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Preface

Nowadays, applications that require a high degree of distribution and loosely-
coupled connectivity are ubiquitous in various domains, including scientific databases,
bioinformatics, and multimedia retrieval. In all these applications, data is typically
voluminous and multidimensional, and support for advanced query operators is re-
quired for effective querying and efficient processing. Moreover, the highly dis-
tributed setting calls for a system architecture with salient properties, including scal-
ability, fault-tolerance, autonomy, and dynamic participation.

Peer-to-peer (P2P) systems emerge as a powerful model for searching vast
amounts of data distributed over independent sources. Each peer stores autonomously
its own data and the objective is to support efficient and effective techniques for
query processing and advanced data analysis. In this context, a key requirement of
query processing is retrieval of the exact and complete result set. To achieve this
goal, a scalable framework is presented that relies on data summaries that are dis-
tributed and maintained as multidimensional routing indices. Different types of data
summaries enable efficient processing of a variety of advanced query operators. This
book focuses on queries for similarity search, skyline queries, and top-k queries, and
identifies appropriate data summaries, proposes effective indexing methods at local
level as well as routing indices at network level, and efficient processing algorithms
for each query type.

Akrivi Vlachou
Christos Doulkeridis

Kjetil Nørvåg
Yannis Kotidis
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Chapter 1
Introduction

Abstract During the last decades, the vast number of independent data sources
and the high rate of data generation make central assembly of data at one location
infeasible. As a consequence, data management and storage become increasingly
distributed. Although the client-server architecture as communication model is still
popular for application development, traditional client-server solutions are prone to
bottleneck risks and therefore do not scale as the number of participating sources
increases. Peer-to-peer (P2P) systems comprise a scalable collaborative architecture
of autonomous participants (called peers), where each peer serves both as a client
and as a server. As data storage becomes inherently distributed, an emerging chal-
lenge is to support efficient query processing over data stored at disparate locations,
which allows users to discover and retrieve relevant data. Even more important is to
incorporate and support flexible query operators, such as similarity search, skyline
and top-k queries, that help avoiding huge and overwhelming result sets. Moreover,
as data in modern applications is typically multidimensional, effective distributed
query processing methods and techniques that apply to multidimensional data are
sought. Query processing in P2P networks poses inherent challenges and demands
non-traditional techniques due to the distributed nature of the environment and lack
of global knowledge. This chapter provides an introduction to the main topics and
basic concepts related to P2P query processing over multidimensional data.

1.1 Peer-to-Peer Systems

Peer-to-peer (P2P) systems emerge as a powerful model for searching huge amounts
of data distributed over independent sources in a completely distributed and self-
organizing way (see [4, 107] for comprehensive surveys). Peers are processing units
with storage capabilities that act both as a client and as a server. P2P systems are
classified in unstructured and structured P2P systems, based on the way the content
is located in the network, with respect to the network topology; unstructured P2P
systems are loosely-connected and do not impose any constraints on the way peers

1 
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2 1 Introduction

are connected, whereas in structured P2P systems peers are organized in a more
rigid topology. In addition, P2P systems are distinguished in purely decentralized,
hybrid centralized and hybrid decentralized, based on the degree of centralization; in
pure P2P systems all peers perform the same tasks without any central coordination,
whereas hybrid systems include some form of centralization, either by one peer
(hybrid centralized) or a set of peers (hybrid decentralized).

Attractive features of P2P networks include scalability to large numbers of peers,
resilience to failures, loose coupling, and peer autonomy. However, the high degree
of distribution comes at a cost; efficient search and query processing mechanisms
need to be established to decrease the cost of data retrieval. Even though different
P2P architectures have been employed for establishing query processing mecha-
nisms, in this book, the focus is on an unstructured, hybrid decentralized P2P archi-
tecture.

1.2 Multidimensional Data Management

In several real-life applications, including scientific data management, multimedia
retrieval, and digital libraries, data is typically multidimensional. Querying multidi-
mensional data raises significant challenges relevant to efficiency, even in central-
ized domains. Specialized multidimensional access methods are required to support
efficient query processing, and there exists a rich literature about managing multidi-
mensional data [116].

The aim of multidimensional data management is to process efficiently a large
number of data objects, where each data object is characterized by a set of features
that define a multidimensional data space. In this multidimensional data space, each
data object is represented by a point, where the coordinates of the data point cor-
respond to the values of the features. In applications that involve multidimensional
data, it is very common that instead of exact match queries, the user is interested in
posing more flexible query operators that allow the discovery of the most interest-
ing data objects in a large data collection. Examples of such queries are similarity
search, top-k and skyline queries. These advanced query types are more challeng-
ing than exact match queries and effective access methods are required for efficient
query processing.

1.3 Peer-to-Peer Query Processing

Assume a P2P system that consists of a set of autonomous peers, each maintaining
a local database that conforms to a common schema. If one could collect all data at
one central location, then this centralized database would have the same schema as
each local database of an individual peer, only the data objects would be the union
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of all data objects located at all peers. This is the case of horizontal distribution of
data to peers.

Query processing over the P2P system retrieves a set of data objects, also men-
tioned as query result set, that satisfy the query constraints. The aim of distributed
query processing is to retrieve the same query result as if the query has been posed
to the centralized database of all data objects. P2P query processing refers to the
algorithmic steps that are employed for retrieval of the query result set. The main
tasks of P2P query processing that influences the performance of searching are:

• Local query processing at each peer that undertake the task of query processing
over the peer’s local database only.

• Query routing that aim at forwarding the query to those peers that maintain local
data that belong to the query result set.

In the former case, traditional query processing algorithms are usually applicable
with minor modifications. In the latter case, P2P query processing algorithms need
an efficient routing mechanism that deliberately forwards queries in such a way that
target peers (those with query results) are reached in a cost-effective manner. At the
same time, the routing mechanism should not forward the query to peers that cannot
contribute to the query result set. The routing information used that is built and
maintained at each individual peer needs to aggregate information about what data
is accessible when a certain direction is followed in the network. This corresponds
essentially distributed routing mechanism, which is not straightforward to build and
demands non-traditional techniques due to the distribution of content.

1.4 Organization

The focus of this book is efficient query processing of multidimensional data in P2P
systems, where the data objects are horizontally distributed over the peers. The rest
of the book is organized as follows: Chapter 2 provides useful background informa-
tion on basic P2P concepts. Then, Chapter 3 presents a clear overview of the system
model adopted, as well as an overall description of the framework for P2P multidi-
mensional query processing and routing. Chapter 4 provides definitions of advanced
query operators that are the focus of the book. Thereafter, Chapter 5 presents sim-
ilarity search in P2P systems, focusing on range queries. Chapter 6 describes P2P
skyline query processing, with special focus on subspace skyline queries. Chap-
ter 7 provides details on supporting top-k queries in P2P systems. Finally, Chapter 8
summarizes the most important findings and outlines open research problems.



Chapter 2
Peer-to-Peer Systems

Abstract In this chapter, a basic overview is given of P2P systems, architectures,
and search strategies in P2P systems. More specific concepts that are outlined in-
clude the differences of structured and unstructured P2P systems, categories of P2P
systems based on the centralization degree, basic search mechanisms for unstruc-
tured P2P systems, as well as details on P2P data management systems.

2.1 General Characteristics

P2P systems refer to distributed computer architectures that are designed for sharing
resources, by direct exchange, rather than requiring a central coordinating server. In
P2P systems, the interconnected computers, called peers, are organized in a network
in a distributed and self-organizing way and share resources, while respecting the
autonomy of peers. The main characteristic of a P2P system is the ability to adapt
to peer failures (fault-tolerance) and accommodate a large number of participating
peers (scalability), while keeping the performance of the network at an acceptable
level and maintaining the peer connectivity.

Generally, all peers are equivalent in terms of tasks and functionality they per-
form, and act both as clients and servers at the same time. Peers participate in the
system in a collaborative manner, by performing tasks such as connecting to other
peers, routing messages to other peers and searching for content. With respect to the
peer autonomy, each peer maintains and controls its own content or resources.

Even though different kinds of resources may be shared over a P2P network,
such as CPU or storage, P2P systems emerge as a powerful model for organizing
and searching of huge amounts of data distributed over independent sources. Appli-
cations such as file-sharing, distributed database and digital libraries gain from such
an architecture. Therefore, in this book, we focus on P2P systems that share content,
one of the most prominent applications areas of P2P technology.

Each peer has a collection of files or data to share. Two peers that maintain an
open connection between them are called neighbors. The number of neighbors of a
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6 2 Peer-to-Peer Systems

node defines its outdegree or degree. Any peer can pose a query, in order to retrieve
interesting content; this peer is called querying peer. When a peer receives a query,
first the query is evaluated against its local data collection and thereafter, if necessary
other peers are contacted through its neighbors. Query messages are forwarded only
between open connections, i.e., neighboring peers. If a message has to be exchanged
between two non-neighboring peers, more than one message is required. The cost
of this message is considered that it is proportional to the length of the path, also
called number of hops. Usually query results are forwarded back to the querying
peer through the reverse path of the query message. Alternatively, some approaches
allow the establishment of a temporary connection, in order to transfer the query
results directly to the querying peer.

In the rest of this chapter, we will describe in more detail different architectures
for P2P systems, how to search for data in such systems, and finally we give an
overview of some P2P-based data management systems.

2.2 P2P Architectures

P2P systems can be classified into two categories, based on the way the content
is located in the network, with respect to the network topology: unstructured and
structured. In unstructured P2P, each peer maintains a limited number of connec-
tions (also called links) to other neighboring peers in the network. Searching in an
unstructured P2P environment usually leads to either flooding queries in the net-
work using a time-to-live (TTL) or query forwarding based on constructed routing
indices that give a direction for the search. Examples of such unstructured P2P net-
works include Gnutella and Freenet [39]. In structured P2P systems, a hash function
is used in order to couple keys with objects. Then a distributed hash table (DHT)
is used to route key-based queries efficiently to peers that hold the relevant objects.
In this way, object access is guaranteed within a bounded number of hops. Exam-
ples of popular structured P2P systems are Chord [121], CAN [106], Pastry [112],
Tapestry [146].

2.2.1 Structured P2P Systems

Structured P2P systems assume a relation between the peer content and the network
topology. The topology of the network is strongly controlled and data is stored or
indexed by specific peers. Therefore, there is a mapping between the data objects
and the location, i.e., the peer that stores or indexes it, so that queries can be routed
easily to peers that store relevant data objects. Usually the mapping is realized as a
distributed hash table (DHT). We shortly describe two representative structured P2P
networks, namely CHORD [121] and CAN [106].
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CHORD [121] is a P2P protocol that uses a distributed hash table for efficiently
locating the peer that stores the data item corresponding to a given one-dimensional
key value. CHORD uses consistent hashing to map uniformly the domain of search
keys into the Chord domain of keys. More precisely, each peer is identified by an
m-bit key value generated by the hash function applied on the peer’s IP. Then, the
peers are ordered in an identifier circle based on their key value. Each object with a
key value k is assigned to the first peer that has a key value equal to or larger than
k. In order to maintain efficient communication between peers, every peer stores the
addresses of its predecessor and successor on the identifier circle. In addition, each
peer maintains a routing table called the finger table with addresses of up to m other
nodes. With high probability, the peer responsible for a given key value is located
via O(log(N)) number of messages to other peers.

CAN [106] divides dynamically the d-dimensional data space into partitions, so
that each peer is assigned to a data space partition. Each peer connects to the peers
that store neighboring data space partitions, according to some dimension. Each
time a peer joins the network, it randomly chooses a point in the d-dimensional
space and contacts the peer responsible for the partition in which that data points
belongs. Then this peer, splits the data space in two parts, based on some dimension
and then assigns the one part to the new peer. Finally, the neighboring peers are
contacted and updated. A point query based on the CAN architecture is performed
in O(N1/d) messages.

2.2.2 Unstructured P2P Systems

In contrast to structured P2P networks, in unstructured P2P networks peers connect
to other peers in a random way and there is no relation of the placement of the
data objects with the network topology. Therefore, peers have no or limited infor-
mation about data objects stored by other peers, thus searching in unstructured P2P
networks may lead to query all neighbors for data items that match the query (see
Section 2.3).

Unstructured P2P networks are easy to implement and impose low maintenance
cost, however query routing is not scalable. As the number of participant peers in-
creases, the number of exchanged messages increases too. On the other hand, struc-
tured P2P networks maintain information about the data objects available through
their neighbors. Therefore, query processing algorithms with cost bounds have been
proposed. Nevertheless, the maintenance cost is high, especially for large P2P net-
works and high rates of peer joins or departures (also known as churn).
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2.2.3 P2P Network Centralization Degree

P2P overlay networks were initially defined to be totally decentralized, however for
practical reasons, systems with different degrees of centralization have been devel-
oped. Therefore, except of purely decentralized architectures, also hybrid systems
were proposed.

In a purely distributed P2P system, all nodes in the network perform exactly the
same tasks, acting both as clients and servers, and there is no central coordination of
their activities. The major shortcomings of purely distributed systems is scalability
issues and the poor performance during query processing.

In the hybrid centralized indexing systems, there is a central server facilitating
the interaction between peers and a centralized index is build at this specialized peer.
Napster, for example, uses a centralized index, that is built in cooperation with all the
participating peers. The centralized index keeps information about the data stored
at each peer, together with the peer identifier. Therefore, centralized indices are ef-
ficient during query processing; a single message is required to determine which
peer stores relevant information. Notice that the actual sharing of information be-
tween peers is established by communication between the peers, without interaction
with the central server. Despite the efficiency during query processing, centralized
indices have a major drawback, namely they constitute a ”single point of failure”.
Moreover, the centralized index may become a bottleneck for the system, especially
in the case of a large P2P network.

Hybrid decentralized indexing systems, namely super-peer infrastructures [141],
harness the merits of both centralized and purely distributed architectures. Super-
peer networks tackle the scaling and ”single-point-of-failure” problems of central-
ized approaches, while exploiting the advantages of the completely distributed ap-
proach, where each peer builds and maintains an index over its own files. These
systems are similar to purely decentralized systems, but some of the peers have a
more important role, and are responsible to maintain the information available at
their associated peers and facilitate the interaction between peers. If only the super-
peers are considered, they act as a purely decentralized P2P system.

2.3 Search in Unstructured P2P Systems

Different approaches have been proposed for unstructured P2P systems, in order to
find interesting content for the users.

2.3.1 Flooding-Based Search

The most naive approach that does not use any index is flooding the network, until
interesting content is retrieved. Flooding is performed by each peer forwarding the
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query to all neighbors, except from the one that the query was received. It is obvious,
that flooding-based search does not constitute a truly scalable solution, as the query-
induced traffic practically saturates the P2P system. Therefore, several variations
have been proposed, in order to reduce the cost of flooding.

An alternative to pure flooding is to attach a time-to-live (TTL) that specifies af-
ter how many hops the query should be stopped, which leads to the problem of a
limited horizon. Any peer receiving a query, first decrements the TTL and only if
the TTL is greater than zero it forwards the query to its neighbors. Flooding was
used by Gnutella. Although this approach is simple and there is no overhead for
maintaining routing information, it has the disadvantage that it may lead to an enor-
mous cost during query processing, especially in the case of large P2P networks. In
addition, flooding is sensitive to the connectivity degree of each peer, since a small
connectivity degree leads to long routing paths, while in a dense network topology
each peer receives the query from multiple paths, resulting in a large number of
exchanged messages and waste of bandwidth.

Another variant is to perform a random walk on the network [60]. Using this
strategy, the query is forwarded to one or some random neighbors instead of for-
warding to all neighboring peers.

2.3.2 Routing Indices

Routing indices [42] were proposed to alleviate the shortcomings of the aforemen-
tioned search methods. Routing indices are implemented as multiple small indices
that are stored distributed at every peer, that differs to a costly and vulnerable cen-
tralized index. Routing indices store the direction that should be followed, in order
to find the requested data, rather than the corresponding data itself. In more detail,
each peer maintains an index that describes the information that is available through
each neighboring peer. For example, in the case of documents, a centralized index
would store the terms with the peers’ IPs that store documents containing the terms,
while a routing index would maintain only information about how many documents
containing each term we could find by following a path starting at each neighboring
peer. Therefore, each peer is able to forward a query to the neighbors that are more
likely to have results, instead of choosing some neighbors randomly or flooding the
network by forwarding the query to all neighbors. The routing indices are usually
constructed assuming an acyclic network topology, while different approaches are
proposed for handling cycles.

2.3.3 Semantic Overlay Networks

In application areas were data is non-uniformly distributed over the peers, and it
is possible to discover peers with similar content, then it is possible to form the-
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matically focused peer groups and use this for query routing. This technique, called
semantic overlay networks [53], makes it possible to route queries to only those peer
groups that are relevant to the query, thus significantly reducing the number of peers
that has to be contacted during a query.

2.4 Super-Peer Systems

The choice of the underlying network architecture plays an important role in the per-
formance of a P2P system. However, no single architecture is suitable for all types
of possible P2P applications. Super-peer infrastructures [141] harness the merits of
both centralized and distributed architectures, as they tackle both the scaling lim-
itations and the ”single-point-of-failure” problem of centralized approaches, while
exploiting the advantages of the completely distributed approach, where each peer
builds an autonomous index over its own files. Nowadays, super-peer architectures
have been established in most of the existing P2P file-sharing applications (eMule,
KaZaA).

Moreover, an important performance issue in P2P networks is uneven load dis-
tribution that can lead certain points of the network to become a bottleneck, caused
by the limited capabilities of some peers. Super-peer networks take advantage of
the heterogeneity of peer capabilities (e.g., bandwidth, processing power), which
recent studies have shown to be enormous [117], by assigning greater responsibility
to those that are more capable of handling it. In addition, in several applications, co-
operative computers in a P2P network have different roles by nature, similar to the
case of file-sharing, where some machines are registered as dedicated servers to the
system, while others are plain personal computers that mostly request information.
Furthermore, in order to respect peers autonomy, any approach should not rely on
arbitrary data movement, hence each peer joining the network should autonomously
store its own data. Therefore, a super-peer architecture appears particularly suitable
for applications that require efficient performance for advanced query operators,
hence we model our distributed system as a super-peer network.

