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Abstract. As data of an unprecedented scale are becoming accessible,
skyline queries have been actively studied lately, to retrieve “interest-
ing” data objects that are not dominated by any other objects, i.e.,
skyline objects. When the dataset is high-dimensional, however, such
skyline objects are often too numerous to identify truly interesting ob-
jects. This paper studies the “curse of dimensionality” problem in skyline
queries. That is, our work complements existing research efforts to ad-
dress this “curse of dimensionality”, by ranking skyline objects based on
user-specific qualitative preference. In particular, Algorithm Telescope
abstracts skyline ranking as a dynamic search over skyline subspaces
guided by user-specific preference with correctness and optimality guar-
antees. Our extensive evaluation results validate the effectiveness and
efficiency of Algorithm Telescope on both real-life and synthetic data.

1 Introduction

As data of an unprecedented scale are becoming accessible, skyline queries have
been actively studied lately, to retrieve “interesting” data objects that are not
“dominated” by any other objects, i.e., skyline objects. To illustrate, Example[I]
shows how skyline queries can be used to identify interesting objects.

Ezample 1 (Skylines). Consider a basketball coach trying to recruit ideal play-
ers excelling in six dimensions dy,...ds, such as the number of games played,
rebounds, assists, blocks, steals, and points as illustrated in a toy dataset Ta-
ble [ Intuitively, player A is a better choice than B, if A is superior to B in
all dimensions, i.e., A dominates B. This coach will thus be recruiting players
that are not dominated by any other player, or, skyline objects. In Table [l all
data objects e.g., {t1,1t2,t3,t4,t5} tie as skyline objects, while such objects have
different trade-offs. For instance, t3 is superior to ¢; in 5 dimensions except one,
i.e., dg. In other words, skyline queries generate numerous ties as they do not
judge trade-offs among skyline objects.

As Example [ illustrates, skyline queries do not require users to specify how
to judge trade-offs across dimensions. While such property makes it simpler
for users to formulate a query, at the same time, by not differentiating skyline
objects with varying trade-offs, i.e., treating all as ties, the number of skylines
is often too numerous to identify truly promising objects with respect to user
preference, especially, when the number of dimensions is large, i.e., “curse of
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Table 1. Toy dataset for Example [T

d1 d2 d3 d4 d5 dG

t1 5 2 1 1 2 5
to 3 1 2 2 5 4
t3 7 3 5 3 4 1
ty 1 4 4 4 1 3
ts 2 5 3 6 3 2

dimensionality”. It is thus non-trivial to identify truly interesting objects from
many skylines.

Recently, there have been research efforts to address this “curse of dimen-
sionality” problem, focusing on a specific subset of the skylines, in the following
two directions: First, references [I2] propose to find more interesting skylines by
identifying skylines for a subspace of total dimensions. For instance, in Table [T,
if we compute the skylines of some subspace, say, {d1, d2, ds}, some tuples are no
longer skylines, e.g., t2 is dominated by t3. Based on this observation to identify
interesting subsets of skylines, references [1l2] study computation of skylines in
varying subspaces— More specifically, reference [I] studies how to amortize the
cost of computing skylines over all possible subspaces, while reference [2] stud-
ies how to identify decisive subspaces for each skyline object. However, these
works do not study how to use subspace for generating a result with desirable
size. References [3/4] thus study how to rank skyline objects using various rank-
ing criteria based on subspace skylines. However, the proposed ranking criteria
cannot adapt to user-specific information needs, i.e., user-oblivious.

This paper combines the advantages of the two approaches. First, our frame-
work alleviates users from identifying an appropriate subspace, which we auto-
matically identify for user-specified preference and retrieval size. Second, unlike
user-oblivious ranking approach, we adapt to user-specific information needs.
Further, the information we obtain from users is highly intuitive, i.e., a qualita-
tive partial ranking over data dimensions. For instance, in Example [, a coach
trying to recruit defense players can simply specify he takes rebounds more seri-
ously than game points, i.e., rebound > game points. Summing up, our work com-
plements existing skyline works by ranking skylines based on user-specific crite-
ria and retrieval size. In a clear contrast, our work distinguishes itself from rank
query processing [BIGI7IRI9] as well, which requires users to specify a complete
and quantitative ranking function for all tuples, which is often much harder to
formulate than qualitative partial preference used in our framework, as pointed
out in [I0]. In particular, our proposed Algorithm Telescope abstracts skyline
ranking problem as a dynamic search problem over skyline subspaces, guided by
user-specified qualitative preference. In summary, we believe this paper has the
following contributions:
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— We propose the framework to rank skyline objects based on user-specific
qualitative preference over dimensions to effectively identify truly interesting
points.

