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ABSTRACT
The skyline query is important in many applications such
as multi-criteria decision making, data mining, and user-
preference queries. Given a set of d-dimensional objects,
the skyline query finds the objects that are not dominated
by others. In practice, different users may be interested
in different dimensions of the data, and issue queries on
any subset of d dimensions. This paper focuses on support-
ing concurrent and unpredictable subspace skyline queries in
frequent updated databases. Simply to compute and store
the skyline objects of every subspace in a skycube will in-
cur expensive update cost. In this paper, we investigate
the important issue of updating the skycube in a dynamic
environment. To balance the query cost and update cost,
we propose a new structure, the compressed skycube, which
concisely represents the complete skycube. We thoroughly
explore the properties of the compressed skycube and pro-
vide an efficient object-aware update scheme. Experimental
results show that the compressed skycube is both query and
update efficient.

1. INTRODUCTION
Given a set of d-dimensional objects, the skyline query re-

turns the “best” objects that are not dominated by others.
An object t1 dominates another object t2 if t1 has equal or
smaller values than t2 in all dimensions, and has a smaller
value in at least one dimension. In fact, the preference func-
tion “dominate” can also be defined in other ways as long as
it is monotone on all dimensions. Without loss of generality,
we use the MIN operation in this paper. A classic example
of the skyline query is to find hotels in Nassau (a city in Ba-
hamas) that are cheap and close to the beach. In Figure 1,
suppose the 2-dimensional objects represent the hotels, and
each dimension is an attribute of the data (e.g. the price).
The skyline consists of objects t1, t4, t6 and t8.
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Figure 1: A classic example of the skyline query.

Since it was introduced by Börzsönyi et al. [7], the skyline
query has attracted considerable attention, largely due to its
importance in multi-criteria decision making, data mining
[12], and user-preference queries [11]. Traditional skyline
computation [2, 3, 8, 9, 10, 13, 15, 16, 19] is restricted to
a fixed set of dimensions that are interesting to the skyline
queries. Based on the a-priori information, indices can be
used or data can be pre-sorted on the query dimensions to
expedite the query processing. Recently, research [17, 21,
20] on the skyline query has shifted to the subspace skyline
computation, which do not assume the knowledge of the
query dimensions. Given a set of objects with d dimensions,
different users may be interested in different dimensions of
the data. Therefore, the skyline queries can be issued on any
subset of the d dimensions. In general, a d-dimensional space
contains 2d −1 subspaces, and a subspace skyline query asks
for the skyline in one of the 2d − 1 subspaces. In particular,
the space of d dimensions is called full-space. In the previous
example of the hotels in Nassau, suppose each hotel has
three attributes, distance (to the beach), price and rating.
A user interested in price and rating of the hotels can issue
a skyline query on the subspace 〈price, rating〉.

In an online system that accepts multiple concurrent sub-
space skyline queries, the query response time is important,
and on-the-fly approaches (e.g. [20]) are usually unsatisfac-
tory. Due to the fact that the subspaces of users’ interests
are unpredictable, Yuan et al. [21] proposed the concept of
Skycube, which is the complete computation of all possible
subspace skylines. Similar to the idea of the data cube [1]
in the data warehouse, the skycube consists of the skylines
of all possible subspaces. [21] provided bottom-up and top-
down methods for the initial computation of skycube.

However, the previous work on the skycube overlooked an
important fact that the data are not static. In many applica-
tions, objects change their attribute values; new objects are



added; and outdated data are deleted. Frequently updated
databases are not uncommon in the real world, especially
in online query processing systems. For example, in an on-
line hotel information system (e.g. hotels.com), prices of
hotels change according to time, availability and the prices
of other facilities. Another example is the sensor network,
where sensors report various statistics of different locations,
such as temperature, humidity, wind speed and etc. Those
attributes’ values are changing over time. In addition, sen-
sors may lose connections or reconnect to the server. There-
fore, in a dynamic environment, the subspace skyline queries
issued at different time may get different objects. The pre-
computed results (e.g. the skycube) need to be updated to
reflect the correct results.

Naively, the skycube is recomputed upon each update.
This straightforward method is extremely inefficient and in
turn affects the query performance of the online server, since
the server needs to spend most of the time recomputing the
correct skycube. In the frequently updated databases, the
update cost is not negligible. A good update scheme is more
important than the initial computation of the results, since
the processing time of updates is much less tolerable than
that of the initial computation. To the best of our knowl-
edge, this paper is the first work addressing the efficient
update support of the skycube in dynamic environments.

Updating the skycube is inherently expensive because it
contains a huge number of duplicates and needs to maintain
complete subspace skyline in every cuboid. In this paper,
we first aim at improving the storage of the skycube to sup-
port efficient update. We propose a new structure called the
Compressed Skycube, based on the concept of the minimum
subspaces. The compressed skycube concisely represents the
complete skycube and preserves the essential information of
subspace skylines. Each skyline object is stored only in the
cuboids which correspond to its minimum subspaces, and
the compressed skycube contains only non-empty cuboids.
Compared to the original skycube [21], the compressed sky-
cube has much less duplicates among cuboids, and does not
need to contain all cuboids. We thoroughly explore some in-
teresting properties of the compressed skycube and provide
an efficient query processing algorithm.

Recomputing everything upon updates is obviously un-
acceptable because of the expensive costs of cuboid com-
putations and disk accesses in retrieving objects. To mini-
mize such costs during the updates of objects, we propose
the object-aware update scheme for the compressed skycube.
More specifically, we differentiate various cases such as when
an update needs to retrieve new objects from the disk, when
existing objects in the compressed skycube are affected, and
etc. The analyses of these cases are not trivial. Further-
more, given a new object t in the full-space skyline, we need
to identify the minimum subspaces of t in order to insert
t into the compressed skycube. As we will see, identifying
the minimum subspaces of a full-space skyline object is chal-
lenging. We propose a novel solution to efficiently report the
minimum subspaces.

To sum up, our key contributions are:

1. We propose the compressed skycube which concisely
represents the complete skycube. We thoroughly ex-
plore the properties of the compressed skycube and
provide an efficient query processing algorithm. Using
the compressed skycube, a generic system is proposed
to answer online concurrent skyline queries.

2. We propose the object-aware update scheme for the
compressed skycube. We carefully design and ana-
lyze the scheme to avoid unnecessary disk accesses and
cuboid computation, so that the update of the com-
pressed skycube is both incremental and scalable.

3. It is non-trivial to find minimum subspaces for a new
full-space skyline object. We propose a novel solution
for identifying the minimum subspaces of a full-space
skyline object, without generating any false positive
subspaces.

The rest of this paper is organized as follows. Section
2 reviews the existing work on computing the skyline and
subspace skyline queries. Section 3 presents the structure
of the compressed skycube and its query processing system.
In Section 4, we discuss how to maintain the compressed
skycube upon updates of objects. Finally, Section 5 shows
our experimental results and Section 6 concludes this paper.

2. RELATED WORK
The skyline query can be traced back from 1960s in the

theory field, where the skyline is called the Pareto set, and
the skyline objects are called admissible points [4] or max-
imal vectors [6]. The corresponding problem in the the-
ory field is known as the maximal vector problem [14, 18].
Several main-memory algorithms [14, 6, 5] have been pro-
posed to solve the maximal vector problem. However, in the
database context, those main-memory algorithms are inef-
ficient for the skyline query, due to the large sizes of data
sets. In Section 2.1, we review the external algorithms for
the full-space skyline query. In Section 2.2, we review sub-
space skyline queries and the skycube.