Numerous interesting applications that require efficient query processing can be
deployed over such a super-peer architecture. The overall objective is for a set of
cooperative computers to collectively provide enhanced processing facilities, aim-
ing at overcoming the limitations of centralized settings, for example extremely
high computational and storage load. Examples of challenging applications that can
be realized over the proposed framework include distributed image retrieval, doc-
ument retrieval in digital libraries, P2P information sharing, data integration from
distributed sources, as well as distributed scientific databases.
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2.5 P2P-Based Data Management Systems

During the last decade a number of P2P-based data management systems have been
realized. Some provides just basic storage capabilities, while others also support
advanced query capabilities.

OceanStore [88] is one of the storage systems without query capabilities. It pro-
vides an infrastructure for permanent storage and replication of objects, but no query
system. Objects are accessed based only on their globally unique ID, and this ID has
to be known in order to retrieve or update the object.

PIER [77] is a middleware query engine built on top of a DHT. PIER does not
permanently store its data. Data sources publish their data in the DHT and update
them regularly, and data that are not refreshed are removed. Typically, a PIER net-
work will contain only object metadata (e.g., filenames, sizes, tags) and a reference
to the original data object. Clients will query the network to get the references to the
objects of interest and retrieve the objects separately.

Among the systems that provide a full DBMS, with both query processing and
storage, are Hyperion [110], Orchestra [126], Piazza [66]. All these systems allow
each site to have its own schema, and use schema mediation techniques to allow
cross-site querying. PeerDB [99] also falls into this category of systems with het-
erogeneous schemas, but the approach to schema mediation is different. Instead
of relying on schema mediators, information retrieval techniques are used to find
matching relations.

A slightly different approach is DASCOSA-DB [67], which does not use schema
mediation. While the systems mentioned above are meant to connect existing
databases and provide a common query interface, DASCOSA-DB is a distributed
database system with a high degree of site autonomy, but which still behaves as one
system, not many different systems with a common interface.

Other systems based on a common schema include APPA [1]. APPA provides
a multilayered solution on top of a structured or super-peer P2P network, where
the bottom layer is a simple key/value-store and the top level provides advanced
services such as schema management, replication and query processing.

AmbientDB [20] is a system designed to provide full relational database func-
tionality for stand-alone operation in autonomous devices that may be mobile and
disconnected for long periods of time, while enabling them to cooperate in an ad hoc
way with (many) other AmbientDB devices. A DHT is used both as a means for con-
nection peers in a resilient way as well as supporting indexing of data. AmbientDB
is a system for mobile devices, which have low computational power and may fre-
quently be disconnected from the network, compared to for example DASCOSA-
DB that is designed for sites that have the computational power necessary to do
query processing and more stable network connections.



Chapter 3
System Overview

Abstract Query processing in P2P networks poses inherent challenges and demands
non-traditional techniques due to the distribution of content and the lack of global
knowledge. Query routing over the P2P network is the key mechanism for efficient
query processing. In the case of multidimensional data, designing multidimensional
query routing is a non-trivial problem that should be carefully addressed. In this
chapter, the challenges related to multidimensional query routing are briefly ex-
plained. Furthermore, the required routing information is described as well as the
main components of distributed query processing.

3.1 Challenges of Distributed Multidimensional Query
Processing

P2P multidimensional query processing refers to the execution of advanced query
operators over multidimensional data stored in a highly distributed system. The main
requirement for multidimensional query processing is the retrieval of the exact and
complete result set. Exactness refers to retrieval of those points that belong to the
query result, in contrast with approximate retrieval where points close or similar to
the result points are retrieved. Completeness refers to the retrieval of all points that
belong to the result set, in contrast to partial result retrieval that only retrieves a
subset of the result. Equivalently, this means that although a query is processed in a
distributed manner over a union of data sets ∪Si, the result set should be the same
as if the query had been executed on the dataset S = ∪Si in a centralized setting.

The objective of retrieval of exact and complete results greatly differentiates
query processing from P2P information retrieval, where finding (a) similar results to
the actual query results, or (b) an adequate portion of the result is considered accept-
able. As a result, the aim of exactness and completeness in the result set produced
by multidimensional query routing raises the complexity of query processing and
poses new challenges for P2P retrieval.
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In the rest of this book, it is assumed that the aim is to support exactness and
completeness of results during distributed query processing.

3.2 Data Model and System Architecture

From the perspective of data management, the main focus of this book is on dis-
tributed management of multidimensional data. Commonly, in such application do-
mains, there exists a set of nodes in the system that have special roles, due to en-
hanced capabilities, including high processing power, high storage capacity, net-
work bandwidth, as well as due to other properties such as increased availability. To
take advantage of such nodes, approaches will be presented that rely on a super-peer
infrastructure. Hence, nodes with enhanced capabilities play the role of super-peers
in our system. In addition, plain peers correspond to users who wish to participate
and use the application, thus they register their machines to the P2P system. Peers
are completely autonomous entities; for example, with respect to data storage each
peer may autonomously store its own data. The only prerequisite for peer participa-
tion in the system is that peers should support some common functionality, which
is required for indexing and query processing. This functionality can be in the form
of a library of tools and operations (access methods, query processing algorithms,
etc.) which is made available and is deployed on each peer at registration time.

More formally, each peer is denoted as Pi and let Np represent the total number
of peers in the P2P system. Each peer Pi holds ni d-dimensional data points, denoted
as a set Si (i = 1, . . . ,Np). In consequence, the complete data set S stored at any time
in the P2P system is the union of all peers’ datasets Si: S = ∪Si, and its size n is
equal to ∑Np

i=1 ni.
The overall architecture contains peers with special roles, called super-peers. Let

Nsp denote the number of super-peers in the system, and SPi to refer to a super-
peer, with i = 1, . . . ,Nsp. Super-peers comprise only a small fraction of the peers in
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Symbols Description
S Dataset
d Data dimensionality
n Cardinality of the dataset
Si Partition of dataset (i = 1, . . . ,Np)
Np Number of peers
Nsp Number of super-peers (Nsp << Np)
DEGp Degree of simple peer
DEGsp Degree of super-peer (DEGsp < DEGp)

Table 3.1 Overview of basic symbols

the network, therefore Nsp << Np. With respect to data storage, when a super-peer
becomes part of the system initially, the super-peer may store its own data (in an
analogous way to peers) or not (when the super-peer is used simply as infrastructure
for the system). In this book, we assume that super-peers do not store their own data.
Nevertheless, all techniques are also applicable also for the case where super-peers
store their own data.

A super-peer maintains two sets of connections at logical level: (a) connections
to peers, and (b) connections to other super-peers in the system. Super-peers ac-
cept a maximum number of DEGp connections from peers that join the network
directly and connect to one of the available super-peers. In addition, a super-peer is
connected to a limited set of at most DEGsp other super-peers (DEGsp < DEGp),
which are called neighbors or neighboring super-peers.

Moreover, a multidimensional space D is used to represent the domain of data
points. Thus, given a space D defined by a set of d dimensions {d1,d2, . . . ,dd} and
a dataset S on D, a point p ∈ S can be represented as p = {p1, p2, . . . , pd}, where pi

is the value of p on dimension di. For a reference to the basic symbols used in the
remaining of this book, see Table 3.1.

3.3 Objectives and Motivation

3.3.1 Performance Objectives

A set of objectives related to performance issues is identified in the following, which
eventually lead to the establishment of an efficient query processing mechanism.
The aforementioned objective of exactness and completeness of the result also ap-
pears in this list abusively, even though it is not directly related with performance,
due to its importance in the context of this book.

• Contact only peers and super-peers that contribute to the query. A basic
prerequisite for P2P query processing is the creation of routing information for
deliberate query routing, which is typically in the form of data summaries. The
number of contacted peers and super-peers is influenced by the accuracy of the



16 3 System Overview

selected summary information. In general, in the absence of the detailed data,
the summary information inherently involves some inaccuracy. The objective is
to minimize the number of peers and super-peers that will be contacted in vain.
Moreover, most of the algorithms presented in this book for distributed querying
follow a thresholding scheme that allows pruning peers or super-peers based on
already retrieved results.

• Minimize the number of transferred data objects. The employed thresholding
scheme enables excluding objects that cannot appear in the query result set. In
addition, peers and super-peers process the query locally and only points that
belong to the local result set are transferred. Progressive merging at intermediate
peers, where non-qualified data points as results are identified and removed, can
be additionally employed to further reduce the amount of transferred data.

• Minimize the processing time at each peer and super-peer. This is achieved by
utilizing efficient local access methods at each peer and super-peer, by means of
adopting state-of-the-art indexing techniques proposed for centralized settings.
As already mentioned, appropriate thresholds are used to query fewer peers and
eagerly prune the search space.

• Minimize the query response time. This goal is naturally derived from the pre-
vious objectives, since minimizing all the above objectives has the consequence
of minimizing the response time. It should be noted that some aims are con-
tradictory and lead to interesting trade-offs. For example, merging of retrieved
results at each intermediate super-peer leads to minimizing the transferred data,
but increases the processing time at each super-peer. In this book, various meth-
ods are investigated for reducing the response time, such as the exploration of the
advantages and disadvantages of different result merging strategies.

• Exact and complete result set. Apart from reducing the total response time, the
combination of threshold usage with the summary information should addition-
ally guarantee that no data object or (super-)peers that contribute to the result set
is pruned by accident.

3.3.2 Inadequacy of Basic Approaches

Several well-known techniques for distributed query processing could potentially be
applied in the case of multidimensional query processing and routing in a super-peer
network. However, as will be shown presently, existing approaches present various
shortcomings that make them inapplicable for the proposed setup.

Perhaps the most plain solution is to follow a data shipping approach, by having
all peers send their local datasets to the querying peer, and then have the query pro-
cessed locally over the complete dataset, identically with the case of centralized data
storage. However, this approach is infeasible in a large-scale P2P system, because
it is not scalable with network size. In addition, the required data transfer imposes
high costs, both in terms of bandwidth consumption as well as total response time
for producing the result of the query.
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Basic search methods in P2P systems include variations of flooding and random
walks. Such methods work acceptably well in particular cases; for example, when
data is replicated to many peers in the system, or in special types of retrieval, such as
document retrieval, where it suffices to retrieve only some relevant documents to the
query. To ensure completeness of the result, these approaches would need to contact
all peers in practice. As such, both approaches are not suitable for the retrieval of
the complete query result set, because of the high incurred cost of search. In the case
of super-peer networks, it is necessary to maintain information at super-peer level
that describes the available data at peers, so that each super-peer can route the query
only to those peers that store relevant data.

Routing indices [42] are routing structures that, given a query at a peer, iden-
tify the subset of neighbors that can produce results (if that direction was followed)
ranked according to the number of query results. [42] studies the use of routing
indices for document retrieval, and the goodness of a peer is reflected on the num-
ber of documents available through each neighbor. A peer receiving a query, first
processes the query based on its local data, and when the retrieved documents are
not enough, then the query is forwarded to the best neighbor based on the routing
list. Alternatively, more than one neighbor can be queried simultaneously. Querying
more than one peer in parallel reduces the response time, but increases the network
traffic, since more messages are sent and more data objects are transferred to the
querying peer. This approach assumes that there exists a stopping condition, i.e.,
the number of relevant documents to be retrieved, which can be easily evaluated at
each peer, by counting the retrieved documents and attaching the number of already
retrieved documents to the query.

3.3.3 Motivation for Summary Information

In contrast to the aforementioned case, in the case of complete retrieval, one major
problem is the lack of a stopping condition that enables the determination of when
the complete result set has actually been retrieved. Therefore, super-peers have to
store multidimensional summary information to determine whether there exist more
peers (or super-peers) that may contribute to the result set, before contacting them.
This information serves as an aggregate summary of the available data objects, and
is more coarse or abstract than the individual data items stored at the peers. However,
in principle, data summaries may lead to overcount or undercount the number of re-
turned results. Therefore, the employed summaries should have the salient property
of guaranteeing that any peer that stores data which belongs to the result set will be
contacted.

Another interesting issue related to data summaries is the level of detail. Coarse-
grained data summaries reduce the storage and maintenance cost of routing infor-
mation, at the expense of higher query processing cost. Instead, fine-grained data
summaries support more efficient query processing, but include a higher cost of
storage and maintenance. Clearly, the level of detail of the summarization leads to
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an interesting trade-off between maintenance and query processing cost. The pro-
posed framework makes the implicit assumption that queries are much more fre-
quent than updates. Thus, the main focus is on improving query performance, rather
than minimizing the cost that incurs due to the creation and maintenance of the rout-
ing information. Motivated by this observation, a pre-processing step is employed
for building routing information, in order to improve the performance of query pro-
cessing. The reader may draw parallels to the case of index creation before process-
ing queries over a table in a traditional relational DBMS.

3.4 Data Summaries and Indexing

In order to achieve the aforementioned objectives, we describe issues related both
with centralized and distributed data management, as well as distributed query pro-
cessing algorithms. We analyze a framework for multidimensional query processing
and routing over a super-peer system that relies on a three level data summarization
scheme:

1. Selection of appropriate data summaries at local peer level
2. Subsequent construction of summary information at any super-peer, describing

the data available at peers connected to the super-peer.
3. Construction of routing information in the form of routing indices at super-peer

level by exploiting super-peer data summaries, in order to exclude peers and
super-peers that cannot contribute with any results to the given query.

The main goal is to design efficient distributed algorithms for query processing
that take into account result sets from other peers to prune data or peers that cannot
contribute to the result set. To this end, data summaries that describe the local data
are needed. A peer needs to summarize its data and use centralized indexing tech-
niques to support efficient query processing. A super-peer is required to build and
maintain data of two categories: (a) summary data, collected from its peers and serv-
ing as an indexing mechanism over its peers’ data, and (b) information about data
available in the rest of the network, collected through its neighboring super-peers
for routing queries to remote peers.

3.4.1 Peer Summaries

Prior to the actual query processing, a pre-processing or construction phase is re-
quired to create and distribute the routing information. In the pre-processing phase,
each peer may create an index on its local data, in order to answer efficiently a given
query. In turn, each super-peer collects some multidimensional information, such as
representative data objects, from its associated peers. A crucial issue is what kind



3.4 Data Summaries and Indexing 19

of multidimensional information each super-peer should collect. The main charac-
teristic is that this information or summary should be able to define which peers
have relevant data to the query and also have the power to prune as many peers as
possible. In this book, different query operators and various types of summaries that
should be used will be studied, in order to support the queries.

3.4.2 Super-peer Aggregated Summaries

Each super-peer collects the summaries of its associated peers. Then, each super-
peer aggregates the summaries into a new set of summaries that describe in a more
compact way the data available on its associated peers. In more details, a super-peer
can use the compact summaries to discard summary data that do not correspond to
results during query processing. Each super-peer may use any centralized indexing
technique to efficiently query the collected peer summaries. Based on this informa-
tion, each super-peer is able to answer efficiently a given query by selecting and
querying the appropriate peers that are connected to it.

3.4.3 Routing Indices

In order to create routing summaries, each super-peer summarizes the aggregated
summary data. The goal is to create a more coarse data summary, that leads to
smaller construction and maintenance costs. The routing summaries describe in a
more abstract way the data available on its associated peers. Moreover, the routing
summaries may also summarize the data available through some of its neighboring
super-peers. These summaries are distributed to the other super-peers through its
neighbors. As a result, each super-peer is able to route efficiently a given query over
the entire network.

3.4.4 Churn

An important and distinguishing issue in P2P networks is fault-tolerance. The super-
peer architecture makes the system more resilient to failures compared to other P2P
systems. Super-peers have stable roles, but in the extreme case that a super-peer
fails, its peers can connect to another super-peer using the basic bootstrapping pro-
tocol. A peer failure may cause the responsible super-peer to update its aggregated
summaries. Only if churn rate is high, these changes are propagated to other super-
peers.

As already mentioned, a peer joins the network by contacting a super-peer using
the bootstrapping protocol. The bootstrapping super-peer SPB uses its routing sum-
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Fig. 3.2 Query processing over super-peer networks

mary to find the most relevant super-peer to the joining peer. This is equivalent to
a similarity search over the super-peer network, and will be covered in Chapter 5.
When the most relevant super-peer SPr is discovered, the new peer joins SPr. An
interesting property of this approach is that joining peers become members of rele-
vant super-peers, so it is expected as new peers join the system, that clustered data
sets are gradually formed, with respect to the assigned super-peers. This is close to
the notion of semantic overlay network (SON) construction [48], which is similar to
having clustered data assignment to super-peers.

3.5 Framework

The main premise of efficient distributed algorithms for query processing is to ex-
ploit the routing indices to avoid querying peers and super-peers that cannot con-
tribute to the result set. In addition, the result sets from already queried peers are
taken into account to prune data or peers that cannot contribute to the result set. In
the following, first a general description of query processing over super-peer net-
works is given, followed by an outline of query processing components.

3.5.1 Query Processing

Users (also modelled as peers) can submit queries that are propagated to an initiator
super-peer, which then in turn routes the query selectively to those super-peers that
can provide relevant data. The querying peer is denoted Pinit , henceforth referred to
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as initiator of a query. Notice that even though the initiator can be a simple peer,
Pinit is used to refer to the super-peer responsible for the simple peer.

In super-peer architectures, queries are typically routed first in the super-peer
backbone and afterwards, if necessary, they are distributed to the peers that are con-
nected to the super-peers. In general, super-peers maintain information about the
peers they have been assigned, so that at query time, they can process a query with-
out having to contact all peers. Note that one important performance parameter is
the super-peer topology which influences the routing performance. In this book, we
assume that the pre-defined super-peer topology is assumed to be generic and not
restricted to a particular form, and the focus is on the optimization of interactions
among super-peers and peers.

