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Abstract— Many new applications that involve decision making
need online (i.e., OLAP-styled) preference analysis with multi-
dimensional boolean selections. Typical preference queries in-
cludes top-k queries and skyline queries. An analytical query
often comes with a set of boolean predicates that constrain
a target subset of data, which, may also vary incrementally
by drilling/rolling operators. To efficiently support preference
queries with multiple boolean predicates, neither boolean-then-
preference nor preference-then-boolean approach is satisfactory.

To integrate boolean pruning and preference pruning in a
unified framework, we propose signature, a new materialization
measure for multi-dimensional group-bys. Based on this, we pro-
pose P-Cube (i.e., data cube for preference queries) and study its
complete life cycle, including signature generation, compression,
decomposition, incremental maintenance and usage for efficient
on-line analytical query processing. We present a signature-based
progressive algorithm that is able to simultaneously push boolean
and preference constraints deep into the database search. Our
performance study shows that the proposed method achieves at
least one order of magnitude speed-up over existing approaches.

I. INTRODUCTION

In many business applications, preference analysis (e.g., top-
k, skylines) is important for decision making. Moreover, it
is often desirable to conduct analytical queries on different
subsets of data. Given a relation R with two sets of di-
mensions: boolean dimensions and preference dimensions, a
typical analytical query may specify a set of boolean predicates
(on the set of boolean dimensions) that constrain a target
subset of data, and a preference criterion (on the set of
preference dimensions) that conducts the preference analysis.

The term of preference query was first proposed in [1],
where the author presented a simple, logical framework for
formulating preferences as preference formulas. In many
database applications, preference queries have been studied in
the context of skyline query, top-k query, convex hull query,
and so on [2]. In this paper, we focus on two typical prefer-
ence queries: top-k queries and skyline queries. However, the
developed methodology applies to other types of preference
queries as well. Given a set of n objects p1, p2, . . . , pn, a
top-k query returns k objects p′i (i = 1, . . . , k) such that for
any other objects pj , f(pj) ≥ maxi=1,...,k f(p′i), where f is
a ranking function (assuming users prefer minimal values);

a skyline query returns all the objects pi such that pi is not
dominated by any other object pj , where dominance is defined
as follows. Let the value of pi on dimension d be v(pi, d). We
say pi is dominated by pj if and only if for each preference
dimension d, v(pj , d) ≤ v(pi, d), and there is at least one d
where the equality does not hold. In the rest, we address the
problem of efficient processing preference queries with multi-
dimensional boolean predicates. Typical application scenarios
include supporting top-k query in any subset of data (Ex. 1),
or comparing skylines by drilling in multi-dimensional space
to get deep insights of the data (Ex. 2).

Example 1: (Multi-dimensional top-k query) Consider a
used car database (e.g., kbb.com) with schema (type, maker,
color, price, mileage). The first three are boolean dimensions,
whereas the last two are preference ones. A user who wants
to buy a used car with type = “sedan” and color = “red”,
and also has expected price as 15k and expected mileage as
30k may issue the following top-k query:

select top 10 used cars from R
where type = “sedan” and color = “red”
order by (price − 15k)2 + α(mileage − 30k)2

Here α is a user-specified parameter to balance the two
options.

Example 2: (Multi-dimensional skyline comparison) Con-
sider a digital camera comparison database (e.g., bizrate.com)
with schema (brand, type, price, resolution, optical zoom).
Suppose the last three dimensions are preference dimensions.
A market analyzer who is interested in canon professional
cameras may first issue a skyline query with boolean predicate
type = “professional” and brand = “canon”. The analyzer
then rolls up on the brand dimension and checks the skylines
of professional cameras by all makers. By comparing two sets
of skylines, the analyzer will find out the position of canon
cameras in the professional market.

There has been fruitful research work on efficiently pro-
cessing top-k queries [3], [4], [5], [6] and skyline queries
[2], [7], [8], [9], [10] in database systems. However, all these
studies are performed under the context that the data consists
of preference dimensions only. On the other hand, current



database management systems execute preference queries with
boolean predicates by first retrieving data objects according
to boolean selection conditions, and then conducting the
preference analysis (e.g., top-k, or skyline). This approach is
not efficient, especially when the database is large and the
number of output is small. In conclusion, existing solutions
conduct either boolean-only or preference-only search, and
thus are not satisfactory.