2.1 Full-space Skyline
Börzsönyi et al. [7] proposed first two algorithms for the

skyline computation. The BNL (block nested loop) algo-
rithm compares every object with others and produce a
block of skyline objects in every iteration. The m-way DC
(divide and conquer) algorithm recursively divides the ob-
jects into m partitions such that each partition fits into main
memory. It produces the final skyline objects by merging
the local skyline in each partition. Both BNL and m-way
DC extend their main-memory counterparts by taking into
consideration the memory size.

BNL makes many unnecessary comparisons between ob-
jects that are not in the skyline. To eliminate those com-
parisons, SFS [9] (sort filter skyline) sorts the entire data
first, according to some monotonic function of the skyline
dimensions. The skyline objects are output to a window. If
the window is large enough, each object is compared only
with the skyline objects, and objects put into the window
are guaranteed to be in the skyline. Otherwise, some ob-
jects will be put in a temporary file as BNL does. SFS
always takes the minimum number of iterations. Recently,
Godfrey et al. [10] proposed another generic algorithm LESS
(linear elimination sort for skyline), aimed at improving the
asymptotic complexity. LESS also requires the data to be
pre-sorted, while it eliminates some non-skyline objects in
the external sort routine. LESS achieves O(dn) average-case
cost, where d is the dimensionality and n is the cardinal-
ity. Tan et al. [19] proposed an alternate method, Bitmap.
Bitmap maps each object to a bit string, and the skyline is
computed using efficient bit operations.



Parallel to the above generic algorithms that do not rely
on any index, several index-based algorithms have also been
proposed to provide pruning power, so that only a fraction
of data need to be visited. The first index-based algorithm,
Index, was proposed in [19]. There are d lists, and an object
appears in ith list if its ith coordinate-value is the minimum
among all the dimensions. The ith list is sorted in ascending
order of the ith coordinate-value. Then Index scans the d
lists sequentially and simultaneously from the first entries.
If the current unexamined object in a list has the key value
larger than the the maximum coordinate-value of some ob-
ject, the remaining of the list can be pruned.

NN [13] (nearest neighbor) and BBS [16] (branch and
bound skyline) compute the skyline using nearest neighbor
search, and prune the search space using the newly found
nearest neighbor object. The difference is that NN issues
multiple nearest neighbor queries, while BBS only traverse
the index once. It can be proved that BBS achieves I/O
optimal.

There have also been a number of other papers concerning
the skyline query in some specific settings. Balke et al. [3]
solved the skyline query in a distributed environment. Lin
et al. [15] discussed the sliding window skyline queries over
data stream. Chan et al. [8] studied the computation of
skyline queries with partially-ordered attributes.

2.2 Subspace Skyline and the Skycube
Methods in Section 2.1 either explicitly or implicitly rely

on the assumption that the query dimensions are fixed. Lat-
est research [21, 17, 20] has shifted to a more general sce-
nario, where the query dimensions can vary. Given a set of
objects with d dimensions, a skyline query can be issued on
any subset of the d dimensions. The interested subset of d
dimensions is called subspace and the corresponding skyline
query is called subspace skyline query. Full-space skyline
approaches are optimized for a fixed set of dimensions, thus
are not efficient for the general case.

Pei et al. [17] discussed the subspace skylines primarily
from the view of the query semantics. They solved the sky-
line membership query, why and in which subspaces is an
object in the skyline, by using the notion of skyline group.
A skyline group G in subspace U is the set of objects that
share the same values on U and are in the skyline of U . All
objects in G do not share any value on any other dimension
u /∈ U , and no other object o /∈ G shares the same value
with objects in G on U . The skyline membership query
can then be answered by using the skyline group lattice, in
which each skyline group forms a node. However, there is
no guarantee that the number of skyline groups is smaller
than the number of subspaces, as one subspace may contain
many skyline groups, especially in dense data space.

Independently, Yuan et al. [21] proposed Skycube which
is the complete computation of all possible subspace sky-
lines. Similar to the idea of data cube [1] in the data ware-
house, the skycube consists of the skylines of 2d subsets of
d dimensions, as shown in Figure 2(a). With the complete
skycube, the subspace skyline query can be answered with
little overhead cost. [21] focused on the initial construction
of the skycube, where computations can be shared by dif-
ferent subspace skylines. Two approaches were proposed,
the BUS (bottom-up skycube) and the TDS (top-down sky-
cube). BUS extends SFS by sharing d sorted lists of objects
(d is the dimensionality) during the computation. It com-
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Figure 2: Illustration of the skycube and a skylist.

putes the skycube by levels from bottom to the top. Lower
level cuboids are merged to form (part of) the upper level
parent cuboids. TDS extends DC by sharing the partitions
and merging along a path of cuboids. In particular, a struc-
ture called skylist is utilized in TDS. A skylist stores the
skylines of a path without duplications. For example, the
skylist of B, BC, BCD is shown in Figure 2(b). A cuboid ui

(e.g. BC) contains objects in the skyline of ui but not in the
skylines of its descendant subspaces (e.g. B). To compute
the skycube, TDS constructs

`

d
⌈d/2⌉

´

skylists/paths, and the

each cuboid can be computed along the path. However, [21]
did not discuss how to maintain the skycube upon updates
and how to balance the query and update costs, which are
the focuses of our paper.

Recently, [20] proposed an index-based method, SUB-
SKY, to compute skylines in low-dimensionality subspaces
(e.g. 2), while the total dimensionality may be high (e.g.
10). Based on the data distribution, SUBSKY creates an
anchor point for each cluster, and builds a B+-tree on the
L∞ distance between each object to its corresponding an-
chor. There are two problems in SUBSKY, however. First,
the anchor points are never modified after the initial com-
putation. Since the pruning power is largely decided by the
choice of the anchor points, SUBSKY is not suitable for dy-
namic data where the data distribution may change over
time. Second, SUBSKY’s pruning ability deteriorates fast
with the increase of query dimensionality, which makes it
inappropriate for computing the skylines of all subspaces.

3. THE COMPRESSED SKYCUBE
We assume our problem setting is an online system that

accepts concurrent subspace skyline queries. The data ob-
jects have d attributes (dimensions), whose values may be
frequently updated. We further assume the subspace skyline
queries are unpredictable, such that a skyline query may be
issued on any subset of the d dimensions. Due to the con-
currentness and unpredictability of the skyline queries, our
solution can efficiently answer any subspace skyline query
without accessing the disk at the query time.

To balance the query and update costs, we propose a new
structure, the Compressed SkyCube (CSC), which concisely
represents all subspace skylines. In this section, we thor-
oughly explore the properties of the compressed skycube
and provide the query processing algorithm, while in Sec-
tion 4, we design an object-aware update scheme for the
efficient maintenance of the compressed skycube. Based on
the compressed skycube, a generic framework of an online
system for subspace skyline queries is proposed at the end
of this section. Table 1 summarizes the notations used in
this paper.



Notation Definition

D full-space
U , V subspace/cuboid
d dimensionality of the full-space
ui one dimension (1 ≤ i ≤ d)
t a tuple/an object
sky(U) the skyline of subspace U
mss(t) the set of minimum subspaces of t
t(ui) the value of t on dimension ui

Table 1: Summary of notations.