In order to minimize the transferred data, the technique used is to locally evaluate
as many parts of the query as possible. However, accurate and complete query com-
putation over widely distributed data, demands that all data is taken into account,
since even a single point neglected could affect the result set and prune out other
already processed points.

Each super-peer SPA that receives a query, routes the query selectively to those
super-peers that can provide data belonging to the query result set. Then, super-peer
SPA evaluates a query by using its summary information about data stored at its
peers, in order to find the peers that contribute to a query, and forwards the query
only to the relevant peers. Each peer that receives the query, processes the query over
its data and sends the results back to super-peer SPA. This is the query propagation
phase (Fig. 3.2(a)) that is followed by a merging phase (Fig. 3.2(b)). In the merging
phase, each super-peer SPA collects the results of the queried peers and neighboring
super-peers. SPA merges the local results into a new result set, in order to reduce the
transferred data, or just sends the received results to the querying super-peer through
the neighboring super-peers. Finally, the initiator gathers the objects and returns the
result set to the querying peer.

3.5.2 Query Processing Components

Multidimensional query processing and routing over a super-peer network consists
of the following three main components:

1. Local query processing at a peer based on its locally stored data (local query
processing).

2. Local query processing at a super-peer based on aggregated summary data that
is locally stored data (peer selection mechanism).

3. Query routing based on the routing indices (super-peer selection mechanism).

Local query processing requires the usage of efficient centralized techniques.
In particular, for each query operator (range, nearest neighbor, top-k and skyline
queries) supported by the proposed P2P system, efficient indexing methods of local
data at peers are investigated. The goal of local query processing is to retrieve data



22 3 System Overview

points that are stored locally on this peer and belong to the result set. These data
points are returned to the associated super-peer. The efficiency of local query pro-
cessing depends on the centralized techniques that are employed. To improve the
performance further, some information that describes data stored at other peers may
be send to the peer together with the query in order to avoid retrieving data points
that do not contribute to the result set. An additional advantage is that some of the
local results are pruned early and are not send to the super-peer.

In contrast to local query processing, the goal of the peer selection mechanism is
to select peers that store relevant data and not the data itself. The efficiency of the
peer selection mechanism depends on the summary data stored on the super-peer as
well as the performance of the query that retrieves the locally stored summary data.
The peer selection mechanism should exclude peers and that cannot contribute with
any results to the given query based on the summary information and on already
retrieved results from a subset of peers.

The super-peer selection mechanism is responsible for exploiting the summary
information that is exchanged between super-peers in order to identifying promis-
ing super-peers that may return relevant results to the query. Equally important is
the issue of excluding (pruning) from further processing peers and super-peers that
cannot contribute to final result set. Pruning is achieved based on the summary in-
formation exchanged between super-peers, but also by taking advantage of already
retrieved results from a subset of peers. Thus, the goal of the super-peer selection
mechanism is to identify the set of neighboring super-peers that should be queried.

The overall performance of query processing is influenced by all three compo-
nents. The performance of each component in terms of response time influences the
overall response time. More importantly, the efficiency of the peer and super-peer
selection mechanism in terms of which peers or super-peers should be queried next
influence the performance of query processing, since it affects the latency of the
system and the amount of transferred data.



Chapter 4
Query Operators

Abstract Emerging applications over distributed, loosely coupled datasets require
advanced query processing primitives that go beyond exact match queries. Such ap-
plications often need to handle multidimensional data, whether these dimensions
are related to specific attributes of the data objects or are the result of advanced
feature extraction algorithms. Querying multidimensional data is challenging even
in a centralized domain. In this chapter we introduce fundamental query types that
are commonly used in processing multidimensional data. We first discuss similar-
ity search based on range queries and highlight their relation to nearest neighbor
queries. Top-k queries, that rank data objects based on some scoring function are
also discussed. We conclude our exposition with the recently introduced skyline
query, as a generalization of ranking using many different, and often conflicting cri-
teria. We discuss skyline computation over subspaces of the data domain and its
relationship to top-k queries.

4.1 Multidimensional Data Model

During the last decades, an increasing number of applications, such as medical
imaging, molecular biology, multimedia and scientific databases, have emerged
where a large amount of high-dimensional data points needs to be processed. In ad-
dition to exact match queries, which have been largely supported both in centralized
and distributed environments, emerging applications call for new, advanced query
types that are particularly challenging in a distributed environment. For instance,
queries like “which data objects are most similar to a query object” or “which data
objects are the best trade-off between different object’s features”, require new query
primitives, algorithmic and architectural solutions that are not available in existing
systems.

As has been explained, we assume a data collection S of n objects repre-
sented as points in a d-dimensional (feature) space D characterized by dimensions
{d1, ...,dd}. A data object is treated as a point p in D defined via a set of coordinate
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Fig. 4.1 Feature space

values in that space: p = {p1, ..., pn}. Each coordinate value pi may represent an at-
tribute of the object that is of interest to the application, or, it may be the result of a
scoring function that evaluates certain features of the object [6]. In what follows, we
assume that the points’ coordinates are numerical non-negative values that depict
certain features of database objects.

A two-dimensional example is shown in Fig. 4.1. In the figure, a database of
objects o j is depicted along with a representation of the objects as points in a two-
dimensional space. The coordinates of each object are calculated via two scoring
functions s1() and s2(). Thus, object o j is mapped to p=(p1, p2)=(s1(o j),s2(o j)).
In our work, we do not distinguish between inherent attributes of the object and
extracted features. We prefer to refer to its multidimensional representation and, we
use the terms object and data point interchangeably.

Advanced query primitives have emerged in order to allow efficient processing
of objects depicted in a high-dimensional space. Examples include similarity search
based on range and nearest neighbor queries, top-k queries and the skyline operator.
In the following, we shortly describe these query types.

4.2 Similarity Search in Metric Spaces

Several applications, such as multimedia databases [118], employ feature trans-
formation, which projects important features or properties of data objects into a
high-dimensional space. Subsequent processing in that space often requires support
for similarity search in order to retrieve similar objects. Similarity search in metric
spaces focuses on supporting queries, whose purpose is to retrieve objects which are
similar to a query point, when a metric distance function dist is used to measure the
objects’ (dis)similarity.

More formally, a metric space is a pair M = (D,dist), where D is a domain of
feature values and dist is a distance function with the following properties:

1. dist(p,q) ≥ 0 (non negativity),
2. dist(p,q) = 0 iff p=q (identity of indiscernibles),
3. dist(p,q) = dist(q, p) (symmetry),
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Fig. 4.2 Similarity search examples

4. dist(p,q) ≤ dist(p,o)+dist(o,q) (triangle inequality).

A smaller distance between two objects is used by the application to indicate
higher degree of similarity among them. Similarity is symmetric, however, because
of the triangle inequality, an object may be similar to two dissimilar objects.

Similarity search in metric spaces involves, two different types of queries, namely
range and nearest neighbor queries.

4.2.1 Range Query

Range queries are specified by a query object q and a range (radius) value r. The
result set of the query is defined to contain all the objects o from the dataset that
have a distance to the query object q that is less than or equal to radius r:

Definition 4.1. Range query R(q,r): Given a query object q and a radius r, a point
p ∈ S belongs to the result set Rr

q of the range query iff dist(q, p) ≤ r.

A range query R(q,r) can be interpreted as ”retrieve all objects that are within
distance r to q”. Fig. 4.2(a) depicts a range query defined by query point q and a
radius r. The result set of this query contains data points f and l.

4.2.2 k-Nearest Neighbor Query

A drawback of range queries is that the cardinality of the result set is not known
in advance, but can be anything between zero and the size of the database. Conse-
quently, selection of an inappropriate value for the query range may lead to very few
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or too many query results. In the first case, a new range query has to be posed with
a larger range, which leads to redundant processing cost. In the second case, more
than necessary objects are retrieved, which again leads to increased processing cost.
In practice, a good selection of a radius value r is difficult to obtain as it requires
knowledge of the underlying distribution of data in the projected feature space.

The k-nearest neighbor (k-NN) [111, 70] query overcomes this problem by giving
the user the ability to specify the size k of the answer set. This query type does not
require a user to provide a query range and is therefore far easier to use than the
similarity range query. The k-nearest neighbor query returns the k most similar (to a
query point q) data points from the dataset and is defined as follows:

Definition 4.2. k-nearest neighbor query NNk(q): Given a query object q and a
positive integer k, the result set NNk

q of the k-nearest neighbor, is a set such that
NNk

q ⊆ S, |NNk
q | = k and ∀u,v : u ∈ NNk

q ,v ∈ S −NNk
q it holds that dist(q,u) ≤

dist(q,v).

In the definition we assumed that the dataset contains more than k points (n =
|S| ≥ k), which is typically the case. Otherwise, the result of the query is, trivially,
the set of all objects in S. Moreover, the k data objects with the smallest distance
may not be unique. When more than one objects have the same distance to the
query point, one or more of them may be chosen randomly in order to produce a
result set containing exactly k points.

Intuitively, a k-nearest neighbor query states “retrieve the k objects in S which
are closest in distance to a given object”. Fig. 4.2(b) illustrates the works of the
nearest neighbor query. Given the query point q the figure depicts the results of the
2-nearest neighbor search (k=2), namely points f and l.

Given a query object q, a k-nearest neighbor query is equivalent to a range query
specified by query point q and a radius equal to the distance of the k-th neighbor.

Observation 4.1 Given a query object q, let rk be the distance of the k-th nearest
neighbor p, i.e., rk = dist(q, p) then ∀r ∈ NNk

q it holds that r ∈ Rrk
q .

Of course the range query may return a few additional objects whose distance
from q is exactly rk. Observation 4.1 expresses that any nearest-neighbor query can
be transformed and have its results computed via a range query, if the distance to
the k-th nearest neighbor was known a-priori.

4.3 Top-k Query

For decades, top-k queries were mainly studied in the information retrieval research
field, aiming at ranking text documents according to some query terms, both ef-
ficiently and effectively. More recently [24, 78] the data management community
has realized the benefits of top-k queries in database systems and several efficient
algorithms for their evaluation have emerged. Top-k queries on multidimensional
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Fig. 4.3 Top-k example

datasets compute the k most interesting results with regards to a monotone score
aggregation function, such as weighted aggregation, applied on the attribute values.

Definition 4.3. An aggregation function f is increasingly monotone, if ∀p, p′ ∈ S
with pi ≤ p′i, ∀i, then f (p) = f (p1, ..., pd) ≤ f (p′1, ..., p′d) = f (p′).

The property of increasing monotonicity means that whenever the score of all
dimensions of the point p is at least as good as that of another point p′, then we
expect that the overall score of p is as least good as p′. The result of a top-k query
is the ranked list of the k objects with lowest score values. As in the case of k
nearest neighbor queries, when the database consists of fewer than k points, the
result contains the whole dataset.

Definition 4.4. Top-k query: Given a positive integer k, the result set TOPk of the
top-k, is a set such that TOPk ⊆ S, |topk| = k and ∀u,v : u ∈ TOPk,v ∈ S−TOPk it
holds that f (u) ≤ f (v), assuming that minimum values are preferable.

A special case of monotone functions is the weighted sum function, also called
linear. Each feature (dimension) d j has an associated query-dependent weight w j

indicating the dimension’s relative importance for the query. The aggregated score
for object p is defined as a weighted sum of the individual scores: score(p) =
∑d

j=1 w j × p j, where w j ≥ 0 (1 ≤ j ≤ d) and ∃ j such that w j > 0. If some weights
are set equal to zero, then a top-k query refers to only to a subset of the available
features. The weights indicate the user’s preferences and influence the ordering of
the data objects and therefore the top-k result set. For example, consider the dataset
depicted in Fig. 4.3. By assigning a high weight to values of dimension x (distance),
point a is the top-1 object, while if a low weight is used, point k becomes the top-1
object.

A top-k query takes two parameters: a user specified monotone function f and
the number of requested objects k. Notice that both the scoring function and the
parameter k may differ for each query and we are interested in retrieving the k ob-
jects with the best (minimum) values of the scoring function. In the special case of
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the weighted sum, the user specifies the weighting of each feature, i.e., how impor-
tant this feature is based on his preferences and therefore, a top-k query takes two
parameters: a d-dimensional vector w = {w1, . . . ,wd} and the number of requested
objects k.

4.4 Skyline Operator

Skyline queries [21] have attracted much attention recently, since they help users
to make intelligent decisions over complex data, where many conflicting criteria
are considered. Let us assume for example a database containing information about
hotels. Each tuple of the database is represented as a point in a data space consisting
of numerous dimensions. In our example, the y-dimension represents the price of
a room, whereas the x-dimension captures the distance of the hotel to a point of
interest such as the beach (Fig. 4.4). According to the dominance definition, a hotel
dominates another hotel because it is cheaper and closer to the beach. Thus, the
skyline points, in the example points a, i and k, are the best possible trade-offs
between price and distance from the beach.

In the following, we define the skyline and subspace skyline queries and point
out their relation to top-k queries.

4.4.1 Skyline queries

Definition 4.5. Skyline: A point p ∈ S is said to dominate another point q ∈ S, de-
noted as p ≺ q, if (1) on every dimension di ∈ D, pi ≤ qi; and (2) on at least one
dimension d j ∈ D, p j < q j. The skyline is a set of points SKY ⊆ S which are not
dominated by any other point. The points in SKY are called skyline points.
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Without loss of generality, we assume that skylines are computed with respect to
min conditions on all dimensions and that all values are non-negative.

The cardinality of the skyline set SKY depends on the data distribution, the di-
mensionality and the cardinality of the dataset. It has been shown [29, 61] that the
expected number of skyline points is Θ(lnd−1 n/(d−1)!) for a random dataset. The
result suggests that the skyline cardinality increases with the dataset dimensionality.
The intuition is that as the number of dimensions increases, it is more likely for any
point p that there exists another point q, where p and q are better than each other in
different subsets of dimensions. In other words, the probability of one point domi-
nating another point in the full space is decreasing as the dimensionality increases.
Therefore, the cardinality of the skyline set increases rapidly with the dimensional-
ity of the dataset.

4.4.2 Subspace skyline queries

Applications often provide numerous candidate attributes that they can use for data
analysis. In our running example, the hotel database could contain numerous other
attributes, such as the number of rooms, the age of the hotel, the size of room, the
star rating, etc. The notion of skyline can be extended to subspaces, where given a
set of d-dimensional objects, a subspace skyline query only refers to a user-defined
subset of attributes. Each non-empty subset U of D (U ⊆ D) is referred to as a
subspace of D. The data space D is also referred as full space of the dataset S.

Definition 4.6. Subspace Skyline: A point p ∈ S is said to dominate another point
q ∈ S on subspace U ⊆ D, denoted as p ≺U q, if (1) on every dimension di ∈ U ,
pi ≤ qi; and (2) on at least one dimension d j ∈U , p j < q j. The skyline of a subspace
U ⊆ D is a set of points SKYU ⊆ S which are not dominated by any other point on
subspace U . The points in SKYU are called skyline points on subspace U .

Consider for example the dataset depicted in Fig. 4.4. The skyline points are
SKY = {a, i,k}, while for the (non-empty) subspace U = {x} the skyline points on
U are SKYU = {a,b}. Notice that point b is a skyline point on the subspace {x} but
it is dominated by point a in the full space {x,y}.

Observation 4.2 A skyline point p ∈ SKYU on a subspace U ⊆ D is either a skyline
point on D, or is dominated on D by another skyline point q ∈ SKYU , for which
pi = qi, ∀i : di ∈U.

4.4.3 Relation to top-k queries

Skyline queries relate to top-k queries, and can be used to discard points that cannot
belong to the top-k result set.
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Observation 4.3 The top-1 object for any increasingly monotone aggregation func-
tion belongs to the skyline set.

Proof: Consider a point q that does not belong to the skyline, but it is the top-1 for
a query defined by an increasingly monotone function f . Then, there exists another
point p that dominates q, i.e., on each dimension di ∈ D, pi ≤ qi; and on at least one
dimension d j ∈ D, p j < q j, hence f (p) < f (q), and since f is increasingly mono-
tone this leads to a contradiction, because q is the top-1, i.e., f (q) < f (p). Thus, the
top-1 object for any increasingly monotone function belongs to the skyline.

For example, consider the dataset depicted in Fig. 4.3. By assigning a high weight
to the score of attribute x, point a is the top-1 object, while if a low weight is used,
point k becomes the top-1 object. Both a and k belong to the skyline set. This ob-
servation can be adopted for efficient top-k evaluation, by using the notion of the
k-skyband operator [103]. The result set of any top-k query is a subset of the k′-
skyband set, with k ≤ k′.



Chapter 5
Similarity Search in Metric Spaces

Abstract Similarity search in metric spaces has attracted much attention recently
due to numerous applications, including multimedia retrieval and scientific data
management. Several centralized indexing methods have been proposed to support
efficient similarity search in metric spaces. In this chapter, a distributed framework
termed SIMPEER [49] is presented for efficient similarity search in P2P systems
that extends the basic concepts of an efficient approach that has been previously pro-
posed for centralized systems. SIMPEER dynamically clusters peer data, in order to
build distributed routing information at super-peer level. The usage of carefully de-
signed distributed data summaries guarantees that all similar objects to the query are
retrieved, without necessarily flooding the network during query processing. With
SIMPEER, the targeted query types (range and nearest neighbor queries) can be ef-
ficiently evaluated, thus reducing communication cost, network latency, bandwidth
consumption and computational overhead at each individual peer.

5.1 Overview

This chapter addresses efficient processing of similarity queries in metric spaces,
where data is horizontally distributed across peers in a super-peer network. The
proposed framework termed SIMPEER builds and utilizes routing indices based on
data summaries produced by means of distributed clustering.