— We abstract skyline ranking as a dynamic search over skyline subspaces and
develop a dynamic search algorithm guided by user-specified preference and
retrieval size. Algorithm Telescope is provably correct and optimal.

— We implement Algorithm Telescope and extensively evaluate the effective-
ness and efficiency over both a real-life dataset and synthetic datasets.

This paper is organized as follows. Section 2] briefly reviews existing efforts
related to our work. Section [3] discusses preliminaries on ranking skyline objects
based on qualitative user preference over dimensions. In particular, Section M
proposes Algorithm Telescope for ranking skyline. Finally, Section [0 validates
the effectiveness and efficiency of Algorithm Telescope.

2 Related Work

In many applications, skyline queries have been actively studied to efficiently
identify promising objects over the dataset having multiple dimensions. Ref-
erence [I1I] was a pioneering work, which devised block nested loop (BNL),
divide-and-conquer (D&C) and B-tree-based algorithms for identifying skyline
objects.

Later, reference [12] followed to improve D&C' algorithm by pruning domi-
nated objects by partitioning the data space using the nearest neighbor object.
Similarly, reference [13] developed sort-filter-skyline (SF.S) algorithm using pre-
sorting lists, which improves existing BN L algorithm. However, these algorithms
focused on efficient computation of skyline objects and did not study the curse
of dimensionality problem.

Recently, there have been research efforts to identify interesting subsets of
skylines to address this curse of dimensionality problem, in the following direc-
tions: First, reference [I] proposes skycube structure, adopting the cube structure
of OLAP environments, which amortizes the cost of computing skylines over all
possible subspaces. Meanwhile, reference [2] studies how to identify decisive sub-
space for each tuple. However, these works do not study how to identify a result
with desirable size. Second, references [3/4] study ranking skyline objects by
adopting varying interesting metrics. More specifically, reference [3] uses skyline
frequency metrics that counts the number of subspaces where each tuple belongs
to skylines. Further, reference [4] uses k-dominate skyline metrics which consid-
ers skylines in k-dimensional subspace as well. While these rankings help users to
identify more interesting skylines by focusing on the top results in the ranking,
the ranking criteria are user-oblivious, which can fail to adapt to user-specific
needs.

In summary, this paper complements existing works by identifying more inter-
esting subset of skyline objects with user-specified preference and retrieval size.
In particular, Algorithm Telescope abstracts the problem as a dynamic search
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guided by user-specified preference over numerous skylines, which finds truly
interesting skylines with correctness and optimality guarantees.

3 Preliminaries

As illustrated in Example [, a downside of skyline queries is that the size of
skyline objects can be large when dataset is high dimensional. While this “curse
of dimensionality” problem has been actively studied lately, existing works do
not address the challenge of adapting to user preference in identifying truly
interesting objects among the skyline objects. To address this challenge, we define
the notion of user preference, and its properties.

Table 2. Notations used

Notation Definition
S The dataset
D The dimension set
ti A tuple in S
n The number of dimensions in §
d; A data dimension (1 <14 <n)
w User’s preference dimensions (W C D)
V a subset of preference dimensions W (V C W)
m The number of user preference dimensions in &
w; A user preference dimension (1 <14 < m)
ti(d;) The value of a tuple ¢; on d;

SKY (D) Skyline on the dimension space D

We first formally define dominate and skyline in Definition [ and Defini-
tion [ respectively, by using notations introduced in Table @l These defini-
tions are consistent with the definition of skyline queries used in existing works
2B TIT2013].

Definition 1 (Dominate). A tuple t; dominates another tuple t; on D if and
only if ¥ dy, € D, t;(dy) > t;(dy) and 3 dy € D, ti(ds) > t;(ds) [I.