3.1 Structure of the Compressed Skycube
A complete computation of all subspace skylines forms

the skycube, where each subspace is also called a cuboid.
Let us see a running example. Given a table of objects with
4 attributes (u1 through u4) in Figure 3, the corresponding
skycube is shown in Figure 4. For clarity, we divide the
table in Figure 3 into three parts. The first four tuples are
in the full-space skyline, i.e in the cuboid 〈u1, u2, u3, u4〉.
The next two tuples are not in the full-space skyline but
appear in some subspace skylines (e.g. t4 is in the cuboid
〈u4〉). The last three tuples are not skyline objects in any
subspaces, thus do not appear in the skycube. To answer a
skyline query of some subspace U , we can go to the cuboid
U and return the result tuples immediately.

u1 u2 u3 u4

t1 3 4 2 5
t5 2 2 3 1
t6 6 1 1 3
t7 1 3 4 1

t4 4 3 6 1
t9 2 2 3 7

t2 4 6 7 2
t3 9 7 5 6
t8 6 5 3 8

Figure 3: Dataset.

Cuboid Skyline

u1 t7
u2 t6
u3 t6
u4 t5, t7, t4

u1, u2 t5, t6, t7, t9
u1, u3 t1, t5, t6, t7, t9
u1, u4 t7
u2, u3 t6
u2, u4 t5, t6
u3, u4 t5, t6

u1, u2, u3 t1, t5, t6, t7, t9
u1, u2, u4 t5, t6, t7
u1, u3, u4 t1, t5, t6, t7
u2, u3, u4 t5, t6

u1, u2, u3, u4 t1, t5, t6, t7

Figure 4: Cuboids of the
skycube.

However, maintaining the skycube upon frequent updates
is expensive. There are two main reasons why the skycube
is inefficient for updates. First, there are a huge number of
duplicates among the cuboids. For example, in Figure 4,
t6 is stored in 12 of the total 15 cuboids, and t5 is stored
in 10 cuboids. Thus, if the tuple t5 is updated, large part
of the skycube needs to be updated. Second, each cuboid
needs to maintain complete results. If an object is updated,
every affected cuboid needs to be recomputed to reflect the
correct results, no matter whether the updated object is in
the cuboid or not. The re-computation of a cuboid is expen-
sive. Therefore, although there is little cost in retrieving the
query results, updating the skycube becomes the bottle-neck

of the query processing in a dynamic environment with fre-
quent updates. Incoming queries will be blocked when the
system is updating the whole cube.

In frequently updated databases, balancing the query cost
and the update cost is important. The skycube is one ex-
treme case where the query cost is almost zero while the
update cost is too much. Another extreme case is that we
do not precompute any cuboid. Then the query cost is ex-
pensive as the query needs to access the whole dataset, while
the update cost is small (assuming no complex index on the
data). To combine the benefits of the two extreme cases,
we aim at minimizing the storage of the skycube to sup-
port more efficient update, without compromising the query
efficiency. We first introduce the concept of the minimum
subspace, which is the basis of our new compressed structure.
It makes possible the elimination of many duplicates.

Definition 1. Given an object t, the minimum subspaces

of t, denoted as mss(t), is a set of all subspaces, such that
∀U ∈ mss(t), t ∈ sky(U), and ∀V ⊂ U , t /∈ sky(V ).

Examples of the minimum subspaces is shown in Figure 5
(using the dataset in Figure 3). Take t5 for instance. Tu-
ple t5 is a skyline object in the following 10 cuboids, 〈u4〉,
〈u1, u2〉, 〈u1, u3〉, 〈u2, u4〉, 〈u3, u4〉, 〈u1, u2, u3〉, 〈u1, u2, u4〉,
〈u1, u3, u4〉, 〈u2, u3, u4〉 and 〈u1, u2, u3, u4〉. Among them,
only three cuboids, 〈u4〉, 〈u1, u2〉, 〈u1, u3〉, are mss(t5). For
most objects, especially the full-space skyline objects, the
number of minimum subspaces is much smaller than the
number of all subspaces where an object is a skyline object.

Minimum Subspaces

t1 〈u1, u3〉
t5 〈u4〉, 〈u1, u2〉, 〈u1, u3〉
t6 〈u2〉, 〈u3〉
t7 〈u1〉, 〈u4〉

t4 〈u4〉
t9 〈u1, u2〉, 〈u1, u3〉

Figure 5: Minimum sub-
spaces.

Cuboid Skyline

u1 t7
u2 t6
u3 t6
u4 t5, t7, t4

u1, u2 t5, t9
u1, u3 t1, t5, t9

Figure 6: Cuboids of the
compressed skycube.

Based on the minimum subspaces, we define the com-
pressed skycube as follows.

Definition 2. The compressed skycube (CSC) consists
of non-empty cuboids U , such that an object t is stored in
a cuboid U if and only if U ∈ mss(t).

Figure 6 shows the cuboids of the compressed skycube.
Compared to 15 cuboids in the skycube, CSC contains only
6 non-empty cuboids. Each cuboid in CSC contains only
those objects, of which the cuboid is one of their minimum
subspaces. Thus, the set of objects stored in a cuboid in CSC
is a subset of objects in the corresponding cuboid in the sky-
cube. Also, due to the small number of minimum subspaces
of most objects, CSC has much less number of duplicates
among the cuboids than the skycube. For example, while t6
appears in 12 cuboids in the skycube, it only appears in two
cuboids, 〈u2〉 and 〈u3〉, in CSC. Furthermore, the number
of objects in each cuboid of CSC is more balanced. Un-
der the independent distribution assumption, the expected
number of skyline objects is O(lnk−1 n/(k − 1)!) [6], where



n is the number of total objects and k (1 ≤ k ≤ d) is the
query dimensionality. Higher dimensional cuboids usually
have much larger number skyline objects (assuming n ≫ d).
In CSC, since objects do not appear in the cuboids which
are supersets of the (low dimensional) minimum subspaces,
the cuboid loads are more balanced.

The complete CSC structure of the above example is shown
in Figure 7. It consists of two parts: the non-empty cuboids
corresponding to the minimum subspaces and two object
lists. The cuboids are organized in up to d levels. Because
the object size is usually large due to high dimensionality,
we store the pointers of objects in the cuboid instead of the
actual object. For clarity, in Figure 7, we highlight only the
pointers between t5 and its minimum subspaces using solid
lines. As we will see, the full-space skyline objects (sky(D))
are particularly important in our update scheme. Therefore,
we store sky(D) in one list and other skyline objects in an-
other list. To facilitate searching, the two lists can be sorted
in ascending order by a monotone function on D. For ease
of discussion, we specify the monotone function to be the
entropy scoring function [9] in the rest of this paper.

F
ull−

space skyline

t

1t

7t

6t
u1 u2 u3 u4

u1 u2 u1 u3
9t

4t

Level 1

Level 2

5

Figure 7: The complete CSC structure.

One property of CSC is that the number of non-empty
cuboids is solely decided by sky(D). In other words, there
does not exist a cuboid which only contains objects not in
sky(D). This property is important as it implies that the
full-space skyline plays a key role in our update scheme of
CSC (to be discussed in Section 4). Intuitively, as long as
the full-space skyline is unchanged, no new cuboid will be
added to CSC. Theorem 1 provides the theoretical basis of
this property.