In this paper, we propose a signature-based approach that si-
multaneously pushes boolean and preference pruning in query
processing. More specifically, to address multi-dimensional
boolean selections, we adopt the data cube model [11]. To
support ad hoc preference analysis, we partition the data
according to measure attributes. To seamlessly integrate multi-
dimensional selection and preference analysis into a single
framework, we develop a new measure, called signature, to
summarize data partition for each multi-dimensional selection
condition (e.g., a cell in the data cube). We refer to this
signature-based materialization model as P-Cube (i.e., data
cube for preference queries). P-Cube does not provide query
answers directly. Instead, it is used to aid efficient query
processing. The method is demonstrated on both skyline
queries and top-k queries.

The rest of the paper is organized as follows. Section II
discusses related work. Section III formalizes the problem.
The P-Cube model is proposed in Section IV, and the query
processing algorithms are developed in Section V. We report
the experimental results in Section VI, and conclude the study
in Section VII.

II. RELATED WORK

There have been extensive studies on efficiently computing
skylines in database systems, including divide-and-conquer
and block nested loop algorithms by Borzsonyi et al. [2],
sort-first skyline by Chomicki et al. [7], bitmap and index
methods by Tan et al. [10], nearest neighbor approach by
Kossmann et al. [8] and branch-and-bound search by Papadias
et al. [9]. All these approaches assume the queries consist of
preference dimensions only, and the problem of skyline queries
with boolean predicates was not well addressed. Similarly,
although top-k query processing has been studied in both the
middleware scenario [4], [3] and in the relational database
setting [5], [6], these studies mainly discuss the configurations
where only ranking dimensions are involved. The problem of
top-k queries with multi-dimensional selections is not well
addressed.

Our work is closely related to the recent work on rank-
ing cube by Xin et al. [12]. In this work, each preference
dimension is partitioned in equi-depth bins, and data tuples
are grouped into grid cells by intersecting the bins from all
participating preference dimensions. For each group-by, the
cube stores 〈cell id, tuple id list〉 pairs. During top-k query
execution, the cell which contains the extreme point is first
located, and the neighboring cells are progressively expanded.
This search method is confined to grid partition and convex
functions. The progressive expansion requires the neighbor

cells to be well defined, which is not the case in some other
data partition methods (e.g., R-tree). Moreover, [12] did not
discuss the incremental maintenance of the data cube.

Integrating boolean predicates with ranked queries was
recently studied by Zhang et al. [13], which searches for the
results by merging multiple indices. In their work, the boolean
predicates are treated as part of the ranking function. An
improved version of index merging was studied by Xin et
al. [14], where the authors proposed progressive and selective
merging strategy to reduce both CPU and I/O costs. In this
paper, we will compare our approach to [14].

III. PROBLEM STATEMENT

Consider a relation R with boolean dimensions A1, A2,
. . . , Ab, and preference dimensions N1, N2, . . . , Np. The two
sets of dimensions are not necessarily exclusive. A query spec-
ifies the boolean predicates on a subset of boolean dimensions
and preference criteria on a subset of preference dimensions.
The possible SQL-like notations for expressing top-k queries
and skyline queries are as follows:

select top-k from R
where A′

1 = a1 and · · · and A′
i = ai

order by f(N ′
1, N

′
2, . . . , N

′
j)

select skylines from R
where A′

1 = a1 and · · · and A′
i = ai

preference by N ′
1, N

′
2, . . . , N

′
j

where {A′
1, A

′
2, . . . , A

′
i} ⊆ {A1, A2, . . . , Ab} and N ′

1, N
′
2, . . .,

N ′
j ⊆ {N1, N2, . . . , Np}.
Without losing generality, we assume that users prefer

minimal values. The query results are a set of objects that
belong to the data set satisfying the boolean predicates, and
are also ranked high (for top-k) or not dominated by any other
objects (for skylines) in the same set. For top-k queries, we
assume that the ranking function f has the following property:
Given a function f(N ′

1, N
′
2, . . ., N ′

j) and the domain region
Ω on its variables, the lower bound of f over Ω can be
derived. For many continuous functions, this can be achieved
by computing the derivatives of f .

IV. P-CUBE

We first compare three different approaches, and motivate
our solution: P-Cube. We then discuss a signature-based
implementation.

A. Integrating Boolean and Preference Search

We focus on queries with hard multi-dimensional selections
and soft user preference. To address the boolean selections,
we adopt the data cube model, which has been popularly
used for fast and efficient on-line analytical query processing
(OLAP) in multi-dimensional space. A data cube consists of
multi-dimensional cuboids (e.g., cuboids (type), (color), and
(type, color) in the car database in Example 1), and each of
which contains many cells (e.g., type = sedan). In traditional
data cube, the query results for each cell are pre-computed.
Our first proposal starts with the traditional data cube model,



and pre-computes all top-k results (or skylines) for each cube
cell (e.g., type = sedan). Unfortunately, materializing all
possible user preferred results is unrealistic since the user
preference (e.g., ranking functions in top-k queries) is dynamic
and not known until the query time.