In SIMPEER each peer maintains its own data objects, such as images or doc-
uments, which refer to a high-dimensional metric space and a distance function
provides a measure of (dis)similarity. In order to make its data searchable by other
peers, each peer first clusters its data using a standard clustering algorithm (such as
K-Means), and then sends the cluster descriptions, typically consisting of the cluster
centroid and radius, to its super-peer. Only the cluster descriptions as a summariza-
tion of the peers’ data are published to the super-peer, while the original data is
stored by the peer. The iDistance method [80, 144] is employed by the peer to index
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and provide access to its data, in order to efficiently answer similarity queries during
local query processing.

Each super-peer maintains the cluster descriptions of its associated peers. In or-
der to keep the information in a manageable size, each super-peer applies a clus-
tering algorithm on the cluster descriptions of its peers, which results in a new set
of cluster descriptions, also referred to as hyper-clusters, which summarize the data
objects of all peers connected to the super-peer. The super-peer keeps a list of the
hyper-clusters in main memory and stores in a B+-tree the peers’ clusters using an
extension of the iDistance technique that is capable to handle cluster descriptions
instead of data points. This extension, introduced in the next section, enables effi-
cient similarity search over the cluster descriptions, so that the query is posed only
to peers having data that may appear in the result set.

The remaining challenge is to answer such queries over the entire super-peer net-
work. Instead of flooding queries at super-peer level, we build routing indices based
on the hyper-cluster descriptions that enable selective query routing only to super-
peers that may actually be responsible of peers with relevant results. The routing
index construction is based on communicating the hyper-cluster descriptions and it
is described in detail in Section 5.3. The number of collected hyper-clusters can be
potentially large, therefore the super-peer applies a clustering algorithm that results
in a set of routing clusters, that constitute a summary of the hyper-cluster informa-
tion. In a completely analogous way to the indexing technique of the peers’ clusters,
the super-peer uses the proposed extension of iDistance to store the hyper-cluster
information, this time maintaining in main memory only the routing clusters.

To summarize, SIMPEER utilizes a three-level clustering scheme:

• Each peer clusters its own data. The resulting clusters are used to index local
points using iDistance.

• A super-peer receives cluster descriptions from its peers and computes the hyper-
clusters using our extension of iDistance. Hyper-clusters are used by a super-peer
to decide which of its peers should process a query.

• Hyper-clusters are communicated among super-peers and are further summa-
rized, in order to build a set of routing clusters. These are maintained at super-
peer level and they are used for routing a query across the super-peer network.

This chapter focuses on two query types that are frequently used in applications
that support similarity search; range and nearest neighbor queries. The constructed
routing indices based on cluster summarization support efficient query processing,
in terms of local computation costs, communication costs and overall response time,
for both range and nearest neighbor queries. A query may be posed at any peer and
is propagated to the associated super-peer, which becomes responsible for the query
processing and finally returns the result set to the querying peer.

Given a range query R(q,r), each super-peer SPA that receives the query uses its
routing clusters to forward the query to the neighboring super-peers which have (ei-
ther locally or in their routing indices) clusters that intersect with the query. There-
after, SPA forwards the range query only to its own peers that have clusters intersect-
ing with the query based on the hyper-clusters, or in other words to peers that hold
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data that may appear in the result set and should therefore be examined. Finally, SPA

collects the results of its associated peers and the queried neighboring super-peers
and sends the result set back to the super-peer (or peer in the case of the initiator)
from which SPA received the query.

To process nearest neighbor queries, the initiator super-peer is responsible to
map this query to a range query and then propagate it to the neighboring super-
peers based on its routing index. One of the arising challenges is the transformation
of a nearest neighbor query to a range query. A k-NN query NNk(q) is equivalent
to a range query R(q,rk) where rk is the distance of the k-th nearest neighbor from
the point q. The main problem is that the distance rk is not known a priori. There-
fore, a heuristic is required to estimate the distance of the k-th nearest neighbor. In
SIMPEER, two alternatives are employed to estimate an appropriate range over the
distributed data, based on histograms that capture distance distributions within clus-
ters. Details on nearest neighbor search in SIMPEER can be found in [49], while
this chapter focuses primarily on processing of range queries.

The remaining of this chapter is organized as follows: in Section 5.2, local query
processing is described. Then, in Section 5.3, the employed routing summaries are
described in detail. Section 5.4 presents the query routing and processing mecha-
nisms established in SIMPEER. Alternative existing approaches are mentioned in
Section 5.5, while Section 5.6 summarizes the main points of the chapter.

5.2 Local Data Summaries and Query Processing

5.2.1 Peer Local Data Summaries

Each peer is responsible for its own data, which is organized and stored based on
the iDistance concept. First, the peer applies a clustering algorithm on its local data.
Even though the choice of the algorithm influences the overall performance of the
system, each peer may choose any clustering algorithm. The clustering algorithm
leads to a set of kp clusters LCp={Ci : (Ki,ri)|1≤ i≤ kp}. Each cluster Ci is described
by a cluster centroid Ki and a radius ri, which is the distance of the farthest point of
the cluster to the centroid.

Each data object is assigned to the nearest cluster Ci and it is mapped to a one-
dimensional value following the same mapping as iDistance. The iDistance values
of the data objects are indexed in an ordinary B+-tree, while the list of the clusters
LCp, with the centroids and the radii of the clusters, is kept in main memory.

iDistance [80, 144] is an indexing method proposed for high-dimensional sim-
ilarity search in centralized databases. The main idea is to partition the data space
into n clusters and select a reference point Ki for each cluster Ci. Then, each data
object is assigned a one-dimensional iDistance value according to the distance to
its cluster’s reference object. Having a constant c to separate individual clusters, the
iDistance value for an object x ∈Ci is
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iDist(x) = i∗ c+dist(Ki,x)

Expecting that c is large enough, all objects in cluster i are mapped to the interval
[i∗ c,(i+1)∗ c], as shown in Fig. 5.1.

The actual data objects are stored in a B+-tree using the iDistance values as
keys. Additionally, the cluster centers Ki and the cluster radius ri are kept in a main
memory list. In this way, the problem of similarity search is transformed to an in-
terval search problem. For a range query R(q,r), for each cluster Ci that satisfies
the inequality dist(Ki,q)− r ≤ ri

1, the data elements that are assigned to the clus-
ter Ci and their iDistance values belonging to the interval [i ∗ c + dist(Ki,q)− r, i ∗
c+dist(Ki,q)+ r] are retrieved. For these points pi the actual distance to the query
point is evaluated and thereafter, if the inequality dist(pi,q)≤ r holds, pi is added to
the result set. In [144] an algorithm for nearest neighbor search was proposed based
on repetitive range queries with growing radius.

5.2.2 Local Query Processing

The basic query processing functionality on a peer consists of an algorithm for
processing of range queries over its local data. As stated in [80, 144], the algorithm
examines each cluster in the list LCp and searches separately those clusters that
possibly contain objects matching the query. Algorithm 5.1 provides the pseudocode
of how range query processing on a peer is performed. Practically, for each peer
cluster Ci ∈ LCp, the algorithm tests if the query intersects the cluster area (line 4).
Thus, if a cluster Ci satisfies the inequality dist(Ki,q)− r ≤ ri, an interval search
[dist(Ki,q)+ i ∗ c− r,dist(Ki,q)+ i ∗ c + r] is posed on the B+-tree. This iDistance
interval corresponds to the cluster area that should be scanned in order to find all
relevant objects. After these objects are retrieved, a refinement step is required, due

1 Henceforth mentioned as intersection of the range query R(q,r) and the cluster Ci.
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Algorithm 5.1 Peer query processing
1: Input: (q,r)
2: Output: Result set S
3: for Ci ∈ {LCp} do
4: if (d(Ki,q)− r ≤ ri) then
5: cursor ← B+tree range query[dist(Ki,q)+ i∗ c− r,dist(Ki,q)+ i∗ c+ r]
6: while (candidate = has next(cursor)) do
7: if (dist(candidate,q) ≤ r) then
8: S ← S∪{candidate}
9: end if

10: end while
11: end if
12: end for
13: return S

to the lossy mapping of iDistance, which maps different equidistant points from Ki

to the same one dimensional value. In the refinement step, each object’s distance to
q is computed and if it is smaller than r (line 7), the object is added to the result set
S (line 8). For example, in Fig. 5.1 the range query intersects with both clusters C1,
C2. According to the iDistance values all objects enclosed in the dark grey shadowed
area are retrieved and examined whether they belong to the result set.

5.2.3 Super-peer Local Data Summaries

A super-peer SPA processes a range query by using its peers’ cluster descriptions.
Therefore, a super-peer determines the clusters and, consequently, also the peers
that intersect with the range query, while the actual data is accessed directly from
peers during query processing. Since the number of clusters increases rapidly ac-
cording to the number of connected peers, in order to reduce the number of distance
computations and intersection calculations and provide efficient query processing,
the iDistance concept is followed. SPA applies a clustering algorithm on the cluster
descriptions and – in a similar way to iDistance – maps high-dimensional points to
one-dimensional values. The cluster descriptions (having high-dimensional cluster
centers) are mapped to one-dimensional values, in such a way that range and k-NN
queries can be mapped into an interval search. In the following, the extension of the
iDistance mapping for clusters is described.

5.2.3.1 One-dimensional Mapping of Clusters

A super-peer SPA collects the cluster descriptions from its associated peers LCsp =
{(K1,r1), ...,(Knsp ,rnsp)}, where nsp is the total number of clusters. For the sake of
simplicity, we assume that nsp=kp ∗DEGp, i.e., all peers have the same number of
clusters kp. Following the iDistance concept, SPA applies a clustering algorithm on
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the list LCsp which results in a list of clusters (called hyper-clusters) LHCsp={HCi :
(Oi,r′i)|1 ≤ i ≤ ksp}, where ksp the number of hyper-clusters, Oi the hyper-cluster
center and r′i the hyper-cluster radius, which is the distance of the farthest point of
all clusters assigned to the hyper-cluster, to the centroid.

Each cluster Cj is mapped to a one-dimensional value based on the nearest hyper-
cluster center Oi using formula:

key j=i∗ c+[dist(Oi,Kj)+ r j]
which practically maps the farthest point of a cluster Cj based on the nearest refer-
ence point Oi. Similarly to iDistance, the one-dimensional values are indexed using
a B+-tree. In more detail, the B+-tree entry e j consists of the cluster’s center Kj, its
radius r j and the distance d j to its nearest reference point:

e j : (key j,Kj,r j,d j, IPj)
Additionally, in the B+-tree entry, the IP address of the peer is stored, in order to be
able to propagate the query to those peers that have clusters that intersect with the
query.

Furthermore, for each hyper-cluster HCi, except from the radius r′i, we also keep
a lower bound (dist mini) of all cluster distances. The distance dist mini is the dis-
tance of the nearest point of all clusters Cj to Oi. These two distances practically
define the effective data region of reference point Oi, or in other words, the region
where all points of all clusters Cj belong to.

5.3 Routing Summaries

As regards routing index construction, each super-peer builds a variant of routing
indices, in order to efficiently route queries to the appropriate neighboring super-
peers. The routing information consists of assembled hyper-clusters HCi of other
super-peers. In more detail, for each neighboring super-peer a list of hyper-clusters
is maintained, corresponding to hyper-clusters that are reachable through this par-
ticular neighboring super-peer. During query routing, the routing indices are used to
prune neighboring super-peers, thus inducing query processing only on those super-
peers that can contribute to the final result set. More formally, given a query R(q,r)
and a set of hyper-clusters HCi:(Oi, ri), a neighboring super-peer is pruned if for all
of its hyper-clusters HCi it holds:

dist(Oi,q) > r + ri

Each super-peer SPA broadcasts its hyper-clusters using create messages in the
super-peer network. Then, each recipient super-peer SPr reached by create mes-
sages, assembles the hyper-clusters of other super-peers. Even though this broad-
casting phase can be costly, especially for very large super-peer networks, it should
be emphasized that this cost 1) is paid only once at construction time, 2) depends
mainly on the number of super-peers Nsp and hyper-clusters per super-peer ksp and
not on the cardinality n of the data set, as in the case of structured P2P networks, and
3) can be tolerated for the network sizes of currently deployed super-peer networks.
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Since the list of assembled hyper-clusters at SPr may be potentially big to main-
tain in main memory, SPr runs a clustering algorithm, which results in a set of rout-
ing clusters (RC). Then, SPr indexes the hyper-clusters, in a completely analogous
manner as it clustered its peers clusters into hyper-clusters. The only difference is
that for each routing cluster, the identifier of the neighboring super-peer, from which
the owner of the hyper-cluster is accessible, is additionally stored.

Summarizing, a super-peer SPA uses the extension of the iDistance in two ways.
First, it clusters its peers’ clusters {LCpi|1 ≤ i ≤ DEGp} into hyper-clusters HCi

and indexes this information in a B+-tree. SPA also clusters the hyper-clusters
{LHCi|1 ≤ i ≤ Nsp −1} collected from other super-peers, resulting in a list of rout-
ing clusters LRCA. These are then used to index LHCi in a separate B+-tree using
the one-dimensional mapping of iDistance, analogously to the technique employed
for its peers’ clusters.

Maintenance of routing indices is straightforward and can be accomplished using
the well-established techniques described in [42]. In practice, when a super-peer
detects a significant change in one of its hyper-clusters, it decides to broadcast this
modification in a similar way to the construction phase. A modification can be due
to peer data updates that altered the radius of a peer cluster, and eventually its hyper-
cluster. It can also be the result of churn (peer joins or failures), that alter the radius
of a hyper-cluster.

5.4 Query Routing and Processing

In this section, we provide an algorithm that retrieves all clusters that intersect with
a given range query R(q,r). In order to retrieve all clusters that belong to a hyper-
cluster HCi an interval search [i ∗ c + dist mini, i ∗ c + r′i] on the iDistance values
is posed, since the region [dist mini, r′i] contains all clusters assigned to the hyper-
cluster HCi. In the following, we denote with dis the distance of Oi to q. The goal of
our search algorithm is to filter out clusters that do not intersect with the query, based
on the iDistance values. Since the points are mapped to one-dimensional values with
respect to the farthest points of each cluster, searching all indexed points until r′i
cannot be avoided. This is clearly depicted in Fig. 5.2 by means of an example. The
hyper-cluster radius r′i is defined by the farthest point of the cluster C1, whereas
dist mini is defined by cluster C5. The query intersects with C1 that is mapped to an
iDistance value based on the r′i distance. In other words, it is not enough to search
until dis + r, since some farthest points of intersecting clusters may be overlooked.
The starting point of the interval search is the iDistance value corresponding to
max(dis− r,dist mini). For the query R(q,r), in our example (Fig. 5.2), the search
scans the interval [i∗ c+dis− r, i∗ c+ r′i].

Algorithm 5.2 describes the range query search algorithm performed by super-
peer. Range query search takes as input a query point q and a radius r. The range
search algorithm essentially consists of three steps: 1) it checks whether the hyper-
cluster HCi can provide relevant results (line 6), 2) (if so) it locates a starting point,
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Fig. 5.2 Search interval based on range query R(q,r)

Algorithm 5.2 Range query search
1: Input: (q,r)
2: Output: Result set S
3: for Oi ∈ {LHC} do
4: dis ← dist(Oi,q)
5: lower ← max(dis− r,dist mini)
6: if (dis− r ≤ r′i) and (dis+ r ≥ dist mini) then
7: lnode ← LocateLeaf(btree, i∗ c+ lower)
8: Outward(lnode, i∗ c+ r′i , dis)
9: end if

10: end for
11: return S

denoted as lower = max(dis− r,dist mini) (line 5), for starting an interval search
on the B+-tree (line 7), and 3) scans the interval until r′i (line 8). LocateLeaf() im-
plements a standard search for some input value on a B+-tree and returns the leaf
node corresponding to the input value. Notice that the same notation is used as in
the original iDistance publication [144].

Outward (Algorithm 5.3) takes as input the leaf node from which the search
starts, the high-end value for searching and the distance dis of the query point to
the hyper-cluster. Each entry ei, i.e., cluster, stored in node is checked to ensure that
it is within distance r + ri to the query (line 4). The objective of the range query
algorithm is to reduce not only the number of accessed nodes, but also the number
of distance computations needed for query processing, which may be costly for
complex distance functions in metric spaces. For this purpose, all the information
concerning distances stored in the nodes of the B+-tree is used to effectively apply
the triangle inequality. The value |dis−di| (line 3) is a lower bound on the distance
of dist(Ki,q). The inequality in line 3 reduces the number of distance computations
during query processing. If necessary, the algorithm initiates a search to the next
leaf (line 9-10) of the B+-tree.
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Algorithm 5.3 Outward
1: Input: (node, ivalue,dis)

/* {E} is the set of entries in node */
2: for (ei : (keyi,Ki,ri,di, IPi) ∈ {E};keyi < ivalue) do
3: if (|dis−di| ≤ r + ri) then
4: if (dist(Ki,q) ≤ r + ri) then
5: S ← S∪ ei

6: end if
7: end if
8: end for
9: if (elast .key < ivalue) then

10: Outward(node.rightnode, ivalue)
11: end if
12: return

k-NN Search. In a similar way to iDistance, peers are capable to process nearest
neighbor queries locally. According to [80, 144], a peer would process the query
by executing a range query with an initial range. If fewer than k data objects are
retrieved, the radius of the range query is increased repeatedly, until k data objects
are retrieved. Since our application area is a P2P environment, a strategy that uses
a small radius and increments it until k objects are retrieved would cause more than
one round-trips over the network, which is quite costly. To avoid this pitfall, in
SIMPEER the super-peers maintain a set of statistics to estimate the distance of the
k-th object from the query point and avoid the execution of multiple range queries.
The specific details about the type of statistics as well as the algorithm used to
perform nearest neighbor search can be found in [49].