Theorem 1. Given an object t and a subspace U ∈ mss(t),
at least one of the following two conditions holds: (1) t ∈
sky(D); and (2) ∃t′ ∈ sky(D), such that t and t′ share the
same values on U and U ∈ mss(t′).

Proof. Since U ∈ mss(t), by Definition 1, t ∈ sky(U).
As proved in [21, 17], either t ∈ sky(D), or ∃t′ ∈ sky(D),
t′ shares the same values on U with t. If t ∈ sky(D), we
are done. Now we prove the case that if t /∈ sky(D), U is
a minimum subspace of t′. Suppose U /∈ mss(t′). Since
t′ ∈ sky(U), by Definition 1, ∃V , such that V ∈ mss(t′) and
V ⊂ U . Since t and t′ share the same values on U , they also
share the same values on V . Therefore, t ∈ sky(V ), which
contradicts with the fact that U ∈ mss(t).

Corollary 1.1. Each non-empty cuboid in CSC contains
at least one object in sky(D).

Proof. By Definition 2, if an object t is stored in U , U ∈
mss(t). By Theorem 1, either t ∈ sky(D), or ∃t′ ∈ sky(D),
such that U ∈ mss(t′), i.e. t′ is stored in U .

Our compressed skycube is also superior than the skylists
[21]. Recall that [21] divides the d-dimensional skycube into
`

d
⌈d/2⌉

´

paths (skylists) during the top-down computation of

the skycube. The skylists can be used to store the final re-
sults, such that there is no duplicate along a path. Besides
that the skylists have to keep all cuboids, we also prove in
Theorem 2 that the skylists store more objects than CSC. In-
tuitively, the skylists can not avoid duplicates among

`

d
⌈d/2⌉

´

paths, while CSC can avoid duplicates in all cuboids which
are supersets of the minimum subspaces.

Theorem 2. The compressed skycube has fewer duplicates
than the skylists.

Proof. We prove the theorem in two steps. First, we
show that any object in a cuboid of CSC must also appear
in the same cuboid of a skylist. Given an object t and a
subspace U ∈ mss(t), by Definition 1, ∀V ⊂ U , t /∈ sky(V ).
Let P be the skylist in the skylists that contains U . By the
definition of the skylist, U is the first cuboid in P such that
t ∈ sky(U). Therefore, t is stored in U in the skylist P .

Second, we show there exist objects that appears in cuboids
of the skylists but not in these of CSC. Let P be the path
in the skylists that contains only one cuboid U . Suppose an
object t is in cuboid V ⊂ U , such that t is not dominated
on subspace U − V by any other object ∈ V . Since t is also
not dominated on subspace V by any object not in cuboid
V , t ∈ sky(U). Since P contains only U , t is in cuboid U .
However, in CSC, since V ⊂ U , t is not in cuboid U .

3.2 Querying the Compressed Skycube
In this section, we present the query processing algorithm

on CSC. Our algorithm only visits CSC and does not ac-
cess the disk or the whole dataset at the query time. Since
CSC stores partial information (the minimum subspaces) in
each non-empty cuboid, a query may need to visit multiple
cuboids. Comparing to the skycube, we trade some of the
query efficiency for better storage and more efficient main-
tenance of CSC upon updates. In practice, due to the small
size of each cuboid and the local-comparison property (to be
explained shortly), the query performance of CSC is only
slightly affected. Figure 8 shows the algorithm QueryCSC.

Algorithm QueryCSC searches CSC by levels (step 4). By
Lemma 1, we only check the cuboids which is a subset of

Algorithm QueryCSC (UQ, l)
Input: Query subspace UQ in level l.

Output: The skyline sky(UQ).

1. If UQ is full-space, return the full-space skyline.
2. SK = ∅. /* sky(UQ). */
3. FP = ∅. /* false positives. */
4. For each non-empty level i that i ≤ l

4.1 For each non-empty cuboid V that V ⊆ UQ,

(1) if an object in V is in FP , continue.
(2) if an object in V is in SK, push objects domi-

nated by it on UQ into FP .
(3) compare the rest of the objects in V on dimen-

sions UQ, push skyline objects into SK and false
positives into FP .

5. return SK.

Figure 8: Algorithm QueryCSC.



the query subspace UQ (step 4.1). Intuitively, if an object
t ∈ sky(UQ), ∃V ∈ mss(t) such that V ⊆ UQ. Also, the vis-
ited cuboids may contain false positives. To filter the false
positives, Lemma 2 guarantees that we only compare objects
locally in the same cuboid (step 4.1(3)). With Lemma 2, the
query performance on CSC can be efficient. Since the size
of each cuboid in CSC is usually small, the local-comparison
property ensures that the number of comparisons among ob-
jects is small. Furthermore, to avoid repetitive comparisons,
we maintain the set of all false positives found so far, so that
the false positives are compared only once (step 4.1(1)).

The correctness of our query algorithm QueryCSC can be
easily proved by combining Lemma 1 and Lemma 2.

Lemma 1. Given a query subspace UQ and an object t, if
∀Ui ∈ mss(t), Ui * UQ, then t /∈ sky(UQ).

Proof. Suppose t ∈ sky(UQ). There exists a (smallest)
subspace V ⊆ UQ such that t ∈ sky(V ) and ∀V ′ ⊂ V ,
t /∈ sky(V ′). By Definition 1, V ∈ mss(t). It contradicts
with the assumption that ∀Ui ∈ mss(t), Ui * UQ.

Lemma 2. Given a query subspace UQ, an object t, and
a cuboid V such that V ∈ mss(t) and V ⊆ UQ, if t is not
dominated on UQ by any other object ∈ V , then t ∈ sky(UQ).

Proof. Since V ∈ mss(t), by Definition 1, t ∈ sky(V ).
Suppose t /∈ sky(UQ) and is dominated by an object t′ not
in cuboid V . Since V ⊆ UQ, t′ also dominates t on V , which
contradicts with the fact that t ∈ sky(V ).

Algorithm QueryCSC can be extended to handle multi-
ple queries simultaneously, if the query subspaces have con-
tainment relation. A query of subspace UQ will visit all
the cuboids needed for the queries of UQ’s subsets. They
can be answered in the middle of computing the query of
UQ. Therefore, concurrent queries with containment rela-
tions can be grouped and answered together with very little
additional cost.

Based on the compressed skycube, we further propose a
generic system for online concurrent skyline queries. The
illustration of the system is shown in Figure 9.

The CSC-based system has two major parts: the query
buffer and the CSC structure. The query buffer stores the
most frequently requested query results. If the requested
query results are not in the buffer, the query buffer will issue
a query-miss request to CSC, and new results are computed
in CSC. As we mentioned before, the query buffer can group
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Figure 9: Illustration of the generic query system
based on CSC.

a set of queries with containment relation in one query-miss
request. The CSC part monitors the updates of objects.
According to different objects, CSC decides whether it needs
to access the disk to retrieve new objects, or just to update
its cuboids. If some cuboids are updated, results in the query
buffer may not be accurate any more. CSC then invalidates
affected query results in the buffer.

The proposed system is both query-load aware and update
efficient. The storage of the system is optimized for balanc-
ing the query cost and the update cost. In the next section,
we discuss how to dynamically maintain CSC in frequently
updated databases.