In order to handle dynamic user preference, we discuss
the second approach as follows. Instead of materializing the
final query results, one may pre-compute data partition on
preference dimensions (e.g., R-tree or grid partition on price
and mileage in Example 1) for each cell. Given an ad-hoc
ranking function, the query processing model can push the
preference search by only visiting those promising regions
(e.g., price around 15k and mileage around 30k in Example
1) in the partition. Unfortunately, this approach is not scalable
because partitioning data is an expensive task and it will be
conducted for all cells.

Instead of creating an individual data partitions for each cell,
our third proposal only creates one data partition P over the
preference dimensions (e.g., price and mileage). Using P as
the template, one can summarize the data distribution over P
for each cell by indicating which regions in the partition con-
tain data belonging to the cell. For instance, P may partition
data into n regions r1, r2, . . . , rn. A cell (e.g., type = sedan)
corresponds to a subset of data, which may only appear in m ≤
n regions r′1, . . . , r

′
m. A data summarization remembers those

m regions. Comparing with a completely new data partition,
the data summarization is much cheaper in both computational
and storage cost. The data summarization is a bridge to
join the boolean selection condition and preference search
during online query processing. More specifically, the query
algorithm progressively visits (in P ) a sequence of regions
that are promising for user preference (e.g., rq

1 , . . . , r
q
j ), but

skips those regions rq
i which do not satisfy boolean selections

(i.e., rq
i /∈ {r′1, . . . , r′m}). By doing this, the query processing

pushes both boolean and preference pruning deep into the
search. We call the data cube that uses data summarization
as measure as P-Cube. In the rest of this section, we present
signature as such kind of data summarization.

B. Signature-based Implementation

In this subsection, we discuss how to compute, retrieve and
incrementally update signature.

1) Signature Generation: The computation of signature
consists of three steps: partition, summarization, compression
and decomposition. We demonstrate our methods using a sam-
ple database (Table I), where A and B are boolean dimensions,
X and Y are preference dimensions, and path is computed to
facilitate the signature computation.

Partitioning Data as Template: Data is partitioned accord-
ing to the preference dimensions. We use R-tree [15] as an
example. The same concept can be applied with other multi-
dimensional partition methods. The details of R-tree partition
can be found in [15], [16] , and the R-tree partition of the
sample database is shown in Figure 1.

Summarizing Data for Group-bys: Given the partition
scheme, we generate a signature for each cell (e.g., A = a1)

tid A B X Y path
t1 a1 b1 0.00 0.40 〈1, 1, 1〉
t2 a2 b2 0.20 0.60 〈1, 1, 2〉
t3 a1 b1 0.30 0.70 〈1, 2, 1〉
t4 a3 b3 0.50 0.40 〈1, 2, 2〉
t5 a4 b1 0.60 0.00 〈2, 1, 1〉
t6 a2 b3 0.72 0.30 〈2, 1, 2〉
t7 a4 b2 0.72 0.36 〈2, 2, 1〉
t8 a3 b3 0.85 0.62 〈2, 2, 2〉

TABLE I

A SAMPLE DATABASE R

ROOT

N1 N2

t1

t6

t8t2

t4

t5

t7

t3

N1

N3 N4

N5

N6

N2

N3 N4 N5 N6

t7 t8t5 t6t3 t4t1 t2

Y

X

Fig. 1. R-tree Partition, m = 1, M = 2

as follows. We use one bit (i.e., 0/1) to indicate whether a
data partition contains tuples belonging to a specified cell. For
each node in the R-tree, we encode a bit array, where each
bit corresponds to a child node. If there is no data belonging
to the cell (e.g., A = a1) in a child node, we set the bit value
as 0 (1 otherwise). Figure 2.a shows an example signature for
the cell (A = a1), based on the partition scheme shown in
Figure 1.

(b) Compute Signature by recursive sorting

10 10

10

11

1 1

1

11

tid    A      Path

(a) Signature

t1     a1  <  1     1     1  >

t3     a1  <  1     2     1  >

Fig. 2. (A = a1)-signature

A data cube may consist of many cells, we can compute
all signatures in a tuple-oriented way. Note that every tuple is
associated with a unique path from the root. The path consists
of a sequence of pointer positions: 〈p0, p1, . . . , pd〉 (1 ≤ pi ≤
M , for all i, M is the fanout of R-tree node), where level-
d corresponds to a leaf. For example, the path of the tuple
t1 is 〈1, 1, 1〉. To compute all signatures in a cuboid (e.g.,
cuboid A), we group tuples by A. Figure 2.b shows a sub-
list of tuples with A = a1. For each sub-list, we compute a
signature as follows: (1) sort the tuples according to p0, (2)
scan the sorted list, and set those p0 bits to 1 in the root bit-
array of the signature, and (3) for each sub-sub-list of tuples
that share the same value of p0, sort it on p1, and insert the
distinct p1 to the first child node (i.e., another bit-array) of
the root. This procedure is recursively called until the whole
signature is completely built. An example is shown in Figure
2.b.