Definition 2 (Skyline). A tuple t; is a skyline object on D if and only if any
other tuples Vt;(# t;) € S do not dominate t; on D. SKY (D) denotes the set of
skyline objects on D in S.

! Note that this definition is based on maz skyline operator [11], while it can be
straightforwardly extended to another operator as well, i.e., min, where t; dominates
t; on D and only if V di, € D, ti(dr) < tj(di) and 3 ds € D, ti(ds) < tj(ds).
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We then define user preference to be specified by each user. We view user pref-
erence as a qualitative ranking of some data dimensions, i.e., strict partial order
on D. More formally, we define user preference W as the ordered set of some
data dimensions, i.e., W = {w,wa, ..., Wy} such that wy > we > ... > wy,
when w; is some d; € D. We define its semantics as follow: (1) For dimension d;
included in W, d; is preferred over any other dimensions not included in W. (2)
Among the dimensions included in W, preference follows the order of W. That
is, over subspaces having dimensions of same size, the preference is determined
lezicographically, e.g., {wi,ws} > {w1,ws}.

Example [2] illustrates this notion intuitively, followed by formal definition
of subset precedence in Definition [3l Further, based on this subset precedence
definition, we rank skyline objects by the precedence of subspace as Theorem [l

Ezample 2 (User Preference). Continuing from Example[]] to recruit good guard
candidates, the coach considers assists, steals, and game points dimensions are
more importantly than the rest of dimensions. Especially, when the coach has
preference of assists > steals > points, players with strength in assists and steals
will be preferred over those with strength in steals and game points.

Definition 3 (Subset Precedence). For any subset V = {v1,v2,...,0m/} of
W, ie., V C W, we define a subspace V' =V — {vy_;} of size m' — 1 has
higher precedence over any other subspaces VI =V — {vm/—;} of the same size,
if and only if i < 7, i.e., Vpm/—i < Vpr—j.

Theorem 1 (Skyline Preference). For user preference V. C W, skyline pref-
erence follows the order of subset precedence, i.e., SKY (V) > SKY (V') >
> SKY (V™Y where V' =V — {v_;}. Skyline preference implies (a) al-
ready seen skylines outrank the rest to be accessed among unseen skylines, (b)
when already seen skylines show again, the rank of skylines follows the subset
precedence initially accessed.

With the notion of preference defined, we make observations on key properties of
skyline subspaces. These properties observed play essential roles in showing the
correctness and optimality of our framework which essentially implies a dynamic
search over the lattice structure of subspaces of W as illustrated in Fig. [left).
For simplicity, we first assume that every tuple has a different value for each
dimension just for now, which are formally defined as distinct value assumption.
(We will later relax this assumption.)

Definition 4 (Distinct Value Assumption). Any two data t;, t; in S are
Vd € D, ti(dk) 7é tj(dk).

With distinct value assumption, previous works have observed that skylines on D
subsume the skylines of its subspace, i.e., skyline monotonicity holds, as formally
described below.

Theorem 2 (Skyline Monotonicity with Distinct Value Assumption).
Given dataset with distinct value assumption, a tuple t; € SKY (V') is included
in SKY (V) where V' CV C D.
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Proof. See [1].

This monotonicity will be later used to ensure that our framework of exploring
skylines subspace lattice (as illustrated in Fig.[d]) is correct, i.e., does not return
a non-skyline object. However, observe that this monotonicity is conditional to
the distinct value assumption, as the example below illustrates.

Ezample 3 (Example without distinct value assumption). Consider a dataset of 5
objects over 2-dimensions (X,Y), i.e.,S = {a(1,6),b(3,6),c(4,5),d(6,4),e(6,2)},
which does not satisfy the distinct value assumption. Observe that, while overall
skylines on two dimensions {X, Y} are {b, ¢, d}, skyline on its subspace {X} and
{Y}is{d,e} and {a, b}, respectively. The monotonicity no longer holds as the sky-
lines for { X} and {Y'} are not subsumed by those of {X,Y}.

