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Abstract

1 Intro duction

Data cube computation is one of the most es-
sertial but expensiwe operationsin data ware-
housing. Previous studies have deweloped
two major approades, top-down vs. bottom-
up. The former, represerted by the Multi-
Way Array Cube (called Multiway) algorithm
[25], aggregatessimultaneously on multiple
dimensions; howevwer, it cannot take advan-
tage of Apriori pruning [2] when computing
iceterg cukes (cubes that cortain only ag-
gregate cells whose measure value satis es
a threshold, called icekerg condition). The
latter, represerted by two algorithms: BUC
[6] and H-Cubindg1l], computes the iceberg
cube bottom-up and facilitates Apriori prun-
ing. BUC exploresfast sorting and partition-
ing techniques; whereasH-Cubing explores a
data structure, H-Tree for shared computa-
tion. However, none of them fully explores
multi-dimensional simultaneous aggregation.

In this paper, we presert a new method, Star-
Cubing that integrates the strengths of the
previous three algorithms and performs ag-
gregations on multiple dimensionssimultane-
ously. It utilizes a star-tree structure, ex-
tends the simultaneous aggregation methods,
and enablesthe pruning of the group-by's that
do not satisfy the iceberg condition. Our
performance study shows that Star-Cubingis
highly excient and outperforms all the previ-
ous methods in almost all kinds of data distri-
butions.
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Sincethe intro duction of data warehousing,data cube,
and OLAP [8], etcient computation of data cubes
has been one of the focusing points in researt with
numerous studies reported. The previous studies can
be classi ed into the following categories: (1) excient
computation of full or iceberg cubes with simple or
complex measures[1, 25, 18, 6, 11], (2) selective ma-
terialization of views [13, 3, 9, 10, 21], (3) computa-
tion of compresseddata cubesby approximation, sud
as quasi-cubes, wavelet cubes, etc. [4, 23, 20, 5], (4)
computation of condensed,dwarf, or quotient cubes
[15, 24, 22, 16], and (5) computation of stream\cub es"
for multi-dimensional regressionanalysis[7].

Among these categories, we believe that the rst
one,excient computation of full or icekerg cubes plays
a key role becauseit is a fundamertal problem, and
any newmethod developed heremay strongly in°uence
new developmerts in the other categories.

The problem of cube computation can be de ned
as follows. In an n-dimension data cube, a cell a =

m-dimensional cell (i.e., a cell in an m-dimensional
cuboid), if and only if there are exactly m (m - n)

calleda hasecell (i.e., acellin abasecuboid) if m = n;
otherwise, it is an aggegate cell. Given a basecuboid,
our task is to compute an icelerg cule, i.e., the set of
cells which satis es an iceberg condition, or the full
cuke if there is no such condition. We rst study the
casethat the measurec is the count of basecells, and
min_sup (threshold) is the iceberg condition. Then we
extend it to complex measuresin Section 5.

Previous studies have deweloped two major ap-
proaches, top-down vs. bottom-up, for excient cube
computation. The former, represened by the Multi-
Way Array Cuke (called Multiw ay) algorithm [25], ag-
gregatessimultaneously on multiple dimensions;how-
ever, it cannot take advantage of Apriori pruning when
computing icekerg cukes The latter, represened by
two algorithms: BUC [6] and H-Cubind11], computes
the iceberg cube bottom-up and facilitates Apriori
pruning. BUC exploresfast sorting and partitioning
techniques; whereas H-Cubing explores a data struc-
ture, H-Tree for shared computation. Howewver, none
of them fully exploresmulti-dimensional simultaneous
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Figure 1: Top-Do wn Computation

aggregation.

Can we integrate the strength of the previous algo-
rithms and developa more excient cubing methad?
In this paper, a new iceberg cubing algorithm, Star-
Cubing is proposed, which integrates the top-down
and bottom-up cube computation and explores both
multi-dimensional aggregation and the Apriori prun-
ing. A new data structure, star-tree, is introduced
that explores losslessdata compressionand prunes
unpromising cells using an Apriori-like dynamic sub-
set selection strategy. Our performance study shows
that Star-Cubing outperforms the previous cubing al-
gorithms in almost all the data distributions.

The remaining of the paper is organizedas follows.
In Section 2 the three major algorithms in cube com-
putation are re-examined. In Section 3, we motivate
the integration of the top-down and bottom-up compu-
tation, introduce the star-tree structure, and dewelop
the Star-Cubingalgorithm. Our performance study is
preseried in Section4. A discussionon potential ex-
tensionsis in Section 5, and we concludeour study in
Section 6.

2 Overview of Cubing Algorithms

To proposeour new algorithm, we rst analyze eact
of the three popular cubing algorithms.

2.1 MultiWay

Multiw ay [25] is an array-basedtop-down cubing algo-
rithm. It usesa compressedsparsearray structure to
load the basecuboid and compute the cube. In order
to save memory usage, the array structure is parti-
tioned into chunks. It is unnecessaryto keepall the
chunks in memory sinceonly parts of the group-by ar-
rays are neededat any time. By carefully arranging
the chunk computation order, multiple cuboids canbe
computed simultaneously in one pass.