We also assign a path for a node, such that an l-level node



corresponds to a path 〈p0, p1, . . . , pl−1〉. For simplicity, we
one-to-one map a path to a signature ID (e.g., SID) as SID =
p0×(M +1)l +p1×(M +1)l−1 + . . .+pl−1. In our example,
M = 2 and the path of the node N3 is 〈1, 1〉. Its SID is 4.

Compressing and Decomposing Signature: We use typical
bitmap compression methods [17], [18] to compress signa-
tures. Basically, one can compress the entire signature tree,
or compress the bit array in each node individually, and then
assemble them to a binary string. In this paper, we adopt the
second approach for the following reasons: (1) There is a large
room for compression at the node level. For example, with
page size 4KB, the value of M in R-tree node varies from
204 (for two dimensions) to 94 (for five dimensions) [15]; (2)
bit arrays in different nodes may have significantly different
characteristics, and one may achieve better compression ratio
by adaptively choosing different compression scheme; and (3)
node-level compression is good for efficient online computa-
tion since only the requested nodes need to be decompressed.

We now describe how to decompose the compressed sig-
nature into smaller partial signatures such that each partial
signature fits in a data page with size P . Given a signature
tree, we start from the root node and conduct the bread-first
traversal. At the same time, we keep track of the accumulated
size of traversed nodes. If the size reaches P , we stop the
traversal and the first partial signature is generated. Next, we
start from the first child N1 of the root, and conduct bread-
first traversal within the subtree under N1. Nodes coded by
previous partial signatures will be skipped. After finishing the
first child, we continue on the following children of the root.
If there are still nodes left after the second-level encoding,
we will go to the third level, and so on. Each partial signature
corresponds to a sub-tree, and is referenced by the cell ID and
the SID of the root of that sub-tree.

We demonstrate the above algorithm using Figure 2.a as
example. Starting from the root node, we generate the first
partial signature which contains the root node (10) and the
second-level node (11). This partial signature is referenced by
the root SID(= 0). We then start from the root’s first child
node N1. The N1 node has been coded and is skipped. The
two leaf nodes N3 and N4 are included. This partial signature
is referenced by node N1, whose SID = 1.

2) Signature Retrieval: All signatures are stored on disk
and indexed by the cell ID (i.e., A = a1) and the root (of the
sub-tree) SID. During query processing, we load the partial
signatures p only if the node encoded within p is requested.
To begin with, we load the first partial signature referenced by
the R-tree root. When the query processing model requests a
node n which is not presented in the current signature, we use
the first level node in the path from the root to n as reference
to load the next partial signature. If the partial signature has
already been loaded, we check the second-level node in the
path, and so on. For example, in Figure 2.a and Figure 1,
suppose the a bit in the leaf node N4 is requested but not
presented in the current signature. The path of N4 is 〈1, 2〉,
and we load the partial signature referenced by SID = 1 (i.e.,

node N1).
Due to the curse of dimensionality, we may only compute a

subset of low dimensional cuboids, as suggested by [19], [12].
In this case, the P-Cube may not have the signature ready for
an arbitrary boolean predicate BP . To assemble a signature
for BP online, we need two operators: signature union and
signature intersection. Intuitively, given two signatures s1 and
s2, the union operator computes the bit-or result and the
intersection operator computes the bit-and result. Suppose the
signature to be assembled is s. Any bit that is 1 in s1 or s2

will be 1 in s by the union operator. The intersection operator
is defined in a recursive way. For each bit b in s, if either
the corresponding bit in s1 or s2 is 0, the bit is 0. Otherwise,
we will examine the intersection result of b’s child nodes. If
the intersection causes all bits in the child nodes being 0’s,
we will set b to 0. An example of signature assembling based
on Table I is shown in Figure 3. To assemble signature for
arbitrary BP , we assume that the P-Cube always contains a
set of atomic cuboids (i.e., one-dimensional cuboids on each
boolean dimensions).