4. UPDATING COMPRESSED SKYCUBE
Naively, the complete skycube is recomputed upon each

update. Such “blind” updating method is extremely in-
efficient. First, it needs to access disk pages to compute
the cuboids on every update. Second, computation may be
wasted as the skylines of many cuboids are not changed.

In this section, we propose our object-aware update scheme
for CSC. Intuitively, accessing disk pages is needed only if
the update of an object may introduce new objects to CSC.
That is, previous non-skyline objects become skyline objects
after the update. For those updates that can be proved not
to introduce new objects, disk accesses should be completely
avoided. Therefore, in order to minimize the number of data
and disk accesses, it is crucial to decide of which object the
update may need the retrieval of new objects for CSC. The-
orem 3 guarantees that, for any update of the object which
does not belong to the full-space skyline, disk accesses are
not necessary.

Theorem 3. Given an object t /∈ sky(D), any update of
t does not introduce new object (6= t) to CSC.

Proof. Let the updated value of t be tnew. Suppose
there is no update on other objects. Given that t /∈ sky(D),
we prove the theorem in two cases.

If tnew /∈ sky(D), sky(D) is not changed after the update
of t. According to Corollary 1.1, no new cuboid is added to
CSC. Since sky(D) remains the same in the existing cuboids,
it follows that any object ( 6= t) not in CSC can not appear
in any cuboid after the update of t.

If tnew ∈ sky(D), we prove the theorem by contradiction.
Let U ∈ mss(tnew), i.e. tnew ∈ sky(U). Suppose there exists
a new object t′ not in CSC sharing the same values on U
with tnew. Thus t′ ∈ sky(U), which is independent of t or
tnew. This contradicts with the assumption that t′ is not in
CSC before the update of t.

Based on Theorem 3, we differentiate sky(D) from other
objects, since only the updates of objects in sky(D) may
require accessing the disk. Recall that in CSC, we store
sky(D) in a sorted array based on the entropy function on
D. Therefore, to identify whether an object is an existing
full-space skyline object, we simply binary-search the array
using the entropy value of the object.

In Section 4.1, we present the details of handling updates
of objects not in the full-space skyline. Then in Section 4.2,
we discuss how to handle updates of full-space skyline ob-
jects. An important operation during updating CSC is to
identify the minimum subspaces of a new full-space skyline
object. As we will see shortly, the minimum subspaces of a



new full-space skyline object is not restricted to the existing
cuboids in CSC. In Section 4.3, we propose a novel algo-
rithm which reports the minimum subspaces of a full-space
skyline object without examining any other subspaces.

4.1 Handling Updates of Objects Not insky(D)
Given an object t, let tnew be the updated value of t.

Without loss of generality, we focus on value-change up-
dates. Insertion of a new object and deletion of an old object
are special cases of the value-change update. In this section,
we assume t is not a full-space skyline object. By Theorem 3,
we can safely remove t from every cuboid U ∈ mss(t) if t
is in CSC.1 To deal with tnew, we further differentiate two
cases based on whether tnew is in the sky(D) or not. In both
cases, no disk access is performed.

• Case 1 : tnew /∈ sky(D).

An important observation in this case is that, if neither t
nor tnew is in the full-space skyline, existing objects ( 6= t) in
CSC are not affected. According to Theorem 1, any object in
a cuboid U is either a full-space skyline object, or its values
on U overlap with some full-space skyline object. Therefore,
as long as the set of full-space skyline objects is not changed,
all other objects ( 6= t) remain in the same cuboids.

Based on the above observation, we handle Case 1 in two
steps. First, to decide whether tnew is in sky(D), we compare
tnew with the existing objects in sky(D) in ascending order
of their entropy values. Since tnew /∈ sky(D), let tf be the
first full-space skyline object encountered to dominate tnew .
This step finishes immediately after tf is found.

The second step is to determine the minimum subspaces
of tnew. It is proved in Theorem 4 that mss(tnew) is deter-
mined by the minimum subspaces of any full-space skyline
object that dominates tnew . Theorem 4 also justifies why
we do not need to search further than tf in the first step.
After checking mss(tf ), if mss(tnew) 6= ∅, we add tnew to
the cuboids in mss(tnew).

Lemma 3. Given two objects t and t′ such that t and t′

share the same values on a subspace U , U ∈ mss(t) if and
only if U ∈ mss(t′).

Proof. Two directions are symmetric. We prove only
one direction, and the other one can be proved exactly in the
same way. If U ∈ mss(t), since t and t′ share the same values
on U , t′ ∈ sky(U). By Definition 1, ∃V ⊆ U , V ∈ mss(t′).
Since t and t′ also share the same values on V , t ∈ sky(V ).
Thus U ⊆ V . Therefore, U = V and U ∈ mss(t′).

Theorem 4. Given an object t and any full-space skyline
tf which dominates t, mss(t) ⊆ mss(tf ).

Proof. Let U be the subspace on which t and tf share
the same values. By Lemma 3, ∀V ⊆ U , if V ∈ mss(tf ),
V ∈ mss(t). Since tf strictly dominates t on D−U , t can not
be in the skyline of any subspace V ′, V ′ ∩ (D−U) 6= ∅.

Let us see an example using the dataset in Figure 3. As-
sume t9 is not in the table and we are about to insert t9 into
the table. We compare t9 with the full-space skyline objects
in the array shown in Figure 7. Since the first object t5
1This can be decided by searching the array which contains
the objects not in sky(D).

dominates t9, we stop searching and check mss(t5) to de-
termine mss(t9). The minimum subspaces of t9 are 〈u1, u2〉
and 〈u1, u3〉, as t9 overlaps with t5 on dimensions u1, u2 and
u3. Therefore, we link t9 with those two cuboids.

• Case 2 : tnew ∈ sky(D).

In this case, the introduction of the new full-space skyline
tnew may affect the existing objects in CSC. For example,
if we insert a new object t10 = 〈1, 3, 1, 3〉 into the table
in Figure 3, the previous full-space skyline object t1 will be
dominated by the new object, and t1 becomes a false positive
in the cuboid 〈u1, u3〉. Thus t1 should be removed from the
cuboid 〈u1, u3〉 in CSC.

In general, Case 2 is also handled via two steps. First,
object tnew is compared to existing skyline objects te to de-
termine the status of tnew. Since tnew ∈ sky(D), none of
the existing skyline objects will dominate tnew, otherwise
we go to Case 1. During the comparison routine, we elim-
inate false positives using tnew . There are two sub-cases in
eliminating the false positives in CSC.

1. Object te is dominated by tnew on D. We remove any
subspace U ∈ mss(te), on which te is dominated by
tnew. If mss(te) = ∅, te is removed from CSC. Oth-
erwise, if te is previously in sky(D), te is moved from
the full-space skyline array to the other array.

2. Object te is dominated by tnew not on D, but on some
subspace U ∈ mss(te). We need to compute new min-
imum subspaces V of te such that V ⊃ U . Let T be
the set of objects in cuboid U , sharing the same values
on U with te. Theorem 5 guarantees that we compare
te only with the objects in T ∪{tnew} to search for the
new minimum subspace V ⊃ U . 2

Theorem 5. Given a subspace U and a set of objects
T that share the same values on U , assume ∀t ∈ T , U ∈
mss(t). For all V ⊃ U and t ∈ T , either t ∈ sky(V ), or t is
dominated by some object ∈ T but not by any object /∈ T .