While this may seem to compromise the correctness of our framework, we can
easily extend the correctness guarantee for any dataset with and without distinct
value assumption by replacing the skyline of any subspace V' in lattice of Fig,.
M as the intersection with its parent in the lattice, i.e., SKY (V) SKY (V) for
its parent V, as we further discuss in the next section. With this extension, the
monotonicity is preserved, as (SKY (V') SKY (V)) C SKY (V) trivially holds.

4 Algorithm Telescope

In this section, we propose our algorithm that identifies truly interesting skyline
objects by adapting to user-specific preference and retrieval size. We name our
algorithm Telescope, for a telescope helping each user to effectively and efficiently
focus on interesting skylines depending on user-specific preference. Toward this
goal, Algorithm Telescope leverages the preliminaries as discussed in Section [3]
to rank skyline objects, which is essentially a dynamic search of 2 —1 subspaces
considering m preference dimensions among n dimensions.

To illustrate Algorithm Telescope, we use the scenario in Example Pl Suppose
that a user specifies his/her preference as W = {w; = ds,ws = ds, w3 = dg}
and retrieval size k = 3 for our toy dataset Table [Il As discussed in Section
Bl all subspaces of W can be represented as the lattice graph in Fig. {left).
We illustrate how Algorithm Telescope works in Fig. [[left): First, we compare
the number of skylines of W, i.e., |[SKY (W)|, with retrieval size k. Second, we
consider the subspace having the highest precedence, i.e., V° = {w1, w2} and
insert its skylines, i.e., SKY (V) = {to,t3}, into desirable results, and move
on to its right sibling, i.e., subspace V' = {wi,ws}, by the order of subset
precedence. Third, the number of skylines in V° and V' exceeds the retrieval
size k i.e., |SKY (V°)|JSKY (V)| > k. Fourth, we zoom into the subspaces of
V1 or {w1} and {ws}, to identify more desirable k results among them , e.g.,
{t1,2,t3} by adding {¢1} in {w3}.

Further, we can transform this lattice graph into a left-skewed graph by pruning
multiple links to common descendants, as we will formally state in Definition [Bl
To illustrate, consider adjacent subspaces, e.g., {w1, w2} and {w;,ws}, sharing
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Fig. 1. The lattice graph and left-skewed graph

a common descendant, e.g., {wi} C {wy,ws} ({w1,ws}. As there are multiple
links to {w1} from both {wi, w2} and {wi,ws}, we keep only the link from
the ancestor of higher precedence, i.e., {wy,ws}. With such transformations for
every adjacent nodes, we can eliminate multiple links to common descendants
by keeping only the link from the highest precedence parent, as Fig. [(right)
illustrates. With this graph transformation, Algorithm Telescope guarantees to
visit nodes in the descending order of precedence (which will be later used for
correctness proof), and at the same time, guarantees not to visit any node twice
in traversal (which will be later used for optimality proof).

Definition 5 (Graph transformation). The lattice graph can be transformed
into a left-skewed graph, by eliminating a link from adjacent nodes V' and V? to
its common descendant V* by keeping only a single link to the common descen-
dant, in particular, the one from the node with the highest precedence.

By leveraging the left-skewed graph, Fig. 2l shows the pseudo-code of Algorithm
Telescope. We describe how Algorithm Telescope works for the user-specified
preference W and retrieval size k as followed:

1. Compare the number of skylines for the root node, i.e., |SKY (W)|, with the
retrieval size k.

2. When |[SKY (W)| > k, push all subspaces V of W with m — 1 dimensions
in W into the stack (except for already seen common descendants). The
precedence of subspaces will be preserved if pushed from right to left in
Fig. Mi(right), i.e., low precedence to high, as pushing and popping from the
stack will reverse the order.

3. Pop a subspace V from the stack, and decide whether to insert its skylines
SKY (V) into the results Z as follow:
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- If |ZUSKY (V)| > k, go to step 2 to insert its subspaces to the stack,

i.e., move on the leftmost child of current node.

— If |ZUUSKY (V)| < k, insert new skyline points SKY (V) into Z. If
|Z| < k still holds, go to step 3, i.e., move on the right sibling of current

node. Otherwise terminate.