(a) (A=a2) Signature and (B=b2) Signature

01

11

1 1

01

(b) (A=a2 or B=b2) Signature

(c) (A=a2 and B=b2) Signature

01

11

1 01

1

01

11

1 11

01

01

11

1

1

Fig. 3. Assembling signatures

3) Incremental Maintenance: Finally, we discuss incremen-
tal updates for signatures. We take insertion as an example
since the processing for deletion and update is similar. In-
serting a new tuple to R-tree may cause node splitting and
tuple re-insertion [15], [16]. Before presenting the complete
solution, we first discuss a simpler case where there is no
node splitting nor tuple re-insertion.

Every node (including leaf) in R-tree can hold up to M
entries. We assume each node keeps track of its free entries.
When a new tuple is added, the first free entry is assigned.
In case there is no node splitting nor tuple re-insertion, only
the path of the newly inserted tuple is updated, and those for
other tuples keep the same.

01

N1 N2

N3 N4 N5 N6

t7 t8t5 t6t1 t2

(a) Before inserting t4 (b) After inserting t4

t3

t4

01

01

01

11

01 01

01

Fig. 4. Insertion without Node splitting

Suppose the database already has t1, t2, t3, t5, . . . , t8, a new



tuple t4 in inserted. Figure 4 demonstrates the change of (A =
a3) signature (see Table I). t4 is first inserted into R-tree and
finds an entry in leaf node N4. A new path = 〈1, 2, 2〉 is
computed for t4. Since the paths for all other tuples did not
change, only the signatures of cells a3, b3 and a3b3 in cuboids
A, B, and AB are affected. Furthermore, only the entries on
the path from the root to t4 are possibly affected. We then
load those partial signatures containing the path, and flip the
corresponding entries from 0 to 1.

When a node is split, the paths of all tuples under the split
entry will change. To correctly update signatures, we need
to collect the old and new paths for those tuples. We first
traverse the sub-tree under the entry before splitting to get
old paths, and then traverse it again after splitting to get new
paths. Similarly, for tuples scheduled for re-insertion, we also
compute the old and new paths. As a result, there is a set of
tuples whose paths are changed, and all cells corresponding
to those tuples need to be updated.

V. QUERY PROCESSING USING P-CUBE

Having presented the signature measure and P-Cube, we
discuss how to use signatures in query processing. We first
describe how to answer skyline queries, and then extend it
to top-k queries. Finally, we describe the execution of roll-up
and drill-down queries.

A. Processing Skyline Queries

To begin with, we outline the signature-based query pro-
cessing in Algorithm 1. The algorithm follows the branch-and-
bound principle to progressively retrieve data nodes [9]. We
briefly explain each step as follows. Line 1 initializes a list
to store the final results. Each node n is associated with a
value d(n), where d(n) = minx∈n(

∑j
i=1 N ′

i(x)) is the lower
bound value over the region covered by n, and N ′

i(x) is the
value of object x on preference dimension N ′

i . Clearly, a data
object t cannot be dominated by any data objects contained
by node n if

∑j
i=1 N ′

i(t) ≤ d(n) [9]. On the other hand, if
a node n is dominated by some data object t, all child nodes
of n are dominated by t. The root of the c heap contains an
entry e with minimal d(e) (lines 2-4). Line 5 checks whether e
is pruned by the boolean predicate, or dominated by previous
skylines stored in result. For every e that passes the checking,
e is a new skyline if it is a data object (lines 7-8). Otherwise,
the algorithm further examines e’s child nodes (lines 10-12).

The prune procedure has two main tasks: domination
pruning and boolean pruning. The domination pruning for
skylines are straightforward: simply comparing the value in
each dimension between the submitted entry e and the previ-
ously discovered skylines. If e is dominated by any of them,
e can be pruned. The boolean pruning is accomplished by
signatures. No matter whether the entry e submitted to the
prune procedure is a data tuple or an intermediate node, we
can always get the path of e, and query the signature using
the path. The prune procedure also maintains two optional
global lists: the b list and d list. The b list keeps all the
entries pruned by boolean predicates, and the d list keeps all

Algorithm 1 Framework for Query Processing

Input: R-tree R, P-Cube C, user query Q

1: result = φ; // initialize the result set
2: c heap = {R.root}; // initialize candidate heap
3: while (c heap �= φ)
4: remove top entry e;
5: if (prune(e))
6: continue;
7: if (e is a data object)
8: insert e into result;
9: else // e is a node
10: for each child ei of e // expand the node
11: if (!prune(ei))
12: insert ei into c heap;
13: return

Procedure prune(e)
Global Lists: b list, d list;

14: if (preference prune(e) == false)
15: insert e into d list;
16: return true;
17: if (boolean prune(e) == false)
18: insert e into b list;
19: return true;
20: return false;

the entries pruned by skyline domination. The sole purpose
of maintaining these lists is to efficiently support roll-up/drill-
down queries (Section V-C).