5.5 Other Existing Approaches

The design of efficient indexing and query processing techniques over high-dimensional
datasets has attracted the attention of many researchers, due to database appli-
cations, such as multimedia retrieval and time series matching, which deal with
high-dimensional data representations. In such applications, an important issue is
to retrieve similar objects to a given query object. Typical operations for similarity
search include range and k-nearest neighbor (k-NN) queries. Different approaches
have been developed for the problem of k-NN query processing, when k is known
in advance [111], whereas other approaches deal with the problem of incremental
nearest neighbor search [69, 70], where k is unknown and the query processing stops
on demand. It should be noted that, in some applications, an algorithm that returns
approximate results is sufficient, therefore fast algorithms have been developed for
retrieving approximate nearest neighbor, however in the following the focus is on
algorithms that retrieve the exact result set.
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5.5.1 Centralized Algorithms

Different algorithms have been proposed for supporting k-NN queries based on
multidimensional index-structures, like R-trees [65]. Multidimensional indexing has
been extensively studied in the past. The interested reader should refer to [57] for
a survey of various techniques. In [111], an efficient branch-and-bound search al-
gorithm for processing exact k-NN queries based on R-trees is presented and sev-
eral metrics for ordering and pruning the search tree are introduced. In [70], an
incremental nearest neighbor algorithm is presented that is applicable to the R-
tree. In [127, 15], cost models for nearest neighbor search in a high-dimensional
data space are presented. In general, the performance of k-NN algorithms based on
multi-dimensional indexes highly depends on the quality of the underlying index.

To alleviate the problem of poor performance of the indexes in high dimensions,
k-NN algorithms were proposed that apply dimensionality reduction techniques,
such as [56, 19]. The performance of multi-step algorithms for k-NN queries, i.e.,
algorithms that use an index on a data space of reduced dimensionality, were ana-
lyzed in [119]. In [25], an approach called Local Dimensionality Reduction (LDR)
is presented that also exploits multiple indexes, one for each cluster, unlike other di-
mensionality reduction methods, that aim to reduce the dimensionality over the en-
tire dataset and are insufficient for datasets that are not globally correlated. In [143],
an approach (iMinMax) where the high-dimensional points are mapped into a one-
dimensional space was proposed, by mapping high dimensional points to single-
dimensional values determined by their maximum or minimum values among all
dimensions. In [16], the effect of dimensionality on the nearest neighbor prob-
lem is explored. The authors show that as dimensionality increases, the distance
of any data point to its nearest data point approaches the distance to its farthest data
point. Therefore, in [68], an approach is proposed that does not treat all dimensions
equally, but uses a quality criterion to select relevant dimensions with respect to the
given query.

The aforementioned algorithms assume that data objects are represented in a d-
dimensional Euclidean space and therefore distances can be computed between any
two points in the data space. However, in several applications, similarity search algo-
rithms are required that operate on metric spaces, where the exact distance function
may be unknown. In this case, only a distance matrix is available that captures the
value of the distance between any two existing data objects. Algorithms for similar-
ity search in metric spaces only use of the properties of a metric distance function
(nonnegativity, symmetry, and the triangle inequality), and can in principle operate
without any knowledge of how the distances between objects have been computed.

Similarity search in metric spaces has attracted much attention recently, mainly
due to important applications, such as image retrieval. Several indexing approaches [37,
144, 80] have been proposed to handle efficient similarity search in metric spaces for
centralized settings. A dynamic balanced index structure, called M-tree, for similar-
ity search in metric spaces, was presented in [37]. A branch-and-bound technique
is proposed to efficiently retrieve the k-nearest neighbor data objects. In [38], a cost
model for querying the M-tree index is developed that uses the distance distribution
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of objects. iDistance [144, 80] is an index method for similarity search. It partitions
the data space into a set of clusters and selects a reference point for each cluster.
Then, each data object is assigned a one-dimensional iDistance value according to
the distance to its cluster’s reference object. The actual data objects are stored in
a B+-tree using the iDistance values as keys. Additionally, the cluster centers and
the cluster radii are kept in a main memory list. In this way, the problem of similar-
ity search is transformed to an one-dimensional interval search problem. Interesting
surveys of similarity query processing in metric spaces can be found in [71, 32].

5.5.2 Distributed Algorithms

Similarity search in P2P systems has attracted a lot of attention recently, however
most existing approaches focus mainly on structured P2P systems or on building a
network topology that groups together peers with similar content.

Recently, MCAN [55] and M-Chord [100] were proposed to handle similar-
ity search in metric spaces, employing a structured P2P network. Both approaches
focus on parallelism for query execution, motivated by the fact that in real-life ap-
plications, a complex distance function is typically expensive to compute. MCAN
uses a pivot-based technique that maps data objects to an N-dimensional vector
space, while M-Chord uses the principle of iDistance [80] to map objects into one-
dimensional values. Afterwards, both approaches distribute the mapped objects over
an underlying structured P2P system, namely CAN [106] and Chord [121] respec-
tively. Queries are transformed into a series of interval queries, executed on the cor-
responding structured P2P system. It should be noted that data preprocessing (clus-
tering and mapping) is done in a centralized fashion, and only then data is assigned
to peers. Relevant to this work, Batko et al. [12] present a comparative experimental
evaluation of four distributed similarity search techniques (VPT*, GHT*, MCAN,
M-Chord). VPT* and GHT* [11] are two distributed metric index structures where
the dataset is distributed among peers participating in the network. A conclusion
that is drawn is that for single query execution the GHT* is the most suitable data
structure, whereas for multiple queries M-Chord performs best.

Recent works aim to process similarity search in P2P systems by building a suit-
able overlay topology. A general solution for P2P similarity search for vector data is
proposed in [8], named SWAM. Unlike structured P2P systems, peers autonomously
store their data, and efficient searching is based on building an overlay topology
that brings nodes with similar content together. However, SWAM is not designed
for metric spaces. A P2P framework for multi-dimensional indexing based on a tree
structured overlay is proposed in [82]. In [45], Datta et al. study range queries over
trie-structured overlays. LSH forest [13] stores documents in the overlay network
using a locality-sensitive hash function to index high-dimensional data for answer-
ing approximate similarity queries.

Most approaches that address range query processing in P2P systems rely on
space partitioning and assignment of specific space regions to certain peers. A load-
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balancing system for range queries that extends Skip Graphs is presented in [120].
The use of Skip Graphs for range query processing has also been proposed in [58].
Several P2P range index structures have been proposed, such as Mercury [17], P-
tree [41], BATON [81]. A variant of structured P2P for range queries that aims
at exploiting peer heterogeneity is presented in [101]. In [92], the authors propose
NR-tree, a P2P adaptation of the R*-tree, for querying spatial data. Recently, in [84],
routing indices stored at each peer are used for P2P similarity search. Their approach
relies on a freezing technique, i.e., some queries are paused and can be answered by
streaming results of other queries. Maintenance techniques for routing indices have
been studied in [74].

There also exists some work on P2P similarity search that focuses on caching [64,
115] or replication [18]. In [64] an architecture is presented for a data sharing peer-
to-peer system, where the data is shared in the form of database relations. Approx-
imate range queries are processed based on a range-caching scheme developed on
a DHT to support range queries. Another approach, called MAPLE, that uses query
result caching is presented in [87]. MAPLE is designed for the efficient sharing of
query results cached in the local storage of mobile peers, in order to provide efficient
location-dependent nearest neighbor search on each host.

Moreover, P2P similarity search for document retrieval has been studied in [114].
A structured P2P network is used that introduces a generic content-based similarity
search scheme, based on the LSI (latent semantic indexing) model for document
retrieval. At an initial step, a sample-based LSI computation at a central peer is pro-
posed. Thereafter, the LSI model is broadcast to all peers and their document repre-
sentations are locally computed. Based on a set of preselected reference documents,
the document’s similarity to the reference set is calculated and used to construct
a key for publishing documents in Chord. A quite similar approach is the system
called pSearch [123]. This work focuses mostly on finding similar documents over
a P2P network and cannot be easily applied to metric spaces in general.

Various extensions of SIMPEER have recently appeared addressing different ap-
plication requirements. In [50], range queries with recall guarantees in metric spaces
have been studied. Improving the performance of multidimensional routing indices
built over a super-peer network has been the focus of [51, 52].

5.6 Summary

In this chapter, we discussed efficient similarity search in P2P networks. It is note-
worthy, that the presented framework is designed for metric spaces, thereby support-
ing non-Euclidean distance functions, thus becoming suitable for applications like
distributed image retrieval and document retrieval in distributed digital libraries. The
framework is based on a novel three-level clustering scheme and utilizes a set of dis-
tributed data summaries. Algorithms for efficient distributed range query processing
are provided, while k-nearest neighbor queries are mapped into range queries based
on an estimated radius.



Chapter 6
Subspace Skyline Queries

Abstract Skyline queries help users make intelligent decisions over complex data,
when different and often conflicting criteria are considered. Such queries return
a set of data points that are not dominated by any other point on all dimensions.
Skyline queries have been studied in centralized systems and more recently in dis-
tributed environments, such as web information systems and peer-to-peer (P2P) net-
works. Skyline query processing in P2P networks poses inherent challenges and de-
mands non-traditional techniques due to the distribution of content and the lack of
global knowledge. Distributed skyline processing should minimize transfer of glob-
ally dominated data points. Moreover, peers that do not store any global skyline
points, ideally should not be contacted at all. Detecting domination between points
that are stored by different peers is challenging and requires usage of summary
information that describes the data stored locally and across the network. In this
section, we describe in details a distributed framework for subspace skyline pro-
cessing, called SKYPEER+ [130]. SKYPEER+ reduces both computational time
and volume of transmitted data due to (i) efficient routing of skyline queries over
the super-peer network, and (ii) an effective thresholding and indexing scheme for
discarding dominated points.

6.1 Overview

In this chapter, we explore the implications of processing and routing subspace sky-
line queries in large scale P2P networks. Given a subspace skyline query defined on
a user-specified subspace U , a key observation is that a point p belongs to the global
subspace skyline denoted as SKYU , only if there exists a data partition Si where p is
a local skyline in U . Thus, only local skyline points have to be taken into account
during a distributed skyline evaluation. In order to avoid contacting all peers during
query processing, in a pre-processing phase each super-peer gathers some summary
information that compactly describes the data stored at each peer.
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In more details, each peer calculates a subset of the original dataset, called ex-
tended skyline (ext-skyline), that contains all the skyline points for any subspace U
defined in a user query. In order to minimize unnecessary data transfer, the main
premise is to evaluate as many parts of the query as possible locally, at each super-
peer. However, accurate skyline computation over widely distributed data, demands
that all relevant data is taken into account, since even a single point neglected could
be part of the skyline and, thus, prune out other points already processed. As will
be explained, routing indices that rely on the extended skyline sets are sufficient to
determine if a peer Pi can contribute to the result set of a given skyline query on an
arbitrary subspace U ⊆ D.

Moreover, subspace skyline points already computed at another super-peer may
dominate –and thus prune – points of the current super-peer. Therefore, a threshold
value can be defined based on already computed subspace skyline points, and this
threshold is attached to the query before it is propagated further in the network.
The threshold value can be updated at any super-peer in the network during query
processing based on local query results. This way, the super-peers are able to detect
and discard dominated data points across different peers. By using routing indices
that compactly summarize data across super-peers, the thresholding scheme can be
further improved and the transferred data can be reduced drastically. Each super-
peer clusters the data of its peers in order to provide a succinct summary and make
this data searchable by other super-peers. The cluster descriptions are published
in the network helping build routing indices. This process facilitates an effective
indexing and routing mechanism for subspace skyline queries over a super-peer
network.

The rest of this chapter is organized as follows: In Section 6.2, we introduce the
extended skyline and an intuitive one-dimensional mapping of the data that enables
threshold-based pruning of data points during skyline evaluation based on already
computed skylines. Section 6.3 describes the local data summaries, discusses in-
dexing of the local ext-skylines and presents an efficient algorithm for computing
local subspace skyline points in response to a user query. In Section 6.4, we intro-
duce routing indices, while in Section 6.5 we present efficient algorithms for the
computation and routing of user queries in the network. In Section 6.6, relevant ap-
proaches to distributed skyline processing are described. Finally, in Section 6.7, we
summarize the chapter.

6.2 Dominance Relationships in Arbitrary Subspaces

6.2.1 Extended Skyline

Skyline query processing in P2P networks poses inherent challenges and demands
non-traditional techniques due to the distribution of content and the lack of global
knowledge. In order to avoid unnecessary transmission of data in the P2P network,
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Fig. 6.1 Extended skyline example

in a pre-processing step we calculate a subset of the original dataset that contains all
the skyline points for any subspace.

In this chapter, we follow a slightly different notation because of the existence of
subspaces. Given a space D defined by a set of d dimensions {d1, d2, .., dd} and a
dataset S on D, a point p ∈ S can be represented as p = {p[1], p[2], ..., p[d]} where
p[i], is a value on dimension di.

Consider for example the dataset depicted in Fig. 6.1. The skyline points are
SKY = {a, i,k}, while for the subspace U = {y} the skyline points on U are
SKYU = {k,d}. Notice that point d is a skyline point on the subspace {y} but it
is dominated by point k in the full-space {x,y}. As is denoted in the following two
observations [145], the set of global skyline points does not contain all the skyline
points for any subspace.

Observation 6.1 Given a set S of data points on dimension set D, for two subsets U
and V of D (U,V ⊆ D), where U ⊆V , there is no containment relationship between
SKYU and SKYV .

Observation 6.2 Assume a set S of data points on dimension set D and two subsets
U and V of D (U,V ⊆ D) such that U ⊂V . Each skyline point q in SKYU on dimen-
sion set V is either dominated by another skyline point p in SKYU ; or a skyline point
in SKYV .

Based on the above observations, a skyline point q in SKYU is either a sky-
line point in SKYV (assuming U ⊂ V ) or there is another data point p such that
p[ai] = q[ai] (∀ai ∈U) that dominates q on the dimension set V −U . Thus, a super-
set of the union of all subspace skylines is the set of the global skyline points en-
riched with all points p for which ∃i∃q ∈ SKYD q[ai] = p[ai]. Consider for example
Fig. 6.1 where e and k have the same x-value but k is a subspace skyline point in
contrast to point e which is not a skyline point in any subspace. Thus, we can adjust
the dominance definition to compute all necessary values co-instantaneously during
a skyline calculation. In more details, we define the extended-skyline (ext-skyline)
based on the extended domination (ext-domination) definition [130].

Definition 6.1. Extended Skyline: For any dimension set U , where U ⊆ D, p ext-
dominates q if on each dimension di ∈U , p[i] < q[i]. The ext-skyline (ext-SKYU ) is
set of all points that are not ext-dominated by any other.
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In the following, we prove that ext-SKYD is sufficient to answer any subspace
skyline query correctly.

Lemma 6.1. Every point that belongs to the skyline of U belongs also to the ext-
skyline of U, i.e., SKYU ⊆ ext-SKYU .

Proof: Let p ∈ SKYU and p /∈ ext-SKYU . It follows that there is a point q that ext-
dominates the point p in U . Based on the definition of the ext-skyline ∀ai ∈ U :
q[ai] < p[ai]. Therefore, based on the skyline definition we conclude that p /∈ SKYU ,
which leads to a contradiction.

Lemma 6.2. Every point that belongs to the skyline of a subspace V ⊆ U belongs
to the ext-skyline of U, i.e., SKYV ⊆ ext-SKYU , V ⊆U.

Proof: Based on Observation 6.2 we distinguish two cases. If p is a skyline point
in U then Lemma 6.1 guarantees that p ∈ ext-SKYU . If p is not a skyline point in U
there is a skyline point q in U such that p[ai] = q[ai] , ∀ai ∈V . Based on Lemma 6.1
and the definition of ext-skyline we conclude that q ∈ ext-SKYU and p ∈ ext-SKYU .

For example, in Fig. 6.1, point m belongs to the ext-skyline, which is not the case
with point e, since e is globally dominated by i, which in turn does not have any
value equal to the attribute values of e. Notice, that neither e nor m belong to any
subspace skyline.

6.2.2 One-dimensional Mapping of Data Points

In order to enable threshold-based pruning of points that cannot possibly belong to
the result set, during skyline computation, the multidimensional data is transformed
into one-dimensional values by using an appropriate mapping. Inspired by [10, 124],
each d-dimensional point p is transformed to a one-dimensional value f (p) based
on the following formula:

f (p) =
d

min
i=1

(p[i]) (6.1)

Let distU (p) denote the L∞-distance of point p from the origin, when projected
in subspace U , i.e., distU (p) = maxi∈U (p[i]).

Observation 6.3 Let psky be a skyline point in a subspace U. A point p for which
the following inequality holds cannot be a skyline point in subspace U.

f (p) > distU (psky) (6.2)

Fig. 6.2 depicts a mapping example for a two-dimensional dataset. For sake of
simplicity, we assume that the query space U and the data space D are identical. The
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dashed lines correspond to the points with f (p) values of 1, 2 and 3, respectively.
Intuitively, by increasing the f (p) values, we are examining the data space in a
way that is equivalent to the dashed line shifted from the origin towards the upper-
right corner of the data space. In the figure, the dotted lines show the points that
cause a threshold value (distU (psky)) of 3 and 4 respectively. We can see that, for
example, if there exists a data point psky that sets the threshold equal to 3 (that point
should lay on the corresponding dotted line), then psky dominates any point on the
dashed line with f (p) equal to 3, independently of the exact location of these points
(Observation 6.3).

6.3 Local Data Summaries and Query Processing

6.3.1 Peer and Super-peer Local Data Summaries

In a pre-processing phase, network peers and super-peers locally compute an ext-
skyline set of points. This process helps eliminate data items that cannot possibly
participate in the result set of a user query from subsequent evaluation. First, each
peer Pi computes the local ext-skyline of its dataset Si and sends it to the asso-
ciated super-peer. Then, the super-peer gathers the local ext-skylines of its con-
stituent peers and merges them by pruning out those points of a peer Pi that are
ext-dominated by points of another peer Pj, resulting in one set that constitutes the
ext-skyline on data space D with respect to the portion of the dataset on the super-
peer and its associated peers. Based on Lemma 6.1 the local ext-skyline is sufficient
for a super-peer to determine if any of its peers Pi can contribute to the results of
any skyline query on an arbitrary subspace U ⊆ D.