Proof. Since U ∈ mss(t), by Definition 1, t ∈ sky(U).
Suppose t is dominated by an object t′ /∈ T on V . Since t′

does not share the same values with t on U and V ⊃ U , t′

also dominates t on U . This contradicts with the fact that
t ∈ sky(U).

In the second step, we need to compute mss(tnew), so that
tnew is inserted into the CSC properly. In contrast to finding
the minimum subspaces of an object not in sky(D), which
is discussed in Case 1, computing the minimum subspaces
of a full-space skyline object is not trivial for the following
reasons. First, the mss(tnew) are determined by all exist-
ing full-space skyline objects, not just one object. Second,
subspaces in mss(tnew) are not restricted to the existing
cuboids. A straightforward way is to compare tnew with
all existing full-space skyline objects on every subspaces. In
Section 4.3, we provide an efficient algorithm, which utilizes
the comparison information obtained in the first step and re-
ports the minimum subspaces without examining any false
positive subspaces.

2In fact, we do this once for all objects in T and only the
full-space skyline objects in T are compared, as the non-full-
space skyline objects in T can be matched with the full-space
skyline object afterward.



We use a running example to show how Case 2 works.
Suppose a new object t10 = 〈1, 3, 1, 3〉 is inserted into the
table in Figure 3. Since object t5 is dominated by t10 on
〈u1, u3〉, we retrieve t5 and t9 which share the same values
on u1 and u3. Since t5 already has minimum subspaces
of 〈u4〉 and 〈u1, u2〉, there is no new minimum subspace
containing 〈u1, u3〉 but not 〈u4〉 or 〈u1, u2〉. Object t1 is
strictly dominated by t10, and is removed from CSC. The
updated CSC after the insertion of t10 is shown in Figure 10.

Minimum Subspaces

t1 〈u1, u3〉
t5 〈u4〉, 〈u1, u2〉, 〈u1, u3〉
t6 〈u2〉, 〈u3〉
t7 〈u1〉, 〈u4〉
t10 〈u1〉, 〈u3〉

t4 〈u4〉
t9 〈u1, u2〉, 〈u1, u3〉

Cuboid Skyline

u1 t7, t10

u2 t6
u3 t6, t10

u4 t5, t7, t4
u1, u2 t5, t9
u1, u3 t1, t5, t9

(a) Minimum subspaces. (b) Cuboids of the
compressed skycube.

Figure 10: The updated CSC after insertion of t10.

4.2 Handling Updates of Objects insky(D)
In this section, we consider the updates of full-space sky-

line objects. Assume t ∈ sky(D) is updated to tnew. Because
the full-space skyline is changed, new skyline objects may
be retrieved from the disk and inserted into CSC

If tnew dominates t, it is easy to see that disk accesses
are not necessary, since every object dominated by t is still
dominated by tnew . We handle such update by deleting t
and inserting tnew into CSC as in Case 2 in Section 4.1.

If tnew does not dominate t, it is possible that some ob-
jects that were dominated by t may become skyline objects.
Disk accesses are needed to retrieve those objects. First, we
handle tnew as in Section 4.1. Then to retrieve new objects
after deleting t from CSC, straightforwardly, we can utilize
SFS [9] to compute the new full skyline objects appearing in
CSC. A modification is that we also keep objects that over-
lap with the new full-space skyline objects on some subspace,
since they may appear in subspace skylines. However, this
method is inefficient, because all objects are retrieved and
compared with existing full-space skyline objects.

We observe that objects which may become a skyline ob-
ject must be exclusively dominated by t and not by any other
full-space skyline object. We define the region that contains
such objects as Exclusive Region (ER) of t. An example of
the two-dimensional ER is shown in Figure 11. The shad-
owed region is the ER of a full-space skyline object t. The
ER can be computed on the fly by comparing with other ob-
jects in sky(D) once. The ER is used to immediately filter
the objects that do not qualify as candidates.

In practice, objects are usually stored in B+-tree(s) on
the attribute(s). We retrieve leaf pages of the B+-tree that
intersect with the range of the ER on the indexed attribute.
Any object not in the ER of t is immediately discarded. Any
object in the ER is only compared with other objects also in
ER. Compared to the straightforward method, the number
of comparisons is greatly reduced. After the retrieval of
objects from the disk, we insert them into CSC in the same
way described in Section 4.1.

Exclusive Region (ER) of t

t

x−axis

y−
ax

is

Figure 11: Two-dimensional Exclusive Region.

4.3 Identifying the Minimum Subspaces of a
Full-space Skyline Object

Given a new object t in full-space skyline, we need to iden-
tify mss(t) in order to insert t into CSC. As we discussed
in Section 4.1, subspaces in mss(t) are not restricted to the
existing cuboids in CSC. Straightforwardly, the minimum
subspaces of a full-space skyline object t can be computed
by visiting all possible cuboids and comparing t with their
skylines. This method is obviously inefficient as it exam-
ines too many cuboids that are not in mss(t). In this sec-
tion, we propose a novel solution which efficiently reports
the minimum subspaces of a full-space skyline object with-
out examine any cuboids. We first define the concept of the
non-dominant dimensions, then propose Theorem 6 which
is the basis of our solution.

Definition 3. Given an object t and a full-space skyline
object ti, the non-dominant dimensions of t with regard
to ti is a dimension set Ui(t), such that:

1. For any dimension ui, if t(ui) < ti(ui), ui ∈ Ui(t).

2. For any subset of dimensions V = {uj | t(uj) = ti(uj)},
if V ∈ mss(ti), V ⊆ Ui(t).

Intuitively, Ui(t) contains those dimensions on which t is
not dominated by (i.e. has smaller values than) ti. However,
when t and ti share the same values on some dimensions,
the meaning of “dominate” is ambiguous. To solve this,
the second condition in Definition 3 defines that only when
t overlaps with ti on some minimum subspace of ti, the
overlapping dimensions are the non-dominant dimensions.
For example, let mss(ti) be 〈u1, u2〉 and 〈u1, u3〉. If t shares
the same values with ti on u1, u2 and u3, all of them are in
Ui(t). However, if t shares the same values with ti only on
u2 and u3, none of the u2 and u3 will be in Ui(t).

Given a new full-space skyline object t, for each existing
object ti in sky(D), we can compute Ui(t). The minimum
subspaces of t are closely related to the set of non-dominant
dimensions {Ui(t) | ti ∈ sky(D)}, as described by Lemma 4
and Theorem 6.

Lemma 4. Given an object t, a subspace V , and a set
of non-dominant dimensions {Ui(t) | ti ∈ sky(D)}, if t ∈
sky(V ), then ∀Ui(t), V ∩ Ui(t) 6= ∅.

Proof. We divide the objects in sky(D) into two parts.
For any object tj ∈ sky(D) that shares the same values on
V with t, since t ∈ sky(V ), tj is also in sky(V). By Defini-
tion 1, ∃V ′ ⊆ V , V ′ ∈ mss(tj). By Definition 3, V ′ ⊆ Uj(t).
Thus, V ∩ Uj(t) 6= ∅. For all other objects tk, since t is not
dominated on V by tk, ∃u ∈ V such that t(u) < tk(u). By
Definition 3, u ∈ Uk(t). Thus, V ∩Uk(t) 6= ∅. In conclusion,
∀Ui(t), V ∩ Ui(t) 6= ∅.