One can easily verify the correctness of the algorithm for
skyline queries. The results are generated on Line 8, and we
shall show that all data objects e on Line 8 are valid skylines.
This is true because: (1) e passes the boolean pruning, and
thus e satisfies the boolean predicate; and (2) e passes the
preference pruning, and thus e is not dominated by previous
skylines. Since e appears at the top of the c heap, and thus e
can not be dominated by any future data objects. These two
facts ensure that e is a valid skyline.

Here we estimate the overall I/O cost of Algorithm 1 for
skyline queries. The cost consists of two parts: Csig and
CR-tree. The former represents the cost for loading signatures
and the latter is the cost for loading R-tree blocks. In reality,
one partial signature encodes many R-tree nodes. For example,
a partial signature generally has size 4KB (i.e., a page size),
and the size of each bit-array in the signature is up bounded
by M

8 bytes (without compression). Here M is the maximal
number of child entries in the node. For a 2 dimensional
R-tree, M = 204 and a partial signature can encode 160
nodes. Thus, Csig � CR-tree, and we focus on CR-tree only.
When BP = φ (i.e., no boolean predicates), Papadias et al.
[9] show that the progressive query framework demonstrated
in Algorithm 1 is I/O optimal such that the algorithm only
retrieves R-tree blocks that may contain skylines. When BP �=



φ, since the signature provides exact answers for boolean
checking, Algorithm 1 only retrieves R-tree blocks that pass
domination checking and boolean checking. We have the
following claim.

Lemma 1: For skyline queries with boolean predicates,
Algorithm 1 is optimal in terms of CR-tree such that the
number of R-tree blocks retrieved is minimized.

B. Processing Top-K Queries

We discuss how to process top-k queries using Algorithm 1.
Comparing to the skyline query processing, top-k query pro-
cessing differs in two ways: (1) how the nodes are maintained
by the candidate heap (i.e., c heap); and (2) how the prune
procedure (i.e., lines 14 to 20) works.

To push preference pruning deep into the database search,
the nodes have to be scheduled in the best-first way. That is,
nodes which are most promising for top scores need to be
accessed first. Suppose the ranking function is f . We define
f(n) = minx∈n f(x), for each node n. Consequently, the
candidate heap uses f(n) to order nodes, and the root has
the minimal score.

In the prune procedure, the signature-based boolean prun-
ing is the same as that in skyline queries. The preference
pruning consists of two steps. First, for each candidate e (node
or data object) submitted for prune checking, the preference
pruning will first compare f(e) with all data objects in the
result (line 2) list. If there are at least k objects whose scores
are better than f(e), then e can be pruned. Second, at any
time, we can sort data objects in the result list according to
their f scores, and only need to keep top-k in the result list.
Similar to Lemma 1, in top-k query processing, the number
of R-tree blocks that are retrieved by Algorithm 1 is optimal.

C. Drill Down and Roll up Queries

Drill-down and roll-up are typical OLAP operators applied
on boolean dimensions. Given the current boolean predicate
BP , the drill-down query strengthens BP by augmenting an
additional boolean predicate, and roll-up query relaxes BP
by removing some boolean predicate in BP . For example, let
BP = {A = a1, B = b1}. BP ′ = {A = a1, B = b1, C =
c1} is a drill-down, whereas BP ′ = {A = a1} is a roll-up.
Drill-down and roll-up queries are incremental in that they
always follow a standard query. We demonstrate our method
by skyline queries.

A standard skyline query starts with an empty c heap and
searches from the root node. While in drill-down and roll-
up queries, we can avoid searching from scratch. Thus, the
I/O cost may be reduced. Recall that in Algorithm 1, we
maintain three lists: result, b list, and d list, where result
contains the results for current query, d list contains entries
dominated by objects in result, and b list contains entries
not satisfying boolean predicates. Lemma 2 shows how to re-
construct c heap without starting from the root node.

Lemma 2: Suppose result, b list, and d list are main-
tained by the last query. For a continuing drill-down (or roll-
up) query, re-constructing the candidate heap as c heap =

result∪d list (or c heap = result∪b list) returns the correct
answers.

With the re-constructed c heap, we execute Algorithm 1
from Line 4. Note the size of c heap can be further reduced
by enforcing boolean checking and domination checking be-
forehand. Using drill-down as example, for each previous
skyline object in result, it continues to be a skyline objects
if it satisfies the drill-down boolean predicate. Otherwise, it is
directly moved to b list. For each entry in d list, we filter it
by the prune procedure before we insert it into c heap.