We illustrate the details of peer pre-processing by means of an example. In
Fig. 6.3, three peers (PA,PB,PC) assigned to super-peer SPA and their local datasets
are shown. The dimensionality of the dataset is 4. Each peer computes its local
ext-skyline in the original space. The points added to the result set due to the ext-
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Fig. 6.3 Peer pre-processing example

skyline definition are grey shaded. For instance, four of the five points of PA are
skyline points, while A3 is included as an ext-skyline point.

6.3.2 Local Query Processing at Super-peers

Using the locally stored ext-skyline set of points, given a subspace skyline query
(denoted by a set of dimensions U), each super-peer is able to answer the query
based on its peers’ data without actually contacting any of its peers. Still, a substan-
tial amount of computations may be required in order to finally produce the local
subspace skyline on U .

6.3.2.1 Indexing of Local Data Summaries

Following the intuition of [124] the ext-skyline points at each super-peer are parti-
tioned in NC clusters. This can be achieved by using a standard clustering algorithm
(like K-Means) or, by employing an application specific clustering method [124].
Each data object is assigned to the nearest cluster based on the distance to the clus-
ter’s centroid. The super-peer determines for each cluster Ci the minimum bounding
rectangle (MBRi), which is represented by two reference points li and ui. Point li
is defined as li[ j] = min∀p∈Ci(p[ j]) and dominates all points in Ci, while point ui is
defined as ui[ j] = max∀p∈Ci(p[ j]) and is dominated by all points in Ci. For each data
point p ∈ Ci, a one-dimensional mapping is applied according to the distance of p
to li:

f (p,Ci) =
d

min
j=1

(p[ j]− li[ j]) (6.3)
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The one-dimensional mapping combined with the clustering information allows
us to determine which data points cannot belong to the subspace skyline set for U
and can therefore be discarded for this query. Let distU (p,Ci) denote the L∞-distance
of point p that belongs to the cluster Ci from the lower corner li of the MBRi based
on the dimension set U :

distU (p,Ci) = max
j∈U

(p[ j]− li[ j]) (6.4)

Observation 6.4 Let psky be a skyline point in subspace U. A point p ∈Ci for which
the following inequality holds cannot be a skyline point in subspace U.

f (p,Ci) > distU (psky,Ci) (6.5)

Based on Observation 6.4, already examined points define a threshold t(Ci) for
each cluster Ci, which indicates the region within the cluster that is pruned. Notice
that even a point p that does not belong to cluster Ci can dominate points that belong
to Ci, as long as p dominates ui, and thus p can be used to refine the threshold t(Ci).
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Consider for example Fig. 6.4. Point p for which f (p,C1) = 1 sets the threshold
t(C1) based on Equation 6.4 equal to 2. For this threshold value, the pruned area
of the cluster C1 is the dark area within C1 in the figure. The dominance area of
p partially covers cluster C2, since p dominates u2 and the threshold value t(C2)
may be refined by p. Hence, the threshold t(C2) is set to distU (p,C2)=3, indicating
that point p prunes the dark area in cluster C2. In this way, we can prune points in
cluster C2 using the updated threshold value t(C2), before we even start examining
the points of cluster C2.

The one-dimensional values f (p,Ci) refer to the full space (original data space)
and do not depend on the queried subspace, therefore they can be computed in a
pre-processing phase and stored on disk. Efficient retrieval of these values during
query evaluation requires the use of an one-dimensional index, such as the B+-tree.
As will be made clear in what follows, we need a representation of the values where
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each cluster corresponds to a separate interval in the keys of the B+-tree. Given a
set of NC clusters and a constant c, each data object p that belongs to a cluster Ci is
assigned a one-dimensional iSUBSKY value according to its f (p,Ci) value:

iSUBSKY (p) = i∗ c+ f (p,Ci) (6.6)

Using a sufficiently high c value, all objects in the i-th cluster Ci are mapped
to the interval [i ∗ c, i ∗ c + f (ui,Ci)], which is non-overlapping with other cluster
intervals. Thus, the use of the iSUBSKY values permits separation of the points of
each cluster in the leaves of the B+-tree as in a clustering index.

Fig. 6.5 depicts an example of the iSUBSKY mapping. Notice that points are
mapped into one-dimensional values, whereas clusters correspond to intervals. The
actual data points can now be efficiently stored in a B+-tree using the iSUBSKY
values as keys. Additionally, the clusters Ci = {li,ui} are kept in a main memory list
C. In this way, we can process a subspace skyline query by examining only some
specific intervals of the B+-tree, as described in the following.

6.3.2.2 Subspace Skyline Processing

Indexing of the iSUBSKY values enables early pruning of clusters that do not con-
tribute to the final result set, which reduces the processing cost significantly. During
local query processing on a super-peer, the cluster information is accessed from the
main memory list C and the points that belong to each cluster are retrieved using
the index. For each cluster Ci accessed at query time, we have to examine, at most,
points with iSUBSKY values in the interval [i ∗ c, i ∗ c + f (ui,Ci)]. The points for
each cluster Ci are examined in an ascending order of f (p,Ci) values. Also a thresh-
old value t(Ci) is kept for each cluster Ci. Notice that most probably we do not have
to retrieve all data points in the searched interval, as the processing may stop earlier
based on the threshold condition (Observation 6.4).

Algorithm 6.1 describes the pseudocode in detail. For a subspace skyline query
q(U), the cluster descriptions Ci are kept in a main memory list C of clusters sorted
in ascending order based on the values min j∈U (li[ j]) (line 3). In each iteration, we
examine the next cluster Cm (line 7) and we retrieve the point p that belongs to Cm

with the minimum iSUBSKY ( f (p,Cm)) value (lines 9-10). We repeatedly retrieve
the next point based on the iSUBSKY value, until the threshold condition holds
(Line 11), since we can safely ignore the remaining points. Each time a new point p
is retrieved, we examine if this point is dominated by any point in SKYU or by any
cluster Ci ∈C (line 12)1. If this is not the case, we remove all points q retrieved so
far that are dominated by p (line 13), as well as all clusters Ci that are dominated
by p (line 14). Then, p is added to SKYU as a candidate skyline (line 15). We also
refine the current threshold (lines 16-18) of all clusters Ci for which p dominates ui.
The threshold t(Ci) is set as the minimum value of the previous threshold t(Ci) and
the new distance distU (p,Ci). In the next iteration, if f (p,Cm) > t(Cm) we discard

1 A cluster Ci(li,ui) dominates a point p in U , denoted as Ci ≺U p, if ui dominates p in U (ui ≺U p).



6.4 Routing Indices 51

Algorithm 6.1 Super-peer local subspace skyline processing
1: Input: U : query dimensions

C: list of clusters {Ci}
2: Output: SKYU

3: Sort C in ascending order according to the value min j∈U (li[ j]) for each Ci

4: SKYU ← /0
5: t(Ci) ← MAX INT , ∀ Ci ∈C
6: while (C �= /0) do
7: Cm ←C.pop()
8: C ←C−{Ci},Cm ≺U Ci

9: cursor ← search([m∗ c,m∗ c+ f (um,Cm)])
10: p ← cursor.pop()
11: while ( f (p,Cm) < t(Cm)) and (p �= null) do
12: if (� ∃q ∈ SKYU : q ≺U p) and

(� ∃Ci ∈C : Ci ≺U p) then
13: SKYU ← SKYU −{q}, p ≺U q
14: C ←C−{Ci}, p ≺U Ci

15: SKYU ← SKYU ∪{p}
16: for (∀Ci ∈C : p ≺U ui ) do
17: t ← max j∈U (p[ j]− li[ j])
18: t(Ci) ← min(t(Ci), t)
19: end for
20: end if
21: p ← cursor.pop()
22: end while
23: end while
24: return SKYU

Cm without retrieving the remaining points of the cluster from the B+-tree (line 11).
The algorithm returns the subspace skyline set SKYU (line 24), after examining all
clusters that are not dominated by any skyline point retrieved so far.

6.4 Routing Indices

During the pre-processing phase, after computation and clustering of the local ext-
skyline set, each super-peer broadcasts the cluster descriptions Ci(li,ui) of its data
to the network. This process aims to facilitate the creation of routing indices at
super-peer level. As will be explained, these indices will be used for routing queries
between super-peers in a manner that aims to decrease the overall query execution
cost. Broadcast of the cluster descriptions is considered as a tolerable overhead,
since it is a one-time cost (when no updates occur) and it does not saturate the
network.

After this exchange, each super-peer holds a list of clusters received through
each neighbor. In order to efficiently maintain and process the collected cluster in-
formation, we use the iSUBSKY method for indexing the clusters’ descriptions.
Each super-peer applies a clustering algorithm on all received clusters, resulting in
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NRC routing clusters RCi(rli,rui), which are represented as MBRs defined by the
left lower corner rli and the right upper corner rui of the MBR. Fig. 6.6 depicts
an example where two routing clusters RC1, RC2 are created that summarize four
clusters C1-C4. Merging bounding boxes of two clusters into a new cluster is a well-
studied problem from multidimensional indexing methods. Further optimizations
of the clustering algorithm are possible but are considered out of the scope of this
analysis, therefore in the presented experiments we apply k-Means on the MBRs
centers.

The routing clusters RCi are kept in main memory. For each cluster Cj that be-
longs to a routing cluster RCi, we index its lower corner (l j) using the iSUBSKY
value f (l j,RCi), and we store for each cluster a triplet { f (l j,RCi), l j,u j}. The triples
are stored in a B+-tree using the iSUBSKY values as keys. By accessing the clus-
ters Cj in ascending order of the f (l j,RCi) value and setting the threshold based on
the maximum distance to the upper corner u j, it is easy to extend Algorithm 6.1
for subspace skyline computation, where instead of data points, the dominance re-
lationships between MBRs are considered.

6.5 Query Routing and Processing

Using the routing clusters, a super-peer can determine whether forwarding the query
to one of its neighbors cannot possibly lead to new results (subspace skyline points).
This can lead to significant gains as the corresponding network paths can be safely
eliminated from consideration.

Super-peers are only aware of the cluster descriptions of other super-peers.
Therefore, it is necessary to process this information at each super-peer and to
retrieve the clusters that may contain non-dominated points. In the following, we
present an algorithm that takes as input the cluster information, prunes clusters that
cannot provide any results and returns only those clusters that may contain non-
dominated points. As will be explained, by making use of the compact cluster in-
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formation, it is feasible to prune parts of other clusters by setting an appropriate
threshold value. For that, we assume that a threshold t(Ci) is attached to each clus-
ter Ci. In what follows, we examine the different possible cluster relationships and
the conditions that may lead to updating a cluster’s threshold. For ease of exposi-
tion, we will first describe a simpler version of the algorithm that does not make use
of the routing indices.

6.5.1 The SKYPEER Algorithm

The basic algorithm, called SKYPEER, propagates the subspace skyline query to
all super-peers and gathers the local subspace skyline results sets using an efficient
thresholding scheme. A querying super-peer hands on the query to its neighboring
super-peers along the super-peer backbone, which in turn forward the query to their
adjacent super-peers. The super-peers execute the query over locally stored ext-
skylines and retrieve local results. These local subspace skyline results are sent back
to the initiator super-peer Pinit (the super-peer that initiated the query) through the
query routing path and are merged into a global, final, result set. In the following,
we present all relevant steps in detail.

Let t be the threshold value at the end of the local skyline computation at the
initiator. The threshold value indicates that there is a local skyline point p that dom-
inates all points with f (p) values larger than t. At the end of the local skyline com-
putation t is set by the point with the minimum threshold value, i.e., the highest
pruning capability. Since points are depicted in a common data space in all super-
peers, the local skyline point p dominates points in other super-peers as well, i.e.,
those with f (p) larger than t. Therefore, t is attached to the query by the initiator and
is propagated to the rest of the super-peer network. The threshold value is used as an
initial threshold for the local subspace skyline computation at recipient super-peers
to further reduce the computation and communication cost.

An alternative threshold propagation strategy is to refine (if possible) the thresh-
old at each super-peer that is processing the query, and then propagate the refined
value to adjacent super-peers, instead of forwarding Pinit’s fixed threshold value. In-
tuitively, by progressively lowering the threshold value, the pruning capability of
the query increases at each forwarding step. However, this approach requires that
the query is propagated only after the super-peer has finished the local skyline com-
putation.

During query processing, the local subspace skyline sets have to be merged into
one overall result set. We explore two different strategies for the merging phase. The
simplest strategy is that the initiator super-peer Pinit collects the local subspace sky-
line result sets of all super-peers and merges the local skylines into one global result
set. Even though the use of the threshold reduces the amount of data transmitted to
the query initiator, there is still a chance that a local result may contain points that
do not belong to the overall skyline. Therefore, an alternative strategy for the merg-
ing phase, is to merge progressively the local skyline sets during query evaluation.
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Fixed Threshold Fixed Merging (FTFM)
Fixed Threshold Progressive Merging (FTPM)
Refined Threshold Fixed Merging (RTFM)
Refined Threshold Progressive Merging (RTPM)

Table 6.1 Variants of the basic SKYPEER
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Fig. 6.7 Clusters domination examples

Instead of forwarding all results back to Pinit , each super-peer merges the results
of its neighbors, and forwards the merged result back to Pinit . The expected benefit
of this alternative merging strategy is twofold. First, the amount of transferred data
is reduced because of the progressive merging of the local result sets. Moreover, a
time-consuming centralized merging process at the query initiator is avoided, as this
task is essentially spread amongst all super-peers.

In Table 6.1 we summarize the four variants of the SKYPEER algorithm based
on (i) whether a fixed threshold induced by the initiator is used versus progressively
refining the threshold at each super-peer and (ii) whether a fixed merging policy (at
the initiator) is chosen over progressive merging of the results.

6.5.2 Cluster Dominance Relationships

In order to facilitate intelligent propagation of a query in the super-peer network,
using the routing indices, we need to derive a process for refining the thresholds that
will be used to prune clusters (and thus super-peers) that cannot contribute to the
result set. Moreover, refinement of the thresholds allows pruning of local clusters
from further consideration, reducing this way the local processing cost in a super-
peer.

Based on the employed cluster representations, we can straightforwardly de-
rive dominance relationships between clusters. Given two clusters C1(l1,u1) and
C2(l2,u2) we define the following dominance relationships (also depicted in Fig. 6.7).

Definition 6.2. Cluster C1 dominates C2 in U , denoted as C1 ≺U C2, if u1 dominates
l2.
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Algorithm 6.2 Threshold update (Cn,{Ci})
1: Input: Cn: cluster

C: list of clusters {Ci}
2: Output: updated thresholds
3: for (∀Ci ∈ SKYU : Cn �U Ci) do
4: t ← max j∈U (un[ j]− li[ j])
5: ti ← min(ti, t)
6: end for
7: for (∀Ci ∈ SKYU : Ci �U Cn) do
8: t ← max j∈U (ui[ j]− ln[ j])
9: tn ← min(tn, t)

10: end for

If C1 dominates C2, this means that there exists at least one point in C1 that
dominates all possible points in C2. Cluster C2 cannot contribute to the subspace
skyline result and can be safely pruned during query processing.

Definition 6.3. Clusters C1 and C2 are incomparable in U , denoted as C1 ≺�U C2,
if l1 does not dominate u2 and l2 does not dominate u1.

In this case, no point of C1 can be dominated nor dominate any point of C2, thus
both clusters have to be examined during query processing.

Definition 6.4. Cluster C1 partially dominates C2 in U , denoted as C1 �U C2, if l1
dominates u2 but u1 does not dominate l2.

Therefore if C1 partially dominates C2 some points of C1 may dominate some
points of C2. In this case, we have to examine both clusters in order to retrieve the
entire subspace skyline set. However, we can set the threshold of C2 corresponding
to the intersection of the pruning area of C1 with C2.

Observation 6.5 Given two clusters C1, C2 where C1 �U C2, if u1 ≺U u2 then the
threshold t(C2) can be set as distU (u1,C2).

In the case where C1 partially dominates C2 in U , we can adjust the threshold of
C2, if u1 dominates u2. Algorithm 6.2 describes the procedure of updating the thresh-
olds. Each time a threshold is updated, we keep the minimum value of the current
threshold and the previously defined threshold by another dominance relationship.

The dominance relationships between clusters are used by the routing algorithm
for either pruning entire clusters or restricting the number of points in a cluster that
should be accessed, as will be shown shortly.

6.5.3 The SKYPEER+ Algorithm

We now present the details of the SKYPEER+ algorithm, which facilitates intelli-
gent routing of the query in the super-peer network and effective pruning of local
clusters, based on the information contained in the routing indices.
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During query processing, each super-peer that receives a subspace skyline query
1) uses the query routing algorithm (Algorithm 6.3) to identify local and non-local
candidate clusters, 2) propagates the query to the neighboring super-peers responsi-
ble for the non-local clusters, and 3) processes the query locally for the local candi-
date clusters using Algorithm 6.1. In the following we describe these steps in detail.

First, let us consider a simple example depicted in Fig. 6.8. Both super-peers
SP1 and SP2 eventually store the cluster descriptions of all four clusters. For better
readability, we depict only the clusters and not the routing clusters. Let us assume
that SP1 and SP2 store incomparable clusters (namely C1 and C4), but also some
dominated or partially dominated clusters by other super-peers. If SP1 receives a
two-dimensional skyline query, SP1 concludes based on the routing clusters that the
query has to be propagated to SP2, because of the clusters C2 and C4. Furthermore,
SP1 starts a local skyline computation only for cluster C1, while cluster C3 is dis-
carded since it is dominated by cluster C4 of SP2. When super-peer SP2 receives
the query, it first examines the routing information, and sets a threshold for cluster
C2. The threshold is set based on cluster C1 of SP1 and corresponds to the pruning
area of point u1. Thereafter, a skyline computation on clusters C2 and C4 is initiated.
Notice that the threshold for cluster C2 cannot be refined based on cluster C4, even
though C2 is partially dominated by C4, since point u4 does not dominate point u2.
In this way, each super-peer selectively processes only those clusters, that can affect
the result set, using appropriate threshold values.