Taking ABCDas the base cuboid, Figure 1 shows
that the results of computing cuboid ACDcan be used
to compute AD which in turn can be usedto compute
A This shared computation makes Multiway perform
aggregations simultaneously on multiple dimensions,
which leadsto the computation order shavn in Figure
1, where intermediate aggregatevaluescan be re-used
for the computation of successie descendah cuboids.

The Multiway algorithm is e®ective when the prod-
uct of the cardinalities of the dimensionsare moder-
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Figure 2: Bottom-Up  Computation

ate. If the dimensionality is high and the data is too
sparse,the method becomesinfeasible becausethe ar-
rays and intermediate results becometoo large to 't
in memory. Moreover, the top-down algorithm can-
not take advantage of Apriori pruning during iceberg
cubing, i.e., the iceberg condition can only be usedaf-
ter the whole cube is computed. This is becausethe
successie computation showvn in Figure 1 does not
have the anti-monotonic property [2, 17]: if a cell in
ABDdoes not satisfy min_sup, one cannot assert that
its \children cell" in the cuboid AB does not satisfy
min_sup either since a cell in ABis likely to contain
more basecellsthan that in ABD

2.2 BUC

BUC [6] employs a bottom-up computation by starting
at the apex cuboid and moving upward to the base
cuboid, as showvn in Figure 2. Cuboids with fewer
dimensionsnow becomeparernts of cuboids with more
dimensions. BUC starts by reading the rst dimension
and partitioning it basedon its distinct values. Then
for eadh partition in the rst dimension, it recursively
computesthe remaining dimensions.

The bottom-up computation order facilitates
Apriori-based pruning. For example, if the count of
acell cin a cuboid Ais smaller than min_sup, then the
count of any descendan cells of ¢ (with more dimen-
sions, e.g., AG ACD can never be higher than min _sup.
Thus the descendan cells of ¢ can be pruned. This is
implemented asfollows: During partitioning, ead par-
tition's sizeis comparedwith min_sup. The recursion
stops if the count doesnot satisfy min_sup.

The partition processis facilitated by a linear sort-
ing method, CountingSet. CountingSat is fast be-
causeit doesnot perform any key comparisonsto nd
boundaries. In addition, the counts computed during
the sort can be reusedto compute the group-bys.

Partitioning and sorting are the major costs in
BUC's cube computation. Sincerecursive partitioning
in BUC doesnot reducethe input size,both partition
and aggregationare costly. Moreover, BUC s sensitive
to skewin the data: the performanceof BUC degrades
as skew increases.

BUCis adivide-and-conqueralgorithm: After apar-
ticular partition has been computed, all descendan
cuboids are calculated before the algorithm switches
to another partition. In the calculation of the de-



Algorithm Simultaneous | Partition
Aggregation | & Prune

Multiw ay Yes No

BUC No Yes

H-Cubing Weak Yes

Star-Cubing | Yes Yes

Table 1: Summary of Four Algorithms

scendarts, Apriori pruning is usedto reduce unneces-
sary computation basedon the anti-monotonic prop-
erty, which wasnot possiblein the top-down computa-
tion. However, unlike Multiw ay, the results of a parent
cuboid does not help compute that of its children in
BUC. For example, the computation of cuboid ABdoes
not help that of ABCThe latter needsto be computed
essetially from scratch.

2.3 H-Cubing

H-Cubing [11] usesa hyper-tree structure, called H-
Tree to facilitate cube computation. Each level in the
tree represens a dimensionin the basecuboid. A base
tuple (cell) of d-dimensionsforms one path of length d
(i.e., d nodes) in the tree. Nodesat the samelevel of
tree that hold the samevalue are linked together via
side-links. In addition, a Header Table is assiated
with ead level to record the count of every distinct
value in all the dimensionsnot below the current one,
and provides links to the "rst node of the correspond-
ing valuesin the H-Tree

With this data structure, there are two methods to
compute the cube: bottom-up (BOT) vs. top-down
(TOP) tree traversal. In both methods, the algorithm
starts at a particular level of the H-Treg i.e., a par-
ticular dimension, and examinesthe group-by's that
include that level and levels above it in the H-Tree
The aggregationis facilitated by the HeaderTable con-
structed in the initial pass of the data and Header
Tableslocal to the current group-by. During the ag-
gregation, if the count of a particular node is below
min_sup, it skipsitself and jumps to the next node via
the side-link. The di®erencebetweenthe two traversal
methods, H-CubingBOT and H-CubingTOP, is that
the former starts the processat the bottom of the H-
Tree whereasthe latter starts at the top.

One advantage of H-Cubingis that sincethe internal
nodesof the H-Treestructure collapseduplicated data,
shared processingand somesimultaneous aggregation
can be explored. Also, it computes less dimension
combinations before proceedingsto more dimensions,
and thusleadsto Apriori pruning for iceberg cube com-
putation. Howewer, similar to BUC, it cannot usethe
intermediate results at computing low dimensionsto
facilitate the computation of high dimensionalcuboids.

3 Star-Cubing: An Integration of Top-
Down and Bottom-Up Computation

To take advantage of the existing three cubing algo-
rithms, we exploit the potentials of both the top-down
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Figure 3: Star-Cubing Top-down computation  with
bottom-up growing shared dimensions

and bottom-up modelsand a data structure similar to
H-Tree This leadsto our proposal of the Star-Cubing
algorithm. Before preseriing the details of the new
method, we rst summarizethe major computational
properties of the four algorithms in Table 1. The prop-
erties of Star-Cubingwill becomeclear in this section.