Theorem 6. (Sharing and Minimal Conditions)
Given an object t, a subspace V and a set of non-dominant
dimensions {Ui(t) | ti ∈ sky(D)}, if both the conditions hold:
(1) ∀Ui(t), V ∩Ui(t) 6= ∅, and (2) ∄V ′ ⊂ V such that ∀Ui(t),
V ′ ∩ Ui(t) 6= ∅, then V ∈ mss(t).

Proof. We first prove t ∈ sky(V ). Suppose t /∈ sky(V ).
Let tj ∈ sky(D) be an object dominating t on V and let V ′

be V ∩ Uj(t). Since V ′ 6= ∅, by Definition 3, t share the
same values with tj on V ′ and V ′ ∈ mss(tj), which means t
is in sky(V ′) (Lemma 3). Since tj ∈ sky(V ′), by Lemma 4,
∀Ui(t), V ′ ∩ Ui(t) 6= ∅. It contradicts with the assumption
that there is no such V ′.

Now we prove ∄V ′ ⊂ U , t ∈ sky(V ′). Suppose ∃V ′ ⊂ U ,
t ∈ sky(V ′). Similarly, by Lemma 4, ∀i, V ′ ∩ Ui 6= ∅. It
contradicts with the assumption that there is no such V ′.

In conclusion, by Definition 1, V ∈ mss(t).

According to Theorem 6, the minimum subspaces of t ∈
sky(D) can be computed as follows. We obtain the set
{Ui(t) | ti ∈ sky(D)} in the previous steps of our update
scheme. Then the minimum subspaces are the minimal sub-
sets satisfying the sharing condition in Theorem 6. Formally,
our problem is reduced to the following problem:

Given a list U of itemsets, enumerate all minimal item-
sets, each of which shares at least one item with every item-
set Ui ∈ U .

For example, let U be {u1u2, u1u3, u2u3, u2u4}. The
minimal itemsets that share at least one item with every
itemset are u1u2, u1u3u4 and u2u3.

This problem is challenging because a naive solution, which
enumerates all possibilities by choosing one item from ev-
ery itemset in U , will examine an exponential number of
combinations. In particular, assuming each itemset Ui in U
contains mi items, there are

Q

1≤i≤|U| mi number of combi-

nations. However,in practice the result size is much smaller
because of item overlap. As in the previous example, there
are in total 24 = 16 combinations, while the size of the re-
sults (minimal itemsets) is only 3.

Our solution is a recursive algorithm enumerating only the
minimal itemsets. The idea is that we dynamically choose
an object u and recursively enumerate the minimal itemsets
in two cases based on whether they contain u or not. In
a special case, if an itemset only contains u, all minimal
itemsets must contain u. If we choose u to be contained in
the minimal itemsets, all given itemsets that contain u can
be omitted, since the sharing condition is satisfied for these
itemsets. However, the straightforward implementation of
this idea may still enumerate false positives. We introduce
a filter to further prevent the false positives. We will discuss
the idea of the filter in our example. Figure 12 shows the
complete algorithm FindMinimum.

We use an example to illustrate our algorithm. Suppose
the list of itemsets U is {u1u2, u1u3, u2u3, u2u4}, we in-
voke the function with U , M = ∅ and a filter F = false.
The minimal itemsets are divided into two cases: those not
containing u1 (Case 1) and those containing u1 (Case 2).

To enumerate the minimal itemsets not containing u1, we
just remove u1 from all the itemsets in U (Step 4). The
algorithm is recursively invoked on the transformed list.

To enumerate the minimal itemsets containing u1, item-
sets u1u2 and u1u3 are removed (Step 8.1), since they con-

Algorithm FindMinimum (U , M , F )
Input: A list U of itemsets, a set M of chosen items, and a logic
formula F as a filter.
Action: report M as a minimal itemset.

1. If U = ∅, report non-empty M and return.
2. If ∃U ∈ U , |U | = 1, // Special case.

2.1 For every such itemset U , |U | = 1

(1) Add the only item u ∈ U to M and remove U .
(2) Set F = F (u = true).

2.2 Remove all itemsets U ′ (U ′ ∩ M 6= ∅) from U .
2.3 If F 6= true, invoke FindMinimum (U , M , F ).
2.4 return.

3. Let U be an itemset with minimum number of items.
Choose an arbitrary item ui ∈ U . There are two cases:

/* Case 1: find the itemsets not containing ui. */
4. Let V be a list of non-empty itemsets derived from U by

removing all occurrences of ui.
5. Let F ′ = F (ui = false) and M ′ = M .
6. If F ′ 6= true, invoke FindMinimum (V, M ′, F ′).

/* Case 2: find the itemsets containing ui. */
7. Let Fnew = true.
8. For every itemset U ∈ U such that ui ∈ U ,

8.1 U = U − {U}. // Remove U from U .
8.2 Let C be a clause by connecting all other items (6= ui)

in U with ∨. // Connect items using or.
8.3 Fnew = Fnew ∧ C. // Connect clauses using and.

9. Let F ′ = F (ui = true) ∨ Fnew and M ′ = M ∪ {ui}.
10. If F ′ 6= true, invoke FindMinimum (U , M ′, F ′).

Figure 12: Algorithm FindMinimum.

tain item u1. Furthermore, items ( 6= u1) in those pruned
itemsets can be used as a filter. For example, if u1 appears
in the minimal itemset M , u2 (in u1u2) and u3 (in u1u3)
can not all appear in M . Otherwise M is not minimal, since
by removing u1, M still satisfies the sharing condition. In
general, the filter is represented as a logic formula F in the
following way. For all Ui which contains u1, we connect
other items in the same Ui with operator ∨. Then we con-
nect those clauses with ∧ (Step 8.2 and 8.3). Therefore, the
filter F of u1 is u2 ∧ u3. Notice that we never invoke any
recursive call with F being true. After choosing u1, the al-
gorithm is recursively invoked on the rest of the itemsets.
In each call, a new filter in the recursive call is connected
with the old filter using ∨.

Figure 13 illustrates the complete process of running our
algorithm on the example. For clarity, the function name is
omitted in every recursive call except the initial invocation.

Figure 13: An example of Algorithm FindMinimum.
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Figure 14: Comparing storage by varying dimensionality.

(a) independent (b) anti-correlated (c) correlated

Figure 15: Comparing storage by varying cardinality.

Finally, we point out that in the Case 1 of u2, F is set to
false because of u2 = false. And in Case 2 of u2, the filter
F is computed as follows: F = (u2 ∧ u3) ∨ (u3 ∧ u4) =
(true ∧ u3) ∨ (u3 ∧ u4) = u3 ∨ (u3 ∧ u4) = u3.

5. EXPERIMENTAL EVALUATION
In this section, we present the extensive experimental re-

sults on the performance of CSC. We compare CSC with
the original skycube in [21]. All our experiments were im-
plemented in Java, running on a PC with P4 2.66-GHz pro-
cessor and 1GB main memory. Our datasets are three most
popular synthetic benchmark datasets, independent, anti-
correlated and correlated, used for evaluating the skyline
queries. Details of the data generator can be found in [7]. In
particular, each dataset has 20% of the objects each of which
overlaps with another object on a random subspace. The di-
mensionality d of the datasets varies in the range [4, 8], and
the cardinality varies in the range [100K, 500K]. The default
dimensionality and cardinality are 6 and 300K, respectively.