Algorithm 6.3 describes the proposed routing algorithm. As in iSUBSKY method,
the routing clusters RCi =[rli,rui] are examined in ascending order of the min j∈U (rli[ j])
values (lines 3-7). During processing, clusters (line 13) and routing clusters (line 14)
that are dominated by the currently examined cluster Cn are discarded. For clusters
and routing clusters that are partially dominated by or partially dominate Cn, we
compute new threshold values (line 15 and 17, respectively). At the end of Algo-
rithm 6.3, CSKY contains all non-dominated clusters that should be processed.

Following execution of the algorithm the clusters in CSKY are examined. If clus-
ter Ci ∈ CSKY is a local cluster, we add Ci to the list C (C = C ∪Ci) with clusters
that should be processed locally and set the initial threshold of Ci based on Algo-
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Algorithm 6.3 Super-peer query routing
1: Input: U : query dimensions

RC: list of routing clusters RCi

2: Output: CSKY : list of non-dominated clusters
3: Sort RC in ascending order according to the value min j∈U (rli[ j]) for each RCi

4: CSKY ← /0
5: t(RCi) ← MAX INT , ∀RCi ∈ RC
6: while (RC �= /0) do
7: RCm ← RC.pop()
8: RC ← RC−{RCi},RCm ≺U RCi

9: cursor ← search([m∗ c,m∗ c+ f (rum,RCm)])
10: Cn ← cursor.pop()
11: while ( f (ln,RCm) < t(RCm)) and (Cn �=null) do
12: if (� ∃Ci ∈CSKY : Ci ≺U Cn) and

(� ∃RCi ∈ RC : RCi ≺U Cn) then
13: CSKY ←CSKY −{Ci},Cn ≺U Ci

14: RC ← RC−{RCi},Cn ≺U RCi

15: updateThreshold(Cn, CSKY )
16: CSKY ←CSKY ∪Cn

17: updateThreshold(Cn, RC)
18: end if
19: Cn ← cursor.pop()
20: end while
21: end while
22: return CSKY

rithm 6.2. Otherwise, the subspace skyline query has to be posed to the correspond-
ing super-peer SP(Ci), therefore we add SP(Ci) to the list SP (SP = SP∪ SP(Ci))
of super-peers that should be contacted. Then the super-peer propagates the query
to all SPi ∈ SP and processes the query locally (for the clusters in list C), by using
Algorithm 6.1.

Notice that in contrast to SKYPEER, we do not need to propagate any threshold
among super-peers during query processing. Instead the threshold is refined at each
super-peer based on the routing information, i.e., the cluster descriptions. Similar to
SKYPEER, the intermediate results have to be merged as described in Section 6.5.1,
which leads to two different variants of SKYPEER+. In the case of fixed merging
at Pinit we have the RFM (Routing-based Fixed Merging) variant, while progressive
merging leads to RPM (Routing-based Progressive Merging).

6.6 Other Existing Approaches

Finding skyline points was first investigated in computational geometry as maximal
vector problem [89, 14]. Recently skyline computation has received considerable
attention in the database research community. Börzsönyi et al. [21] first investigate
the skyline computation problem in the context of databases. In the following, we
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present a short overview of existing approaches for skyline computation assuming
first a centralized and then a distributed setting.

6.6.1 Centralized Algorithms

The first family of skyline algorithms is based on sequential scanning of the dataset.
In [21], two algorithms BNL (Block-Nested-Loop) and D&C (Divide-and-Conquer)
are proposed. The BNL algorithm uses a block nested loop to compare each point
of the database with every other point and reports it as a result only if it is not dom-
inated by any other point. The D&C algorithm divides the data space into several
regions repetitively, calculates the skyline in each region, and produces the final
skyline from the points in the regional skylines. SFS (Sort-First-Algorithm) [36],
is based on the same principle as BNL, but improves performance by first sorting
the data according to a monotone function. Godfrey et al. then proposed a skyline
algorithm LESS [62] based on SFS, which achieves a better average performance.
In [10] the idea of limiting the amount of data to be read by exploiting the value of a
monotone function was studied. A more efficient algorithm termed Lattice Skyline
(LS), which is applicable in the case of low cardinality domains is proposed in [98].

Several index-based techniques are proposed in the relevant research literature.
Tan et al. [122] discuss algorithms for progressive skyline computation. An efficient
algorithm that uses nearest neighbor search in a dataset indexed by an R-tree, was
proposed in [86]. Later, Papadias et al. [102, 103] propose a branch and bound
algorithm (BBS) to progressively output skyline points on a dataset indexed by an R-
tree, with guaranteed minimum I/O cost. Recently the ZBTree [90] index structure,
which is based on Z-order curve, is shown to outperform BBS.

Existing approaches have not only studied efficient skyline computation, but also
proposed variations of the traditional skyline operator. Motivated by the fact that dif-
ferent users may issue queries regarding different subsets of the available attributes
depending on their interests, recent papers focus on algorithms to support subspace
skyline retrieval. In [124, 125], the SUBSKY algorithm is presented, which trans-
forms the multidimensional data to one-dimensional values, and then indexes the
dataset with a B-tree. In [47] the problem of supporting constrained subspace sky-
lines was posed. Pei et al. [105] and Yuan et al. [145] first defined the union of the
skyline sets in all possible subspaces, as a new operator. Pei et al. [105] discussed
subspace skylines primarily from the view of query semantics. They presented the
skyline membership query, namely why and in which subspaces an object belongs
to the subspace skyline, by using the notion of skyline group. The authors in [145]
present a pre-processing approach, called SKYCUBE, which is defined as the union
of all skyline points of all possible non-empty subspaces. For this purpose, they ex-
plore sharing strategies for answering multiple subspace skyline queries by identi-
fying computational dependencies among subspace skyline sets. Recently, Xia and
Zhang [139] address the issue of supporting updates in SKYCUBE by introduc-
ing the compressed SKYCUBE. The efficient computation of the compressed SKY-
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CUBE was also studied in [104]. In [83] an approach that relies on materialization of
dominance relationships in subspaces is presented. The main idea is to pre-compute
dominance relationships between pairs of points in subspaces and organize them to
build the maximal space index (MS-index).

The cardinality of the skyline result set was studied in [61, 29]. It has been shown
that, for a random dataset, the expected number of skyline points is Θ(lnd−1 n/(d−
1)!). This result verifies the observation that the skyline cardinality increases signif-
icantly with the dataset dimensionality. Therefore, recent papers focus on variations
of the skyline definition or ranking of skyline points, in order to determine a small
set of the most representative skyline points.

Chan et al. [26] propose the k-dominant skyline query to restrict the skyline car-
dinality. The authors relax the idea of dominance to k-dominance, in order to in-
crease the probability of one point dominating another point. In [91] the authors
study the problem of selecting k skyline points so that the number of points, which
are dominated by at least one of these k skyline points is maximized. Koltun and
Papadimitriou [85] first confront the issue of approximate domination from a the-
oretical perspective. Then, Xia et al. [140] present a similar idea, the ε-skyline,
which essentially relaxes the dominance relationship by adding a constant value ε
to all dimensions.

Ranking of skyline points was discussed in [27]. The authors introduce a new
metric called skyline frequency, to compare and rank the interestingness of data
points based on how often they are returned in the skyline, when different subspaces
are considered. To avoid the 2d −1 subspace skyline computations that are required,
they propose an approximate algorithm for estimating the skyline frequency. More-
over, several works discuss ranking of skyline points relying on user-defined func-
tions or preferences on some dimensions. In [79], the authors present the Telescope
algorithm that ranks the skyline points by user-specified preferences on the available
dimensions. In [9], a ranking approach based on user -defined regions that dominate
all other regions is proposed. In [135], a framework for ranking skyline points in
the absence of a user-defined preference function is proposed, that relies on the sky-
line graph that is defined based on the dominance relationships between the skyline
points for different subspaces.

6.6.2 Distributed Algorithms

There has been a growing interest in distributed skyline computation. In [5, 93], sky-
line processing over distributed web information systems was studied and three dif-
ferent algorithms have been proposed, namely the basic distributed skyline (BDS)
algorithm [5], the improved distributed skyline (IDS) algorithm [5], and the pro-
gressive distributed skyline (PDS) algorithm [93]. Unfortunately, their assumptions
are hardly applicable to large-scale P2P systems. Furthermore, while they assume
vertical partitioning of the dataset across the Web sources, data in P2P systems is,
typically, horizontally partitioned across the peers.
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Hose et al. [73] propose an approach for skyline processing in unstructured P2P
networks that uses routing indexes to identify relevant peers. The proposed multi-
dimensional routing indices are based on the Q-tree, which is a fusion of R-trees
and histograms. The proposed techniques provide probabilistic guarantees for the
result’s correctness. Huang et al. [76] assume a setting with mobile devices commu-
nicating via an ad-hoc network (MANETs), and study skyline queries that involve
spatial constraints. The authors present techniques that aim to reduce both the com-
munication cost and the execution time on each single device. In [134], bandwidth-
constrained skyline queries in mobile environments are studied.

There are also several approaches for P2P skyline computation that apply space
partitioning techniques. Wang et al. [136] use the Z-curve method to map the mul-
tidimensional data space to one-dimensional values, that are assigned to peers con-
nected in a tree overlay like BATON [81]. Later, the authors present SkyFrame [137]
as an extension of their work. In this approach, due to the space partitioning scheme,
a load balancing problem may arise. In particular, a small number of peers (those
that are allocated space near the origin of the axes) eventually have to process almost
every query. In order to improve the performance the authors propose extensions
such as smaller space allocation to peers responsible for these regions or data repli-
cation techniques. Chen et al. [35, 43] propose the iSky algorithm, which employs
an alternative transformation, namely iMinMax, in order to use the BATON overlay.

In addition, a few approaches have been proposed that assume data partition-
ing among servers without the restriction of an existing overlay network, i.e., the
query originator can directly communicate with all servers. Cui et al. [44, 34] pro-
posed the PaDSkyline algorithm, where the data stored at each server are summa-
rized by MBRs. SkyPlan was proposed in [109] for improving the performance of
PaDSkyline. SkyPlan addresses the problem of generating execution plans, has a
direct impact on the performance of skyline query processing. Assuming the same
architecture, in [108], an approach called AGiDS is proposed that uses a grid-based
data summary of the data stored locally at each server. In [148], a feedback-based
distributed skyline (FDS) algorithm is proposed, which aims to minimize the band-
width consumption at the expense of several roundtrips.

In [138], Wu et al. first address the problem of parallelizing skyline queries over
a shared-nothing architecture. The proposed algorithm named DSL, relies on space
partitioning techniques. The author propose two mechanisms, recursive region par-
titioning and dynamic region encoding. Their techniques enforce the skyline partial
order, so that the system pipelines participating machines during query execution
and minimizes inter-machine communication.

Parallel skyline computation is studied in [40]. The algorithm first partitions the
dataset in a random way to the participating machines, in order to ensure that the
structure of each partition is similar to the original dataset. Then each machine pro-
cesses the skyline over its local data using an R-tree as indexing structure. A differ-
ent approach regarding parallel skyline computation is presented in [59]. In contrast
to the previous approaches, the authors assume a multi-disk architecture with one
processor and they make use of the parallel R-tree. The main focus of this paper is
to access more entries from several disks simultaneously, in order to improve the
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pruning of non-qualifying points. The authors focus on the efficient distribution of
the nodes of the parallel R-tree.

6.7 Summary

In this chapter, we studied the problem of efficient skyline computation in a P2P
setting. A main objective during distributed skyline processing, is to only contact
peers that store relevant data. Peers that store only dominated data points should not
be queried at all, while data points that are dominated by points stored at another
peer should not be transferred. These decisions are hard to make when no global
knowledge of the data distribution is available. We presented in details a distributed
framework for subspace skyline processing, called SKYPEER+, that achieves these
goals by employing a thresholding scheme that detects (locally and globally) dom-
inated data points and eliminates them from further consideration. Furthermore,
we analyzed an appropriate routing mechanism for subspace skyline queries over
a super-peer network that relies on local data summarization. Thus, the skyline set
is retrieved by contacting only those super-peers that may contribute to the overall
subspace skyline result set, reducing both the computational cost and the amount of
transferred data.



Chapter 7
Top-k queries

Abstract Recently there has been an increased interest in database management
systems to incorporate and support more flexible query operators, such as top-k,
that produce results of specified cardinality, thus avoiding huge and overwhelming
result sets. Top-k queries retrieve the objects that best match the user requirements
by employing user-specified scoring functions that result in an ordered set of ob-
jects containing the best k objects only [30, 75]. In this chapter, efficient processing
of top-k queries in peer-to-peer systems is studied. To this end, the applicability
of the skyline operator is investigated for efficiently answering top-k queries for a
wide class of scoring functions, indicating user-specified preferences, in large P2P
networks.

7.1 Overview

A number of applications can significantly benefit from support for top-k query
processing, for example multimedia retrieval (including images) [31, 63], digital li-
braries [94, 95], web search [97], and e-commerce [96]. Consider for example online
booking systems, e.g, travel and accommodation, where the user is only interested
in the best offers (air-tickets, hotels) according to a set of dynamic, user-specified
criteria. Due to applications and systems such as sensor networks, data streams, and
peer-to-peer (P2P) systems, data generation and storage is becoming increasingly
distributed. Thus an emerging challenge is to support top-k query processing over a
highly distributed network of collaborative computers (i.e., servers or peers).

The main focus of this chapter is on top-k query processing in P2P systems.
Each user may define his/her own arbitrary preferences for each query, therefore
the queries are not necessarily re-occurring. The challenge is to provide efficient
algorithms for processing top-k queries, i.e., queries that return only the exact best
k results to the user. SPEERTO is a framework that supports top-k query processing
over horizontally partitioned data stored on peers organized in a super-peer network.
Users are allowed to specify a monotone function for each query that aggregates a
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certain number of the objects characteristics into a single score that defines a total
ordering, and therefore enables the retrieval of top-k results. SPEERTO supports a
large class of scoring functions and uses the skyline set [21] for answering top-k
queries. For a maximum value of K, denoting an upper bound on the number of re-
sults requested by any top-k query (k ≤ K), each peer computes its K-skyband [103]
as a pre-processing step. Each super-peer maintains and aggregates the K-skyband
sets of its peers to answer any incoming top-k query. By exchanging skyline sets
(a skyline is a subset of the K-skyband set) at super-peer level, SPEERTO always
provides the exact and complete result set in a progressive way, while queries are
deliberately routed to those super-peers that actually contribute to the top-k result.

The rest of this chapter is organized as follows: In Section 7.2, the local data
summaries and query processing are described. In Section 7.3, the construction of
the skyline-based routing mechanism for top-k query processing over a super-peer
architecture is presented. Thereafter, in Section 7.4 the threshold-based top-k al-
gorithm is presented. Section 7.5 reviews the related work, and finally Section 7.6
provides a brief summary of the contents of this chapter.

7.2 Local Data Summaries and Query Processing

The result of top-k queries for any increasingly monotone function can be answered
using the K-skyband (where k ≤K). The K-skyband is a set of points, such that there
exists no other point that can belong to the result of any top-k query for any increas-
ingly monotone function. Therefore, the K-skyband can be used as data summary
of a peer’s data, in the case of top-k queries with k ≤ K.

When a peer joins the P2P network, the peer computes the K-skyband of its
local data. Each super-peer gathers the K-skyband sets from its peers and merges
the individual K-skyband sets by discarding points that are dominated by more than
K − 1 points. In this way a super-peer maintains the aggregated K-skyband set of
all data stored at its peers, and each super-peer is capable to answer any incoming
top-k query over its peers’ data.

It should be stressed that even though the skyline operator and the K-skyband
are CPU-intensive [29] and therefore more costly than a top-k query, they are only
computed as a pre-processing step, i.e., their construction is a one-time cost, and
then any top-k query with arbitrary k (k ≤ K) and scoring function can be processed.
Thus, during local query processing a super-peer that is queried executes a top-k
query on the locally stored K-skyband points.

7.3 Routing Summaries

Given the K-skyband at each super-peer, there exist two naive solutions to process
top-k queries over the super-peer network. In the first, each super-peer broadcasts its
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K-skyband to all other super-peers, then each super-peer has enough data to answer
any top-k (k ≤ K) query locally. The advantage is that the query can be processed (at
any super-peer) without contacting remote super-peers. However, this approach is
not feasible in a highly distributed environment, because of the size of the skyband
and the cost of distributing it to all the super-peers and keeping it updated.

The second naive approach is to flood each query to all super-peers to find the
correct top-k result. The advantage of this approach is that the cost of distributing
the skybands is avoided. However, flooding is costly, and although appropriate for
distributing metadata needed for creating routing indices, it is too costly to employ
for each individual query.

A more efficient approach than the naive approaches outlined above, which com-
bines the advantages of the aforementioned approaches while alleviating the dis-
advantages, is for each super-peer to broadcast only some summary information of
its K-skyband, namely the skyline set. Intuitively, the skyline is the border of the
K-skyband with respect to the axes. Notice that the cardinality of the skyline is sig-
nificantly smaller than the cardinality of the K-skyband. The skyline set is sufficient
for any super-peer to route any top-k query only to those super-peers that can con-
tribute to the final result. Each super-peer SPi assembles Nsp sets of skyline points
SKYi, (1 ≤ i ≤ Nsp). These points are called routing objects.

The cardinality of the skyline set [29] depends on the data distribution and the
data dimensionality and influences the performance of distributed top-k processing.
If the skyline set is of high cardinality, it may cause high construction and main-
tenance cost and storage requirements at super-peers. SPEERTO can be easily ex-
tended to support data summaries of fixed size. In [133], the problem of finding an
approximation of the skyline of fixed size to distribute to all super-peers as a routing
mechanism is studied. The goal is to approximate and replace the skyline set with
a set of points of fixed size, while the routing ability of the approximation is influ-
enced as little as possible. Reducing the number of the routing objects may lead to
more contacted super-peers and more transferred data, however it also reduces the
construction and maintenance costs, which is also important.