The Star-Cubing algorithm explores both the top-
down and bottom-up models: On the global computa-
tion order, it usesthe top-down model similar to Fig-
ure 1. Howevwer, it hasa sub-layer underneath basedon
the bottom-up model by exploring the notion of shared
dimension. This integration allows the algorithm to
aggregateon multiple dimensionswhile still partition
parent group-by's and prune child group-by's that do
not satisfy the iceberg condition. In this section, we
“rst introduce the new conceptsand data structures
and then preser the algorithm.

3.1 Shared Dimensions

An obsenation of Figure 1 may disclosean interest-
ing fact: all the cuboids in the left-most sub-tree of
the root include dimensionsABC all those in the sec-
ond sub-tree include dimensions AB and all those in
the third include dimension A We call these common
dimensionsthe shared dimensions of those particular
sub-trees. Basedon this concept, Figure 1 is extended
to Figure 3, which shows the spanning tree marked
with the shared dimensions. For example, ABD/AB
means cuboid ABDhas shared dimension AB ACD/A
means cuboids ACDhas shared dimension A and so
on.

The introduction of shared dimensions facilitates
shared computation. Since the shared dimension is
identied early in the tree expansion,there is no need
to compute them later. For example, cuboid AB ex-
tending from ABDin Figure 1 is pruned in Figure 3
becauseAB was already computed in ABD/AB Also,
cuboid A extending from ADis pruned becauseit was
already computed in ACD/A

Before intro ducing computation on the shared di-
mensions,we have the following lemma.

Lemma 1. If the measure of an icekerg cule is anti-
monotonic, and if the aggegate value on a shared di-
mension does not satisfy the icekerg condition, all the
cells extendel from this shared dimension cannot sat-
isfy the icekerg condition either.
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Figure 4: A fragmen t of the base cuboid tree

Rationale. Cells extended from a shared dimension
cortain moreattributes (i.e., dimensions)than thosein
the shareddimension. These new attributes o®ernew
partitions for the set of cells. If the shareddimension
does not satisfy the iceberg condition, the new par-
titioned set contains no more tuples (base cells) than
that in the shared dimension, and it will not satisfy
the condition either, based on the property of anti-
monotonicity [17]. Hencewe have the lemma. [

As an example, if the value in the shareddimension
Aisal and it fails to satisfy the iceberg condition, the
whole sub-treerooted at alCD/al(including alC/alG
alD/al, al/al) can be pruned.

The presenceof the shareddimensionsin the partial
ordering of top-down computation makesit possibleto
take the advantagesof the bottom-up evaluation. Sim-
ilar to BUC, Lemma 1 will allow us to partition and
prune basedon shareddimensions. By integrating the
top-down and bottom-up models, it givesusthe bestof
both worlds. One critical requiremert of the proposed
method is that aggregatevalue of the shared dimen-
sions must be calculated rst. For example, before
aggregatinga partition in the cuboid ABD the related
partition must be aggregatedin the shareddimension
ABalready. We will discusshow this can be achieved
later.

3.2 Cuboid Trees

We usetreesto represen individual cuboids. Figure 4
shows a fragment of the culoid tree of the basecuboid
ABCDEac level in the tree represens a dimension,
and ead node represerts an attribute. Each node
has four “elds: the attribute value, aggregatevalue,
pointer(s) to possible descendat(s), and pointer to
possiblesibling. Tuplesin the cuboid are inserted one
by oneinto the tree. A path from the root to a node
represens a tuple. For example, node c2 in the tree
has aggregate(count) value of 5, which indicates that
there are v e cellsof value{al bl c2 *}.

This represenation collapsesthe common pre xes
to save memory usageand allows us to aggregatethe
valuesat internal nodes. With aggregatevaluesat in-
ternal nodes,one can perform pruning basedon shared
dimensions. For example,the cuboid tree of ABcan be
usedto prune possiblecellsin ABD

|A[B|C|D]Count |
al [ bl |cl]dl
al|bl|c3|d3
al| b2 |c2| d2
a2 | b3 | c3 | d4
a2 | b4 | c3|d4

N e

Table 2: Base (Cub oid) Table: Before star reduction.

| Dimension [ Count = 1 | Count , 2 |

A - al(3);a2(2)

B b2; b3; b4 b1(2)

C cl;c2 c3(3)

D d1; d2; d3 d4(2)
Table 3: One-Dimensional  Aggregates

3.3 Star Nodes and Star Trees

If the single dimensional aggregate on an attribute
value p does not satisfy the iceberg condition, it is
uselessto distinguish such nodesin the iceberg cube
computation. Thusthe node p canbe replacedby @ so
that the cuboid tree can be further compressed.This
motivates us to introduce the concepts of star node
and star tree.

The node p in an attribute A is a star node if the
single dimensional aggregateon p doesnot satisfy the
iceberg condition; otherwise, p is a non-star node. A
cuboid tree that consistsof only non-star nodes and
star(-replaced) nodesis called a star-tree .

Let's seean example of star-tree construction.