The skycube is constructed using the top-down skyline
algorithm (TDS). As shown in [21], TDS outperforms the
bottom-up skyline algorithm (BUS) in most cases, and is the
current best algorithm to compute the skycube. Since TDS
is an in-memory algorithm, for a fair comparison, all our ex-
periments were performed in memory, and the CPU time is
reported. Our previous analyses in the disk-based scenario
are also applicable in the in-memory scenario, since access-
ing the whole dataset is much more costly than accessing
only the skyline objects. In the rest of this section, we first
show the storage advantage of CSC over the skycube, fol-
lowed by the query performance of CSC. Then we compare
the update processing on CSC and on the skycube.

5.1 Storage Comparison
We first compare the storage of our CSC and the Sky-

cube, showing how much of the storage CSC can save. We
construct CSC from the skycube, by removing redundant
objects based on the concept of the minimum subspace. The
storage size is computed by summing up the number of all
objects stored in each cuboid.

Figure 14 shows the storage comparison by varying dimen-
sionality. Notice that we use the logarithmic scale to reflect
the exponential effect of the dimensionality. For indepen-
dent and anti-correlated, the number of the skyline objects in
both CSC and Skycube increases with the increase of the di-
mensionality. CSC is better than Skycube in up to an order
of magnitude. Since the skyline objects in anti-correlated in-
crease dramatically with the increase of the dimensionality,
we do not show the evaluation of anti-correlated on dimen-
sionality d = 8 throughout all experiments. For correlated
in Figure 14(c), CSC shows stability with the increase of
the dimensionality. This is because the number of distinct
skyline objects in correlated data does not increase exponen-
tially in dimensionality. The effect of duplicates elimination
is most obvious for correlated data, as CSC is smaller than
Skycube in more than one order of magnitude.

Figure 15 shows the storage comparison by fixing the di-
mension to 6 and varying the cardinality. Again, due to
less number of duplicates, CSC is less affected by cardinal-
ity than Skycube, and is smaller than Skycube for at least
70% in size for all data distribution. The advantage in the
storage size of CSC is the basis of efficient and scalable pro-
cessing of updates. We will show the experimental evidence
in Section 5.3.



(a) independent (b) anti-correlated

Figure 16: Effect of dimensionality on query.

(a) independent (b) anti-correlated

Figure 17: Effect of cardinality on query.

5.2 Query Performance
Both the Skycube and the CSC can very efficiently sup-

port skyline queries for arbitrary combinations of dimen-
sions, by pre-computing some information. Therefore our
major interest is to compare the update performance of the
CSC against the Skycube (in Section 5.3). Nevertheless, in
this section we experimentally verify that the query time
for the CSC is indeed small, ranging from a fraction of a
millisecond to a fraction of a second.

We compute the average query processing time of 100 ran-
domly selected subspace skyline queries. The query is per-
formed without any query buffer. That is, for each query,
we compute the results from CSC. Since correlated contains
very few skyline objects (less than 100 objects in all cases),
the size of CSC is small. Our preliminary experimental re-
sults show the query time on correlated is very small, only a
fraction of a millisecond. Therefore, we show the query per-
formance of CSC on independent and anti-correlated only.

Figure 16 shows the query performance of CSC by vary-
ing the dimensionality, and Figure 17 shows that of CSC
by varying the cardinality of the objects. Since querying on
the Skycube is just fetching the cuboids and does not involve
any computation, we omit its query time in our figures. In
general, query processing of CSC is very fast (less than a
second in most cases). This is due to the local-comparison
property discussed in Section 3.2. Since the number of ob-
jects in each cuboid in CSC is greatly reduced, as shown
in previous experiments, the number of comparisons within
a cuboid is small, which leads to efficient query process-
ing. Note that we use “millisecond” for independent and
“second” for anti-correlated. The query response time on
anti-correlated is larger than that on independent, because
of the much larger size of CSC on anti-correlated.

5.3 Update Performance
In this section, we compare the update support of CSC

and Skycube. The experiments are divided into two parts
to show how good the object-aware update scheme is and
how efficiently the CSC executes the object-aware update
scheme. An object is updated in one dimension at a time
as follows. We randomly choose a dimension of the object
and randomly generate a value for that dimension. Again,
we show the results on independent and anti-correlated.

To see the effect of the object-aware update scheme, we
randomly choose an object to update from all objects. As a
result, not all updated objects may affect CSC/Skycube. We
call such scenario as “general update”. We implement the
object-aware scheme on CSC and the naive update scheme

(a) independent (b) anti-correlated

Figure 18: Comparing general update by varying
dimensionality.

(a) independent (b) anti-correlated

Figure 19: Comparing general update by varying
cardinality.

on Skycube. Upon each update of an object, the skycube is
computed from scratch. Figure 18 shows the general update
by varying the dimensionality, and Figure 19 shows that
by varying the cardinality. As expected, CSC outperforms
Skycube by several orders of magnitude. This is because our
object-aware scheme updates CSC incrementally and avoids
many unnecessary computations when an object’s update
does not affect the CSC structure. As we see in the figures,
recomputing the skycube is extremely inefficient, and the
cost increases dramatically with the increase of the dimen-
sionality and cardinality of objects.

In the next set of experiments, we randomly choose a
full-space skyline object to update, such that each update
changes the CSC/Skycube structure. We call this scenario
as “skyline update”. By eliminating those false updates,
which does not trigger any computation on CSC, we show
how efficiently our CSC executes the object-aware scheme.



(a) independent (b) anti-correlated

Figure 20: Comparing skyline update by varying
dimensionality.

(a) independent (b) anti-correlated

Figure 21: Comparing skyline update by varying
cardinality.

For a fair comparison, the skycube is not computed from
scratch upon each update. Instead, we first retrieve the can-
didate objects from the dataset if necessary, and then com-
pute the skycube using existing objects in the skycube plus
the new ones. Figure 20 shows the skyline update by varying
the dimensionality and Figure 21 shows that by varying the
cardinality of the objects. Even though Skycube is now com-
puted from a much smaller dataset, CSC still outperforms
Skycube by more than one order of magnitude. This is due
to the expensive cost of cuboid computation in Skycube. In
our CSC, existing cuboids are not recomputed. Instead, we
only recompute the minimum subspaces of the affected ob-
jects. Since CSC is a concise structure and maintains much
smaller number of objects in each cuboid than Skycube, the
amount of computation is greatly reduced.

6. CONCLUSIONS
This paper is the first work addressing the update sup-

port of the skycube. The skycube precomputes all subspace
skylines and provides fast query response at query time.
However, in a dynamic environment where objects are up-
dated frequently, updating the complete skycube becomes
extremely inefficient. To support object updates while ef-
ficiently answering any subspace skyline query without ac-
cessing the whole dateset, we propose a new structure, called
the compressed skycube (CSC), and an incremental and scal-
able update scheme. CSC concisely preserve the essential
information of all subspace skyline, without comprising the
query efficiency. Our update scheme for CSC is object-
aware, such that updates of different objects trigger different
amount of computation. Our extensive experiments shows

the CSC with object-aware update scheme outperforms the
skycube in update support by several orders of magnitude.
Besides, the CSC utilizes about 10% disk space compared
with the Skycube, and can efficiently support queries.
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