VI. PERFORMANCE STUDY

A. Experimental Setting

We use both synthetic and real data sets. The real
data set we consider is the Forest CoverType data set ob-
tained from the UCI machine learning repository web-site
(www.ics.uci.edu/∼mlearn). This data set contains 581, 012
data points with 54 attributes. We select 3 quantitative at-
tributes (with cardinalities 1989, 5787, and 5827) as preference
dimensions, and other 12 attributes (with cardinalities 255,
207, 185, 67, 7, 2, 2, 2, 2, 2, 2, 2) as boolean dimensions.
We also generate a number of synthetic data sets for our ex-
periments. For each synthetic data, Dp denotes the number of
preference dimensions, Db the number of boolean dimensions,
C the cardinality of each boolean dimension, T the number of
tuples.

We build all atomic cuboids (i.e., all single dimensional
cuboids on boolean dimensions) for P-Cube. Signatures are
compressed, decomposed and indexed (using B+-tree) by cell
IDs and SID’s. The page size in R-tree is set as 4KB. We
compare our proposed signature-based approach (referred as
Signature) against the following alternative methods.

Boolean first (referred as Boolean): We use B+-tree to index
each boolean dimension. Given the boolean predicates, we first
select tuples satisfying the boolean conditions. This may be
conducted by index scan or table scan, and we report the best
performance of the two alternatives. We then use Algorithm
1 to compute the skylines or top-k results (by removing the
boolean prune components on lines 17-19).

Domination first (referred as Domination for skyline
queries and Ranking for top-k queries): We combine the BBS
algorithm [9] and minimal probing method [3]. Both are
the state-of-art methods in the literature. The BBS algorithm
is similar to Algorithm 1, except that there is no boolean
checking in the prune procedure. For each candidate result,
we conduct a boolean verification guided by the minimal prob-
ing principle [3]. The boolean verification involves randomly
accessing data by tid stored in the R-tree, and we only issue
a boolean checking for a tuple in between lines 7 and 8 in
Algorithm 1. In doing this, the number of boolean verification
is minimized[3].

Index merge: This is for top-k queries only. We use the
progressive and selective index merge framework proposed by
[14]. More specifically, we build B+-tree indices on boolean
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dimensions, and R-tree index on preference dimensions. Given
a query with boolean predicates, we join all corresponding
indices. The ranking function is re-formulated as follows:
if a data satisfies boolean predicates, the function value on
preference dimensions is returned. Otherwise, it returns MAX
value (assuming minimal top-k).

B. Experimental Results

Experiments are conducted to examine the construction and
space costs, and the query performance.

1) Construction and Space Costs for P-Cube: We first ex-
amine the cost to construct, store, and incrementally maintain
P-Cube. We use synthetic data set in this set of experiments.
By default, both the number of boolean dimension Db and
the number of preference dimension Dp are 3. The cardinality
C of each boolean dimension is 100, and the distribution S
among preference dimensions is uniform.

To study the scalability, we vary T (the number of tuples)
from 1M to 10M. Figure 5 shows the costs to build R-tree
partition, compute P-Cube, and build B+-tree index for all
boolean dimensions. The R-tree is shared by both Signature
and Domination approaches and B+-trees are used by Boolean
method. We observe that the computation of P-Cube is 7-8
times faster than that of R-tree, and is comparable to that of
B+-tree. On the other hand, for space consumption, P-Cube is
2 times less than B+-trees and 8 times less than R-tree (Figure
6).

To examine the performance of incremental update of P-
Cube, we insert 1 to 100 new tuples. The execution times in
Figure 7 show that the incremental maintenance algorithms
are much better than the re-computation since we only update
target cells. Moreover, maintenance in batch is more scalable
than maintenance tuple by tuple. For example, the execution
time for inserting one tuple in 1M data is 0.11 Seconds. While
the average cost for inserting 100 tuple on the same data is
0.04 Seconds.

2) Performance on Skyline Queries: We start to evaluate the
on-line query behavior from this subsection. To begin with,
we examine the query performance on skylines, with single
selection condition. The results on multiple boolean predicates
are reported in Section VI-B.4.

We run skyline queries on the same synthetic data sets as
those in Figure 5, and the execution time is shown in Figure 8.
We compare Signature with Boolean and Domination. Clearly,
the signature-based query processing is at least one order of
magnitude faster. This is because in Boolean, disk access is
based on boolean predicates only, and in Domination, disk ac-
cess solely relies on domination analysis. Signature combines
both pruning opportunities and thus avoids unnecessary disk
accesses.

