes reachable through more than one path as
sum The height of the Dwarf is equal to the number gpalesced"lodes.
dimensions, each of which is mapped onto one of the lev-
els shown in the figure. The root node contains cells of the
form [key,pointef, one for each distinct value of the first
dimension. The pointer of each cell points to the node be-
low containing all the distinct values of the next dimension
that are associated with the cell's key. Each non-leaf node
has a special ALL cell, shown as a small gray area to the
right of the node, holding a pointer and corresponding to
all the values of the node. Leaf nodes contain cells of the
form [key, X], where X is either an aggregate or a pointer to
another leaf node that contains the corresponding aggregate.
A path from the root to a leaf such a$1,C3,P1)

corresponds to an instance of the group-by
(Store,Customer,Product) and leads to a detl $4Q
which stores the aggregate of that instance. Some of the
path cells can be open using the ALL cell. For example,
(S2,ALL,P2) leads to the cellP2 $50, and corresponds
to the sum of the Prices paid by any Customer for Product
P2 at Store S2. At the leaf level, each cell is of the form
[key,aggregateand holds the aggregate of all tuples that
match a path from the root to it. Each leaf node also has
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