Note that, for all child nodes, the monotonicity of skyline (Theorem[2]) assures
that every data object in the lattice is a part of skylines of W. Further, when
accessing siblings in the order of subset precedence, skyline preference theorem
(Theorem [I)) ensures the already seen objects outrank the rest to be accessed
among unseen objects, i.e., the rank of skylines is decided by the subset prece-
dence initially accessed. Putting together, any search over lattice with two modes
of access— (a) to child node with the highest precedence, i.e., leftmost child node,
and (b) to sibling node in the decreasing order of precedence, is correct, as we

formally state below.

Algorithm Telescope(S, W, k)
Input
e S : dataset
e W {wi, w2, ..., Wm }
e k : retrieval size
Output
e Z : skylines with respect to k
Procedure
o T, U,V /| Stack, superset of current set, and current set
o T — {}, Z —{} // Initialize the stack and results.
o if |[SKY (W)| > k then
- T .push(W) // Push W into the stack.
e while (7 is not empty and |Z| < k)
-V« T.pop()
// Traverse subsets of V if exceed the retrieval size k.
- if |[ZUSKY (V)| > k then
-U —V /| Keep track of the superset of the current set.
// Insert subsets into the stack except for shared subsets.
-fori:=0tom’ — 1
- T.push(V?) // Push subsets V' except the common descendants.
- else // Insert skylines into Z, and move on next precedence subset.
- Zansert(SKY (V))
// Move on superset U of the last subset V having no child.
- if V is the last subset having no child of &/ then
- Call some deterministic tie breaker e.g., object ID.
e else if |[SKY (W)| < k then
- Z.insert(SKY(W))
- Telescope(S — Z, W,k — | Z])
e else
- Terminate.

Fig. 2. Algorithm Telescope
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Theorem 3 (Correctness of Algorithm Telescope). For user preference W
and retrieval size k, Algorithm Telescope returns correct k results such that, each
object in the output queue s (a) a part of skylines and (b) outranks the objects
yet to be retrieved, at any point during execution.

Proof. Immediate from Theorems [I] and 2] every node in the lattice contains
only the skyline objects. Further, after the graph transformation in Definition 5],
Algorithm Telescope ensures no unseen object, yet to be accessed, outranks the
skyline objects found in prior by design (as discussed before).

Theorem 4 (Optimality of Algorithm Telescope). After the transformation
in Definition [, Algorithm Telescope only wvisits the node that is absolutely nec-
essary to identify the top-k skyline objects, for user-specified preference W and
retrieval size k. The worst number visited of Algorithm Telescope is O(m) which
1s minimal traversal to obtain the top-k skylines.

Due to the space limitation, we leave the proof to our extended report [14] and
only report the proof sketch for this theorem. As discussed for the correctness
proof, Algorithm Telescope ensures that no unseen skyline outranks the ones
accessed in prior. Further, using proof by contradiction, we can claim Algorithm
Telescope terminates after visiting only the absolutely necessary nodes for cor-
rectness, and nothing else. Summing up, Algorithm Telescope is provably correct
and optimal for the user-specified preference W and retrieval size k.

5 Experiments

This section reports our experimental results to validate the effectiveness and
efficiency over our Algorithm Telescope. First, to validate effectiveness using real-
life data, Section [5.I] reports our evaluations over real-life NBA player statistics.
Second, to validate efficiency in extensive problem settings, Section reports
our evaluations over synthetic data of varying problem settings. Our experiments
was carried out on a Intel(R) Xeon(TM) machine with 3.20 GHz dual processors
and 1GB RAM running LINUX. Algorithm Telescope was implemented in C++
language.

5.1 Real-Life Data Set

In this section, we validate the effectiveness of Algorithm Telescope by the qual-
ity of the skyline objects retrieved from the real-life data. In particular, we use
NBA dataset (available from www.nba.com), resulting in 19112 players with 16
numeric attributes including game points, number of rebounds, assists, steals, and
blocks. We evaluate with a scenario of identifying k£ = 10 skyline objects over user-
specified preferences on three dimensions, which is a useful query for a basketball
coach in our illustrative example in Example[2- For instance, when the coach needs
to recruit a guard, he may need to focus more on the number of assists or steals,
than the number of rebounds or blocks. Similarly, when the coach recruits a center,
he may focus on the skylines over the number of rebounds or blocks.
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Table 3. Skylines for guard and center positions