Example 1. A basecuboid table is showvn in Table 2.
There are 5 tuples and 4 dimensions. The cardinalities
(number of distinct values) for dimensionsA B, C D
are 2, 4, 3, 4, respectively.

The one-dimensional aggregatesfor all attributes
are shavn in Table 3. Supposemin_sup= 2 (i.e., ice-
berg condition). Clearly, only attribute valuesal, a2,
b1, c3, d4 satisfy the condition. All the other values
are below the threshold and thus becomestar nodes.
By collapsingstar nodes,the reducedbasetable is Ta-
ble 4. Notice the table cortains two fewer rows and
also fewer distinct valuesthan Table 2.

Since the reduced base table is smaller than the
original one, it is natural to construct the cuboid tree
basedon the reduced one. The resultant tree is the
star-tree, which will be smaller due to the elimination
of trivial data. n

To help identify which nodesare star-nodes,a star-
table is constructed for eac star-tree. Figure 5 shows
the structure of the star-tree and its corresponding

|A|B|C|D]Count |
al|[bl| o] o 2
al| o | o o 1
a2 | o | c3|d4 2

Table4: Compressed Base Table: After star reduction.
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Figure 5: Star Tree and Star Table

star-table constructed from Table 4 (where only the
start nodes are showvn in the star-table). In actual
implemertation, one could use a bit-v ector or a hash
table to represern the star-table for fast lookup.

To ensurethat the table reduction performedin Ex-
ample 1 is correct, we needto shaw that the star-tree
compressionis lossless.

Lemma 2. Given a speci ¢ icekerg condition, the
compression performed for derivation of star-tree by
collapsing star nodesis loseless.

Rationale. If the single-dimensionalaggregatefor node
p in a particular dimension cannot satisfy the iceberg
condition, augmerting p with more dimensionscannot
derive any new aggregatethat can satisfy the iceberg
condition, basedon the Apriori property. Therefore,
it is safeto replacethat attribute with the star node,
denoted by *. By doing so, the cardinality of the di-
mensionwill be smaller and the corresponding cuboid
tree will be more compressedput it will not loseany
aggregatecell that satisfy the iceberg condition. [

3.4 Multi-W ay Star-T ree Aggregation

With the generatedstar-tree, one can start the process
of aggregation by traversing in a top-down fashion.
Traversal will be depth-rst. The rst stage (i.e., the
processingof the rst branch of the tree) is shawvn in
Figure 6. The leftmost tree in the gure is the base
star-tree. The subscripts by the nodesin the tree show
the order of traversal. The remaining four trees are
BCDACD/AABD/ABABC/ABGrom left to right. They
arethe child treesof the basestar-tree, and correspond
to the secondlevel in Figure 3. The subscriptsin them
correspond to the samesubscriptsin the basetree, and
they denotethe stepswhenthey are createdduring the
tree traversal. For example, when the algorithm is at
step 1, the BCDchild tree root is created. At step 2,
the ACD/Achild tree root is created. At step 3, the
ABD/ABRree root and the b* node in BCDare created.
When the algorithm has reached step 5, the trees
in memory are exactly asshown in Figure 6. Sincethe
depth-"rst traversal has reached a leaf, it will start
badktracking. Before traversing bad, the algorithm
notices that all possiblenodesin the basedimension

(ABQ have beenvisited.  This meansthe ABC/ABC
tree is complete sothe court is output and the tree is
destroyed. Similarly, upon moving bac from d* to c*
and seeingthat c* hasno siblings, the court in ABD/AB
is also output and the tree is destroyed.

When the algorithm is at b* during the badk-
traversal, it notices that there exists a sibling in b1l.
Therefore, it will keep ACD/AIn memory and perform
depth-rst seardh on bl just asit did on b*. This
traversal and the resultant trees are showvn in Figure
7. The two rightmost child treesare created again but
now with the new values from the bl subtree. The
treesthat remainedintact during the last traversalare
reusedand the new aggregatevaluesare addedon. For
instance, another branch is addedto the BCDiree.

Just like before,the algorithm will reacth a leaf node
at d* and traversebadk. This time, it will reach al and
notice that there exists a sibling in a2. In this case,all
child treesexceptBCOn Figure 7 are destroyed. After-
wards, the algorithm will perform the sametraversal
on a2. This is shawn in Figure 8. Notice that BCD
keepsgrowing while the others have started fresh.

There are seweral issuesthat we did not discussor
encourter here due to the simplicity of our basetable.
Also, we did not recursively build child trees. There
could alsobe the casethat a non-star node in the base
tree could becomea star-node in a child tree. We shall
discussthese and more issuesas follows.

34.1

The star-tree data structure is a compressedversion of
the original data. It provides a good improvemert in
memory usage;however, in general,searding in atree
still takestime. For example, to seard for a speci ¢
node in a particular level in Figure 5 would require
O(n) time wheren is the number of nodesin the level
or the cardinality of that dimension. To seard for an
ertire tuple would require O(dn) time where d is the
number of dimensions.

In order to reducesud cost, the nodesin the star-
tree are sorted in alphabetic order in each dimension.
For example, in Figure 6, the nodesin the rst level
are sorted in the order of al, a2. In general, all the
levels will have the order of *, pl, p2, :::, pn. The
position of the star-node can be anywhere but it is
the “rst in our implementation sincewe believe that it
may often occur more frequertly than any other single
node. This ordering allows a node to be easily located
during tree traversal,and it only needsto be doneonce
in the construction of the basecuboid. All the local
star-trees will be generatedfrom the basecuboid and
thus will inherit the ordering.