To take a closer look, we compare the number of disk
accesses between Signature and Domination in Figure 9.
Domination consists of two types of disk accesses: R-tree
block retrieval (DBlock) and random tuple access for boolean
verification (DBool). Signature also consists of two types of
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disk access: signature loading (SSig) and R-tree block retrieval
(SBlock). We observe that (1) in Signature, the cost of loading
signature is far smaller (≤ 1%) than that of retrieving R-tree
blocks, and (2) guided by the signatures, our method prunes
more than 1/3 R-tree blocks comparing with Domination
and avoids even more random tuple accesses for boolean
verification.

From another perspective, reducing the memory requirement
is equally important for the scalability issue. Note this is not
necessarily implied by minimizing disk accesses. For example,
we adopt a lazy verification strategy in Domination and this
has trade-off of keeping more candidates in heap. Figure 10
compares the peak size of candidate heap in memory for all
three methods. With Signature, the number of entries kept in
memory is an order of magnitude less than that of Domination
and Boolean.

The boolean (preference) selectivity determines the filtering
power by boolean predicates (multi-dimensional dominations).
We vary the cardinality C of each boolean dimension from 10
to 1000, while keeping T = 1M . The query execution time
is shown in Figure 11. As expected, Boolean performs better
when C increases and the performance of Domination deteri-
orates. The preference selectivity is affected by the number of
preference dimensions. We generate a sets of synthetic data
with the number of preference dimension varying from 2 to 4.
The query performance is shown in Figures 12. It becomes
more challenging to compute the skyline results when the
number of dimension goes high, and the computation time
for Domination increases. On the other hand, the preference
selectivity has limited effect on Boolean. In all experiments,
Signature performs fairly robustly and is consistently the best
among the three.

3) Performance on Top-K Queries: We continue to eval-
uate the performance on top-k queries. The algorithms have
similar behaviors as those in skyline queries in many tests,
such as scalability and boolean selectivity. In this subsection,
we further conduct experiments on query performance with
respect to the value of k.

Suppose the ranking function is formulated on three at-
tributes X , Y , and Z , and they are partitioned by an R-
tree. For demonstration, we use a linear query with function
fl = aX +bY +cZ , where a, b, and c are random parameters.

We use the 1M synthetic data in Figure 8. The query execution
time on linear function with respect to different k values in
Figure 13. We observe that Boolean is not sensitive to the value
of k; and Ranking performs better when k is small. Signature
runs order of magnitudes faster, and it also outperforms Index
Merge. This is because Index Merge joins the search space
online, while the signature materializes the joint space off-
line. Signature leverages the property that the space of boolean
selection is fixed.

4) Performance with Boolean Predicates: The last group
of experiments evaluates the query performance w.r.t. boolean
predicates. We use the real data set Forest CoverType, which
consists of 12 boolean dimensions and 3 preference dimen-
sions.

We issue skyline queries with 1 to 4 boolean predicates
and the execution time is shown in Figure 14. Signature
and Boolean are not sensitive to boolean predicates, and
the former performs consistently better. Domination requests
more boolean verification, and thus the execution time grows
significantly. When there are k > 1 boolean predicates, we
essentially need to load k one-dimensional signatures since
only atomic cuboids are materialized. The comparison of
execution time used by signature loading and query processing
is shown in Figure 15. The time used for loading signatures
increases slightly with k. However, even when there are 4
boolean predicates, the signature loading time is still far less
than the query processing time (i.e., less than 10%). Figure 15
suggests that materializing atomic cuboids only may be good
enough in real applications.

Figure 16 shows the performance gains of drill-down
queries over new queries. The performance for roll-up query
is similar. For each query with k (k ≥ 2) boolean predicates
in Figure 14, the drill-down query is executed in two steps: (1)
submit a query with k−1 boolean predicates, and (2) submit a
drill-down query with the additional kth boolean predicate. We
observe more than 10 times speed-up by caching the previous
intermediate results and re-constructing candidate heap upon
them.

VII. DISCUSSION AND CONCLUSIONS

Besides the lossless compression discussed in this paper,
lossy compression such as Bloom Filter [20] is also applicable.
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We can build a bloom filter on all SID’s whose corresponding
entries are 1 in the signature. During query execution, we can
load the compressed signature (i.e., a bloom filter), and test
a SID upon that. Algorithm 1 can also be easily extended
to support other preference queries, such as dynamic skyline
queries [9] and convex hull queries [21].

In conclusion, we develop a signature-based approach that
seamlessly integrates both boolean pruning and preference
pruning. Our performance evaluation shows that the proposed
method improves previous approaches by at least one order of
magnitude.
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