Preference: Preference:
Assists > Steals > Points Rebounds > Blocks > Points
Position Player Position Player

Wilt Chamberlain 1961

Wilt Chamberlain 1962

Wilt Chamberlain 1963
Nate Archibald 1972

Don Buse 1975
Michealray Richardson 1979

John Stockton 1987
John Stockton 1988
John Stockton 1990
John Stockton 1991

Wilt Chamberlain 1960
Wilt Chamberlain 1961
Artis Gilmore 1971
Artis Gilmore 1973
Bob Mcadoo 1974
Kareem Abdul-jabbar 1975
Mark Eaton 1984
Michael Jordan 1986
Michael Jordan 1987
Patrick Ewing 1989

oRoRoRoRoRoRoNeoNONe!
aoaoacaaaaa

We implement the above two scenarios of recruiting good guard candidates
(with qualitative preference of assists > steals > points) and good center candi-
dates (with qualitative preference of rebounds > blocks > points) and report the
results in Table[3 In contrast to existing skyline ranking, which is user-oblivious,
our skyline results effectively adapt to the user-specific needs and identify ideal
candidates. Observe from Table [B] that our top-10 results correctly identify leg-
endary NBA guards and centers respectively, except all-round players such as
Wilt Chamberlain or Michael Jordan who happen to play the roles of both a
guard and a center.

5.2 Synthetic Data Set

With the effectiveness of our Algorithm Telescope illustrated in Section [5.1] this
section discusses the efficiency of our Algorithm Telescope over synthetic data
of varying problem settings, such as the user preference dimensionality m, data
size |S|, and retrieval size k.

More specifically, we randomly generate synthetic data with and without cor-
relations, which is a deciding factor for the number of skylines. Intuitively, if data
dimensions are anti-correlated, the number of skylines explodes, as even a tuple
dominated in some dimension A is likely to be superior in another dimension
B, anti-correlated to A. We thus generate synthetic data using uniform random
generator for all dimensions (for Independent dataset). In addition, for corre-
lated data, we synthetically introduce correlation by randomly generating ¢;(d)
and generating the rest, i.e., t;(d;) for j > 1 within the range of t;(d;—1) £ «
(for Correlated dataset) and —¢;(d;j—1) = « (for Anti-correlated dataset). In
Fig. Bla), (b), and (c) report the response time of Algorithm Telescope for the
above three datasets, over varying dimensionality m, data size |S|, and retrieval
size k respectively. Besides, Fig. Bl(d) reports the number of the visited nodes in
the lattice graph and the left-skewed graph with the datasets.
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Fig. Bla) reports performance results over varying dimensionality m. Observe
that, Algorithm Telescope by only visiting the provably minimal number of
nodes in the left-skewed graph, scales gracefully over m in all datasets, while
the number of nodes to visit explodes exponentially over m, i.e., O(2™). The
performance degradation of anti-correlated dataset can be best explained by the
explosion of the number of skylines.

We similarly report our scalability results over cardinality and retrieval size in
Fig.B(b) and (c) respectively. Observe that, in all settings, Algorithm Telescope
ensures high scalability and low response time e.g., less than 0.6 x 10~2 second
in all evaluations. In addition, Fig. B(d) reports the efficiency of pruning in
Algorithm Telescope. Observe that Algorithm Telescope, by using the lattice
graph in Fig. [lleft), only visits approximately 1 % of all nodes. Further, by
transforming the lattice graph into the left-skewed graph in Fig. Dright), we
can further reduce the number of nodes visited by 17 %.

6 Conclusion

This paper studies how to alleviate the curse of dimensionality problem in sky-
line queries. More specifically, Algorithm Telescope zooms into truly interesting
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skyline objects, guided by user-specified qualitative preference and retrieval size,
which complements existing works that either require users to formulate a rather
cumbersome query or do not adapt to user-specific information needs. In par-
ticular, Algorithm Telescope abstracts skyline ranking as a dynamic search over
skyline subspaces to efficiently and effectively identify truly interesting objects
for a specific user. Our extensive performance study validates both the effective-
ness and efficiency of Algorithm Telescope on real-life and synthetic data.
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