No de Ordering

3.4.2 Child Tree Pruning

A child tree is one level lower than the current tree,
e.g., alCD/alis a child of the base-treeas shawvn in
Figure 6. To improve cubing performance,one should
prune uselesschild trees. There are two conditions
that the current node must satisfy in order to generate
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Stage One: Processingof the left-most branch of Base-Tree
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Figure 8: Aggregation

Stage Three: Processingof the last branch of Base-Tree



child trees: (1) the measureof the current node must
satisfy the iceberg condition; and (2) the tree to be
generatedmust include at leastonenon-star (i.e., non-
trivial) node. This is becauséf all the nodeswere star
nodes, it meansthat none of them satis es min_sup
and is of no useto the iceberg cube. Therefore, it
would be a complete wasteto compute them.

The tree pruning basedon the secondcondition can
alsobe obsened in Figures 6{7. For example,the left
sub-tree extending from node al in the base-treein
Figure 6 does not include any non-star nodes. Ac-
cording to the secondcondition, the alCD/alsub-tree
should not have beengenerated. They were still gen-
erated in the "gure just for the illustration of the child
tree generation process.

3.4.3 Star Nodes

It is possiblethat a non-star nodein the basetree could
becomea star-node in a child tree. For example, a
node could just barely satisfy the iceberg condition in
the basetree, but whenit is divided in the child trees,
it no longer satis es the condition. For this reason,
it is required that all the nodes be cheded again in
the construction of child trees. That is, all the trees
shown in Figures 6{8 have their own star table which
will count the nodesand make them star-nodeswhere
appropriate.

3.5 Memory Managemen t

Due to the numerous construction and destruction of
cuboid trees in the algorithm, memory managemen
becomesan important issue. Instead of using the
standard memory allocation command (e.g., newand
delete in C++), we will instead maintain a free node
list. During the construction of a tree, whenewer a new
node is needed,the algorithm will just requesta node
from the free node list. When deallocating a node, the
algorithm will just add the node bad to the list of free
nodes.

To initialize the free node list, the algorithm will
allocate kdn nodesinto a node bu®er, where d is the
number of dimensions,n is the number of tuples, and k
is a scaling factor dependent on the iceberg condition.
The larger the minimum support is, the smaller k is.
In practice, a value of 0:2 is usually sucient for k. To
begin, the free node list is empty. New nodesfrom the
node bu®er are added to the list whenewer nodes are
needed. When the free node list and node bu®er are
both empty, more nodesare acquired from the system
memory.

This memory managemetn strategy provesto be an

e®ective optimization to the algorithm for two reasons:

(1) with the free node list, memory allocation com-
mands are replaced by pointer operations, which are
much faster; and (2) by avoiding constartly allocat-
ing and de-allocating small memory chunks (nodesare
small) in the system memory heap, fragmentation is
avoided.

In practice, the total memory requiremert is usually
lessthan kdn. This is becausehe star-tree compresses
the data.

Similar to the free node list, the algorithm main-
tains a free cuboid tree list aswell.

3.6 Dimension Ordering

Similar to other iceberg cube algorithms, Star-Cubing
is sensitive to the order of the dimensions. The goal
of ordering dimensionsis to prune the trees as early
as possible. The internal nodes whose aggregateval-
uesdo not satisfy the iceberg condition by the biggest
value should be processedearlier.

For the best performance, the dimensions are or-
dered on cardinality in descendingorder. Pleasenote
that this ordering is in reverse of the dimension or-
dering of the H-Treewhere dimensionsare ordered on
cardinality in ascendingorder (the dimensionwith the
least cardinality is on the top, the closestto the root).
The cardinality-descendingordering of the dimensions
on the star-tree may lead to the generation of bigger
initial (base) tree, but it leadsto a better chance of
early pruning. This is becausethe higher the cardi-
nality, the smaller the partitions, and therefore the
higher possibility that the partition will be pruned.

3.7 Star Table Construction

The star-tree is a major componert of the algorithm.
It collapsesthe attributes and makes the tree size
shrink quickly. To build the star-tree, the star-table
is needed. Although the cost to build the star-table
is non-trivial, without it the total computation of the
star-tree will be much more expensiwe.

There are, howewer, two situations where the star-
table does not needto be computed. First, no star-
table is neededin the computation of a full cute be-
causethere is no star node. Second,when a node is at
a high level of the ancestortree, i.e., the correspond-
ing partition is fairly big, the chancefor star node to
appear at this level is slim. It is not bene cial to com-
pute the star-table. One can usethe aggregatevalue
on the node to estimate whether a star-table should
be computed.

3.8 Star-Cubing Algorithm

Based on previous discussions,the Star-Cubing algo-
rithm is summarizedas follows.

Algorithm 1 (Star-Cubing. Compute iceberg cubes
by Star-Cubing

Input : (1) A relational table R, and (2) an iceberg
condition, min_sup (taking count asthe measure)
Output : The computed iceberg cube.

Metho d: Each star-tree correspondsto one cube-tree
node, and vice versa. The algorithm is described in
Figure 9.



BEGIN
scanR twice, createstar-table S and star-tree T;
output count of T:root;
call star cubing(T; T:root);

END

procedurestar cubing(T; cnodd// cnode: current node

1. for eachnon-null child C of T's cube-tree

2 insert or aggregatecnodeto the corresponding
position or node in C's star-tree;

s if (cnode:count, min_sup) f

4 if (cnode 6 root)

5. output cnode.court;

6. if (cnode is a leaf)

7 output cnode.court;

8 elsef // initiate a new cube-tree

0 createCc asa child of T's cube-tree;

10. let Tc asCc's star-tree;
1. Tc:root’s count = cnode:count
12. g

u. if (cnodeis not a leaf)

15, call star cubing(T; cnode:fir st_chil d);
6. if (Cc is not null) f

17, call star cubing(T¢; T :root);

18, removeCc from T's cube-tree; g

10. if (cnodehas sibling)

20, call star cubing(T; cnode:sibing);

21 removeT,

Figure 9: The Star-Cubingalgorithm

Analysis.With the step-by-step discussionsn this sec-
tion, the program is self-explanatory Basedon Lem-
mas 1 and 2, the algorithm derivesthe complete and
correct iceberg cube with the input table R, and the
iceberg condition, min_sup.

The ezciency of the algorithm is basedon three
major points: (1) It usesiceberg pruning. With atree
structure, ead nodein the basetree is a potential root
of child tree. The aggregatevalue of that root can be
tested on the iceberg condition and unnecessaryaggre-
gates are avoided. (2) It exploresthe multi-w ay tree
aggregation. By scanningbasetree once,it aggregates
value on multiple children trees. (3) It usesstar-tree
compression. The algorithm explores the star-nodes
under the iceberg threshold and builds star-table for
ead tree. The star-nodes make tree shrink quickly.
Thus both computation time and memory requiremert
are reduced. [

4 Performance Analysis

To chedk the exciency and scalability of the proposed
algorithm, a comprehensie performancestudy is con-
ducted by testing our implementation of Star-Cubing
against the best implementation we can achieve for
the other three algorithms: Multiway, BUC, and H-

Cubing basedon the published literature. All the four
algorithms were coded using C++ onan AMD Athlon
1.4GHz systemwith 512MB of RAM. The systemran
Linux with a 2.4.18kernel and gcc 2.95.3. The times
recorded include both the computation time and the
I/O time. Similar to other performancestudiesin cube
computation [25, 6, 11], all the tests usedthe data set
that could 't in main memory.

For the remaining of this section, D denotes the
number of dimensions, C the cardinality of ead di-
mension, T the number of tuples in the base cuboid,
M the minimum support level, and S the skew or zipf
of the data. When S equals0:0, the data is uniform;
as S increases,the data is more skewed. S is applied
to all the dimensionsin a particular data set.

4.1 Full Cub e Computation

The “rst set of experiments compare Star-Cubingwith

all the other three algorithms for full cube computa-
tion. The performanceof the four algorithms are com-
pared with respect to tuple size (Figure 10), cardinal-
ity (Figure 11) and dimension (Figure 12). In the Trst

experiment, we randomly generateddata setswith 5
dimensions,varying the number of tuples from 1000K
to 1500K. In the secondexperimert, we varied the car-
dinalities for ead dimensionfrom 5 to 35. Finally, we
increaseddimensionnumber from 3 to 7 while keeping
the cardinality of eat dimensionat 10. The tuple size
for latter two datasetswas 1000K. All the data were
uniformly distributed, i.e., skew was 0.

The experimental results are showvn in Figures 10
{ 12. We did not use more dimensions and greater
cardinality becausein high dimensionand high cardi-
nality datasets, the output of full cube computation
gets extremely large, and the output I/O time dom-
inates the cost of computation. This phenomenonis
also obsened in [6] and [18]. Moreover, the existing
curveshave clearly demonstrated the trends of the al-
gorithm performancewith the increaseof dimensions
and cardinality.

There are three main points that can be taken from
these results. First, Star-Cubing and MultiWay are
both promising algorithms under low dimensionality,
densedata, uniform distribution, and low minimum
support. In most cases,Star-Cubing performs slightly
better than MultiWay. The performance of MultiWay
degradedquickly when dimension increased.

Second,in those cases,BUC shawed the worst per-
formance. BUC was initially designedfor sparsedata
set. For densedata, the cost of partition is high, and
the overall computation time increases.

Third, the two H-Cubingalgorithms performed pro-
gressiely worse as cardinality increased. This is be-
causewhen cardinality is high, the H-Tree built from
the initial data is wider and traversal on the H-Tree
to maintain the links costsmore time. Although Star-
Cubing usesa similar tree structure as H-Treg Star-
Cubing generates sub-trees during the computation
and the tree sizesare shrinking quickly.
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4.2

Iceb erg Cub e Computation skewed data will get more compressionin star-tree,

The secondset of experiments comparethe four algo-
rithms for iceberg cube computation. Except Multi-
Way, all the algorithms tested use someform of prun-
ing that exploits the anti-monotonicity of the count
measure. As seenin the previous experiments, both
Multiw ay and H-Cubingdo not perform well in high di-
mensionand high cardinality datasets. We compared
BUC and Star-Cubing under high dimension and high
cardinality individually . The results are shown in Fig-
ures 13{15.

The data set usedin Figure 13 had 1000K tuples
with 7 dimensionsand 0 skew. The min_supwas 1000.
The cardinality of eat dimensionwasincreasedfrom 5
to 15. We canseethat BUC and Star-Cubingperformed
better in sparsedata. We further comparedthesetwo
algorithm with higher dimension and cardinality.

In Figure 14, the data set had 1000K tuples with
10 dimensions,ead with cardinality of 10. The skew
of data was 0. At the point where min_sup is 1000,
Star-Cubingdecreaseshe computation time more than
50% comparing with BUC. The improvemerts in per-
formance get much higher when the min _sup level de-
creases.For example,when min _supis 50, Star-Cubing
runs around 5 times faster than BUC. The I/O time
no longer dominates the computation here.

Figure 15 shows the performance comparison with
increasing cardinality. Star-Cubingis not sensitive to
the increaseof cardinality; however, BUC improvesits
performancein high cardinality due to sparsercondi-
tions. Although a sparsercube enablesStar-Cubingto
prune earlier, the star-tree is getting wider. The in-
creasein tree sizerequires more time in construction
and traversal, which negatesthe e®ectsof pruning.

We suggestswitching from Star-Cubingto BUC in
the casewhere the product of cardinalities is reason-
ably large comparedto the tuple size. In our exper-
iment, for 1000K tuple size, 10 dimensions,and min-
imum support level of 100, if data skew is O, the al-
gorithm should switch to BUC when cardinality for
ead dimensionis 40, if data skew is 1 (shown in Fig-
ure 15), the switching point is 100. The reasonthat
the switching point increasedwith data skew is that

thus will achieve better performance. We will show
more detailed experiments in the next section.

4.3 Data Skew

In this section, we will shaw that skewnessa®ectsthe
performance of the algorithms. We use Zipf to con-
trol the skew of the data, varying Zipf from 0to 3 (0
being uniform). The input data had 1000K tuples, 10
dimensions,and cardinality of 10 for ead dimension,
and the min_sup was 100.

Figure 16 shaws the computation time for the four
algorithms. Skewed data made Multiway, H-Cubing
and Star-Cubing perform better. BUC is the only
onethat degrades. Multiway improved becausemany
chunked arrays now hold a zero count while other
chunks hold a very big court. The array indices with
zerocourt do not needto be processedat all while the
bigger counts do not increasethe workload to Multi-
Way. The two H-Cubingalgorithms in Figure 16 start
performing much better once S was around 1:5. This
can be explained by the size of the H-Tree With
skewed data, ead node in the H-Tree is further re-
ducedin sizebecausenot all valuesin ead dimension
appear now. Soas S increasesthe H-Tree grew thin-
ner. Similarly, skewed data also makes the star-tree
thinner and thus achieve better performance.

We also compared BUC with Star-Cubingin sparse
dataset in Figure 17. The result is similar to Fig-
ure 16: BUCs performance degraded with increased
skew while Star-Cubingimproved. Even if the dupli-
cate collapsing code was added to BUC (BUC-Dedup)
[11], BUC still degradeduntil the duplications com-
pensatedfor the lossof pruning.

Finally, Figure 18 shaws the memory usageof Star-
Cubingcomparing with the original data size.

4.4 Additional

Star-Cubingrequiresthe construction of the star table
in advance. The bene'ts of the star table are profound:
it collapsesthe attributes dynamically and makesthe
star-tree shrink quickly. There are additional costs
that comewith this construction, but we will show that

Star-T able Aggregation



it is not a major expensein the context of computing
the iceberg cube. Furthermore, without the star-table,
the algorithm asa whole will su®er.

Figure 19 shows the comparison of computation
times between Star-Cubing with and without star-
tables. When the min_sup is 10, both perform sim-
ilarly; howewer, when the min_sup gets larger, star-
table contributes to reduce the size of star-tree, thus
reducesthe computation time. The proportion of time
usedin constructing the star-table over the total run
time is lessthan 30%.

4.5 Scalabilit y

Using dimension of 10, cardinality of 10, skew of 0,
minimum support of 100, we generated seeral data
setswith up to 1000Ktuples. Figure 20 showsthe scal-
ability of Star-Cubingwith respectto di®erert min_sup
level. The "gure shows Star-Cubingis scalablewith re-
spect to databasesize.

Figure 21 shaws the total memory requiremert with
respect to size of data sets. As seenfrom the "gure,
the total memory requiremert is slightly larger than
the original data size, and the total memory usageis
almost the samefor di®erert min_sup levels. This is
becausethe memory is mainly usedby the basetree.
The sub-treesare relatively small.

In summary, we have tested four cubing algorithms:
Multiway, BUC, H-Cubing and Star-Cubing with the
variations of density, min_sup, cardinality and skew-
ness. For densedata, Star-Cubingis always the best,
Multiway and H-Cubing are also good when dimen-
sionality is low. For sparsedata, both Star-Cubing
and BUC are good candidates. Usually, Star-Cubing
performs better than BUC. If the cardinality is low,
Star-Cubingruns seeral times faster than BUC. How-
ever, if the cardinality goesreally high, BUC performs
better. For skewed data, Star-Cubingimprovesits per-
formance when the data skew increases,while BUC's
performancedeteriorates. H-Cubing Top alsoperforms
very well for low-dimensional skewed data. Although
there is no all-around clear-cut winner; however, in
most cases, Star-Cubing performs better or substan-
tially better than others.

5 Discussion

In this section, we will discussa few issuesrelated to
Star-Cubingand point out somereseart directions.

5.1 Handling Large Databases

All the data setsusedin our performancetests can t

in main memory. One may wonder what may happen
if the dataset cannot 't in memory. Actually, Star-
Cubing does not require that the basestar-tree t in
memory. This is becausefor any branch of the base
star-tree, Star-Cubingwill needto scanit only once,as
demonstrated in Figures 6{8. Thus one can load the
star-tree page by page. When a used star-tree page
is swapped out, the spaceit occupiescan be released

sinceone will not needto visit it againin the cubing
process. Thus the largest star-tree, which is the ini-
tial basetree, will not needto be in memory. Only
the lower level, smaller trees will needto be kept in
memory during cube computation. Pleasenote that
the memory managememn method proposedin Section
3.5 has taken this factor into consideration, with the
additional optimization by designingour own excient
but simple memory managemen routines.

One may alsoconsiderthe casethat eventhe much
smaller, non-base trees may not 't in memory, al-
though we believe that suc a chanceis rare if the di-
mensionordering rule is obsened. In this caseonecan
adopt projection-based preprocessingsimilar to that
in FPtreebased frequent pattern mining [12] and do
cubing for ead projected database.

5.2 Computing Complex Measures

Throughout the paper, we have used count() as
the iceberg measure. Complex measuressud as
average() can be easily incorporated into our algo-
rithm, basedon the technique proposedin [11].

For example, for computing iceberg cube with the
condition, \min_sup(c) = k and average(c) > v", for
ead cell c, one may store top-k quant-info at eadh
node of the tree and use the sametechnique as that
proposedin [11, 15] to perform anti-monotonicit y test-
ing to “Tter out those unpromising nodes during the
cube computation process.Computing other complex
measuresmay adopt the similar techniques suggested
in [11].

5.3 Materializing
Dimensional

only Cub e Shells in a High
Cube

Due to the nature of the exponertial growth of the
number of cellsin a data cube with the growth of the
number of dimensions, it is unrealistic to compute a
full cube or even an iceberg one for high dimensional
data cubes. Instead, one may compute only the cube
\shells" in a high dimensional cube by materializing
only those cuboids that consist of a small number of
dimension combinations. That is, one may material-
ize only up to m-dimensional cuboids in an n-D cube,
where m is a small integer, such as 5, but n could be
nontrivial, sud as50.

Bottom-up processing,such as BUC and H-Cubing
canhandlesud \shell" computation naturally because
it computes cuboids from low dimensional combina-
tions to higher ones. However, the pure top-down cub-
ing, sudh asMultiWay, will encourter its dixcult y since
it computesfrom high-dimension combination toward
lower ones. Without computing from 50-dimensional
cuboid to 49-,48-, ..., onecannot reach small dimen-
sional cuboid computation.

Star-Cubing solves this ditcult y nicely by explor-
ing the notion of share dimension. Since the maxi-
mum number of generateddimensionscannot be over
5 (supposem = 5), instead of trying to project and
generate unneededdimension combinations, only the



shareddimensionswith dimensionno more than 5 will
be generatedand examined. Thus the computation is
in the same spirit as bottom-up processing,and the
derived algorithm should still be excient, with no ad-
ditional overhead.

6 Conclusions

For excient cube computation in various data distri-
butions, we have proposed an interesting cube com-
putation method, Star-Cubing that integrates the
strength of both top-down and bottom-up cube com-
putation, and exploresa few additional optimization
techniques. Two optimization techniques are worth
noting: (1) sharedaggregationby taking advantage of
shared dimensionsamong the current cuboid and its
descendah cuboids; and (2) prune as soon as possi-
ble the unpromising cells during the cube computa-
tion using the anti-monotonic property of the iceberg
cube measure. No previous cubing method has fully
explored both optimization methodsin onealgorithm.
Moreover, a new compressedata structure, star-tree,
is proposed using star nodes. And a few other opti-
mization techniquesalso cortribute to the high perfor-
mance of the method.

Our performance study demonstrates that Star-
Cubingis a promising method. For the full cube com-
putation, if the dataset is dense,its performance is
comparable with MultiWay, and is much faster than
BUC and H-Cubing If the data set is sparse, Star-
Cubing is signi cantly faster than MultiWayand H-
Cubing and faster than BUC, in most cases. For
iceberg cube computation, Star-Cubing is faster than
BUC, and the speedupis more when the min _sup de-
creases.Thus Star-Cubingis the only cubing algorithm
sofar that has uniformly high performancein all the
data distributions.

There are many interesting researt issuesto fur-
ther extend the Star-Cubing methodology. For ex-
ample, excient computation of condensedor quo-
tient cubes,computing approximate cubes,computing
cube-gradierts [14], and discovery-driven exploration
of data cubes[19] using the Star-Cubing methodology
are interesting issuesfor future researdt.
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