An advantage of using the skyline as summary information is that data updates
change the skyline rarely, and small changes in the skyline do not significantly
change the accuracy of the top-k query processing. Therefore, it is not necessary
to continuously maintain the skyline updated at remote super-peers, and periodic
updates suffice. Obviously, high update rates can lead to time intervals where the
results may not be accurate temporarily. The maintenance approach of remote sky-
lines is based on broadcasting the skyline updates, when either the skyline has sig-
nificantly changed or the validity time has expired. While skylines are used to select
super-peers during top-k processing, the K-skyband on a super-peer is used to gen-
erate the actual results, and has to be more frequently updated. However, this cost
is still less significant because a peer is relatively close to its super-peer in terms of
network distance.
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Fig. 7.1 Illustration of query and threshold borderline and active region

7.4 Query Routing and Processing

In the following, we describe a threshold-based top-k algorithm assuming that every
super-peer SPi (1 ≤ i ≤ Nsp) stores the routing objects SKYj of all other super-peers
(1 ≤ j ≤ Nsp) and the merged K-skyband set (KSKYi) of its associated peers only.

Let us first consider a two-dimensional space as a showcase scenario, as illus-
trated in Fig. 7.1. In the figure, the depicted routing and data objects are stored at
super-peer SPA. In more details, the skyline sets of two super-peers SPA and SPB are
shown along with the routing objects from the other super-peers. For clarity rea-
sons, we label only the routing objects of the two super-peers SPA and SPB that are
actually involved in the top-k query of the example. Routing objects are depicted as
black circles, while data objects are marked with crosses. The data objects are the
points that belong to the KSKYA, i.e., the aggregated K-skyband set of super-peer
SPA. Therefore, Fig. 7.1 depicts the information that is available to super-peer SPA

when query processing starts. As described in more detail below, during query pro-
cessing more data objects are transferred to the querying super-peer SPA through the
neighboring super-peers.

Given an arbitrary weighting vector that defines the user’s top-k query (i.e., the
user’s preferences), a perpendicular line to this vector can be uniquely defined. This
line is also called query borderline in the following. In a two-dimensional space,
progressive processing a top-k query can be visualized by sweeping the query bor-
derline, with specific slope defined by the query weights, through space from the
axes towards the data. The first data point that the line meets is the top-1, the second
the top-2, etc. until it finds top-k data points. Actually, each time the line meets a
data point, this point can be immediately returned to the user, as it is really the next
top object of the query (progressive property of the algorithm). Note that some of
the points that the query borderline meets are routing objects. In this case, each rout-
ing object met must be replaced by some data points of the super-peer to which the
routing object belongs to. At each step the query borderline is an indication of how
far the data space is examined and it guarantees that there does not exist any other
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Algorithm 7.1 Query processing on super-peer SPQ

1: Input: Query qk( f )
2: list = /0
3: list = SPQ.query∪SKYi (qk( f ))
4: threshold = f (list[k])
5: c = 0
6: while (c < k) do
7: next ob j = list.pop()
8: if next ob j is a routing object then
9: SP = next ob j.super-peer()

10: temp = SP.query(qk−c( f ), threshold)
11: list.removeRoutObj(SP)
12: list.add(temp)
13: else
14: return next ob ject to the user
15: c = c+1
16: end if
17: threshold = f (list[k− c])
18: end while

point in the examined space that has not been retrieved yet. This guarantees that
there exists no data point that has a better scoring value than the retrieved points.

A threshold value is defined as the score of the k-th routing or data object en-
countered so far. In the two-dimensional space, this defines a threshold borderline
that gradually sweeps the space towards the axes origin. The region defined between
the query and the threshold borderline is called active region and it contains at least
(k− c) objects, where c is the number of data points that is already returned to the
user. In each step, the active region contains all objects that may appear in the final
result set. Notice that the querying super-peer is not aware of all data points that
fall in the active region, therefore if a routing object is retrieved, the query must be
broadcast to the corresponding super-peer.

In order to take a concrete example based on the information depicted in Fig. 7.1,
consider a linear top-4 query with weights w = (0.5,0.5). Let us further assume that
the query is posed at super-peer SPA. The top-4 objects (i, a, h and z) based on the
data and routing objects stored on SPA are retrieved, and the score of the 4-th object
(z), defines the threshold borderline. This guarantees that the results of this top-k
query are found in the active region. Notice that some data points of SPB may fall
in the active region and therefore point z may not belong to the top-4 result set.
First, the routing object i is examined and since it belongs to SPA the data object i is
retrieved and returned to the user. In the next step, point a is retrieved and returned
as the top-2 point. Afterwards, the routing object h is retrieved that belongs to SPB.
Therefore, super-peer SPB is queried and assuming that no other data point of SPB

falls in the active region, points h and z are returned to the user.
Algorithm 7.1 describes how P2P top-k query processing is performed. The rout-

ing and data objects retrieved thus far are kept in a sorted list based on the scoring
value. This list is initialized by the querying super-peer (SPQ) with the top-k objects
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of the skyline results ∪SKYi. The scoring value of the k-th object is used as a thresh-
old, since any other object with higher score cannot belong to the final result set. In
each iteration the top object of the list is examined. Then, a top-k query is broad-
cast to the super-peer (SP) responsible for this object. After SP’s data objects are
retrieved by SPQ, all routing objects of SP are removed from the sorted list before
inserting its data objects, since they are no longer necessary to maintain. Afterwards,
the threshold is updated with the scoring value of the k-th object in the list. In each
subsequent iteration, if a data object is retrieved, it is returned to the user as the top-
1, top-2, etc. result. Otherwise, if a routing object is retrieved, a top-(k− c) query is
send to the corresponding super-peer along with the current threshold value (c de-
notes the number of results returned thus far to the user). The super-peer sends back
k− c objects, or less if there are not k− c objects with value below the threshold.
The algorithm terminates when k data objects have been retrieved from the sorted
list.
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Fig. 7.2 Example of top-k algorithm

Example: Consider a small super-peer network consisting of four super-peers
SPA, . . . ,SPD, and a querying super-peer SPQ = SPA that has assembled the skylines
(routing objects) of the other super-peers, as depicted in Fig. 7.2. Let us assume that
SPA needs to answer a top-3 query with a linear aggregate function that assigns equal
weights to both dimensions. On the right side of the figure, the skyband information
maintained on each super-peer is depicted in tables. The grey-shadowed objects are
the skyline objects that are broadcast to other super-peers and they are also depicted
on the left part of the figure graphically. According to Algorithm 7.1, the sorted list
is initialized with routing objects: i(3,2), m(6,0.5) and h(4,3) and threshold is set to
3.5. The first object that is processed is object i(3,2) that belongs to super-peer SPB.
Thus SPA sends a top-3 query to SPB, and retrieves its local (at SPB) top-3 results.
These data objects are i(3,2), (4,2.5) and then for the third ranked object there are
actually three objects with the same aggregate score o(9,1), a(1,9) and (7,3). These
three data objects are not returned to SPA since they are discarded by the threshold
value. So, only two points are returned to SPA by SPB and they are merged with the
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objects already existing in the list. The threshold value is set to 3.25, as the new k-th
object (4,2.5) has a lower score value than the old threshold value. Then i(3,2) is
returned to the user as top-1. The list contains two objects: m(6,0.5), (4,2.5). Next
m is processed and since it belongs to SPC, SPA sends a message to SPC request-
ing its top-2 objects. SPC returns m(6,0.5), while f (2,6) is pruned by the threshold.
Thereafter, m is returned to the user and the list contains only one object: (4,2.5).
This object is processed next, and since it is a data object, it is returned to the user
immediately as the top-3. Finally, the algorithm terminates.

Correctness and Optimality. The usage of the threshold guarantees that SPEERTO
progressively returns accurate and exact answers for any top-k (k ≤ K) query. More-
over, it reduces communication costs by preventing unnecessary data objects from
being transferred in the network during query processing. SPEERTO also avoids
querying super-peers that do not contribute to the result set. Assuming that the query
is answered using a snapshot of the P2P network, i.e., static network and contents,
SPEERTO minimizes the number of contacted super-peers and the amount of trans-
ferred data during query processing, while always retrieving the correct result set.

7.5 Other Existing Approaches

Rank-aware query processing is a cornerstone process for many applications, in-
cluding ranked document retrieval from digital libraries and the Web. Top-k queries
aim at identifying the k most relevant data items with regards to the user’s prefer-
ences. In [24], the authors extend SQL with explicit support for limiting the cardi-
nality of a query result to a user-specified number of tuples. Ilyas et al. [78] provide
a survey of existing top-k query processing techniques and classify the different
methods into a taxonomy.

7.5.1 Centralized Algorithms

Several papers have dealt with the issue of top-k query processing in centralized
database management systems. Onion [28] supports top-k queries efficiently by
computing and storing in a pre-processing phase the convex hulls of data points
in layers, with outer layers geometrically enclosing the inner ones. A top-k query
for any linear preference function can be processed, based on the observation that
the point with the highest score can be found within the convex hull of the dataset.
Therefore, Onion evaluates a linear top-k query by processing the layers inwards,
starting from the outmost hull.

Another pre-processing based technique for top-k queries is Prefer [75]. Prefer
uses materialized views for top-k query processing. The proposed method materi-
alizes the top-k result sets as views, according to some arbitrary scoring functions.
During query processing, for any given preference function, Prefer selects the ma-
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terialized view corresponding to the function that is most similar to the querying
scoring function. Then, the query can be answered by examining a subset of the
data elements in this view. The main challenge is to answer efficiently top-k queries
using a reasonable number of materialized views. Prefer works for non-linear scor-
ing functions, provided that a different set of views is maintained for each function
type. Onion and Prefer are mostly appropriate for static data, due to the high cost of
pre-processing.

Efficient maintenance of materialized views for top-k queries is discussed in [142].
The authors propose algorithms that reduce the storage and maintenance cost of ma-
terialized top-k views in the presence of deletions and updates. Based on the the ob-
served workload, the proposed method uses a system parameter kmax and during the
pre-processing phase, a top-kmax query is processed and the data elements are mate-
rialized as a view. Incoming tuples (updates or insertions) with score larger than the
score of the k-th tuple are inserted into the view. On the other hand, deleted tuples
may reduce the number of entries, and then, a top-kmax query is issued again on the
database to update the view.

The authors in [22] study the advantages and limitations of processing a top-k
query by utilizing multidimensional histograms and translating queries into a sin-
gle range query that a traditional relational database management system can pro-
cess efficiently. In [33], a method is proposed that transforms a top-k query into an
approximate range query by using a sampling-based approach, along with various
query mapping strategies, to determine a range query that yields high recall with
low access cost. In both previous approaches, if the range does not return at least k
results, a new range query has to be posed.

Recently, reverse top-k queries [128, 129] have been introduced, as a query that
identifies the scoring functions (i.e., weighting vectors) that make a point a top-
k result. Extensions of reverse top-k queries have also been proposed for mobile
environments [131] and for identifying influential products [132].

7.5.2 Distributed Algorithms

Several papers focus on computing the top-k queries on vertically distributed data
over multiple sources, where each source provides a ranking over some attributes.
The query is submitted to d sources and each source returns a list of objects sorted in
descending order of their partial scores with respect to the corresponding attributes.
The problem is to compute the top-k results in terms of their overall score by com-
bining the d sorted lists. The existing algorithms can be distinguished in two cate-
gories, based on whether they assume only sorted accesses or also random accesses,
i.e., the score of any random data element in the list can be immediately returned.
Fagin et al. [54] introduce two algorithms, namely TA and NRA algorithms. The TA
algorithm is optimal in terms of random accesses, for repositories that support ran-
dom access, while the NRA algorithm assumes that only sorted access is available.
Variations of the methods have been proposed that try to improve some limitations
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of the aforementioned methods and examine different application areas, leading to
different threshold-based algorithms [30, 31, 63, 96, 3]. For example, the authors
in [31] study top-k queries over multimedia repositories, whereas Marian et al. [96]
study top-k query evaluation over web-accessible databases, including random ac-
cesses to score lists.

Following the same concept, related papers address the problem of top-k queries
in peer-to-peer systems over vertically distributed data. In [23], Cao and Wang pro-
pose an algorithm called ”Three-Phase Uniform Threshold” (TPUT) that aims to
prune unnecessary data objects and it is guaranteed to terminate in three round-
trips. Later, TPUT was improved by KLEE [97]. KLEE has two variants, one that
requires three phases and another that only needs two round-trips. KLEE also pro-
vides mechanisms for trading performance with result quality, thus supporting ap-
proximate top-k retrieval.

For horizontally distributed data among peers, top-k query processing has been
studied in only few works so far. Balke et al. [7] try to minimize the data object traf-
fic induced by top-k processing. However, this approach requires that each query is
processed by all super-peers, unless the exact same query reoccurs, which is unlikely
as there is an infinite number of potential queries posed by different users. A similar
approach for unstructured P2P systems is presented in [2], where the main tech-
nique is a variant of flooding, followed by a merging score-list step at intermediate
peers. In [147], the authors rely on result caching to prune network paths and answer
queries without contacting all peers. Their approach relies on caching techniques,
therefore the performance is dependent on the query distribution. Even more im-
portant, they assume acyclic networks, which is restrictive for dynamic peer-to-peer
networks. Hose et al. [72] construct routing filters in the form of histograms, in order
to prune query paths and return approximate results. These filters are built on each
peer progressively, as the peer communicates with other peers, using a query feed-
back approach. However this approach delivers approximate answers and the per-
formance drops with increasing dimensionality since multi-dimensional histograms
should be used. In [46], an approach is proposed that tries to minimize the users’
waiting time of top-k results, at the expense of multiple phases of data transmis-
sion. Recently, Ryeng et al. [113] studied caching of top-k results and the use of
remainder queries to answer future top-k queries.

In the area of peer-to-peer information retrieval, there exists some work that takes
into account top-k queries. However this work is not entirely within the context of
this chapter, as their main focus is on document retrieval and on defining an appro-
priate scoring function. For example, in [94, 95], Lu and Callan focus on search in a
digital library context, using hierarchical P2P networks and propose result merging
algorithms based on sampled documents from neighboring peers.
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7.6 Summary

In this chapter, we study the challenging problem of efficient top-k query process-
ing processing over multiple servers. The aim of distributed top-k query processing
is to forward the query only to the servers that store relevant data, in such a way
that the amount of transferred data is minimized. Towards this goal, we explore the
applicability of the skyline points for efficiently identifying the servers that store
relevant data. Then, a threshold-based algorithm is employed to return the result set
for any top-k query, while supporting a large class of scoring functions. Since the
number of contacted super-peer and the amount of transferred data are minimized,
distributed top-k query processing is performed efficiently even in the case where a
high degree of distribution is required.



Chapter 8
Summary

Abstract Query processing over multidimensional data in distributed systems is
an important and emerging challenge. In this chapter, the most important findings
in the book are summarized and future directions are outlined within the area of
distributed query processing over multidimensional data.

8.1 Conclusions

In an increasingly high number of applications there is the need for storing large
amounts of data in geographically distributed locations and involving a high number
of computers. In such applications, a common requirement is to perform content-
based search or advanced ranking through complex and costly query operators. In
some setups, typically where one organization or company has full control, the chal-
lenge can be solved by using a number of data centers, each with a large number
of computers. In this book, we have targeted application areas where this is not
the case, and each participant enjoys a high degree of autonomy. Examples of such
applications include scientific databases, bioinformatics applications, and retrieval
systems storing multimedia contents. Quite often, these domains are distributed in
their very nature; data is produced in a distributed way and cannot be assembled at
one location, due to its massive volume and high rate of generation. Moreover, data
is typically high-dimensional, which further complicates query processing.

The main challenge for the above problem is scalability with respect to the
number of participating computers and the number of queries. The P2P paradigm
respects the system’s decentralized nature, avoids bottlenecks, and ensures fault-
tolerance. More important, P2P systems are capable of handling very large number
of nodes, as demonstrated by deployed systems in highly distributed settings. In
order to ensure efficiency and effectiveness during query processing, a hybrid P2P
architecture (super-peer) can be employed that harnesses the merits of both worlds:
the advantages of P2P and the efficiency of centralized query processing.
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In this book, a framework has been described for distributed query processing
over multidimensional data using summary-based routing indices, and it has been il-
lustrated how some advanced multidimensional query operators can be implemented
within this framework. The use of summary-based routing indices facilitates the re-
duction of the number of super-peers that have to be involved in a particular query.
Thus, the result is a highly scalable framework for processing queries involving a
large number of physically distributed computers.

8.2 Future Directions

Even though several approaches have been proposed for efficient P2P query process-
ing over multidimensional data, there are still challenging issues about P2P query
processing that have not been studied sufficiently in the related literature.

A current trend in database research is efficient processing of probabilistic
queries over uncertain data. In distributed environments, the uncertainty of the data
can be caused by several different reasons. In some cases, the data can be uncertain,
similar to the case of the centralized setting. Consider for example, noisy readings
from sensors in sensor networks. On the other hand, the uncertainty in data is inher-
ent in P2P systems due to the lack of central control that can verify the quality of the
data. For example, in a P2P network, some peers may not always trust other peers,
since some of them might act as cheaters. In this case, the querying peer may be
associated with a value of trustworthiness that indicates the validity of data stored
by different peers. P2P query processing over uncertain data is an important prob-
lem for many real-world distributed applications and efficient methods need to be
developed.

Nowadays, there exist many different distributed systems that have characteris-
tics that differ from P2P systems. Even though the framework presented in this book
has been proposed in the context of P2P architectures, it can also be employed in
other settings where high scalability and distribution are key issues. For example,
several principles are applicable in other distributed systems where the data is dis-
tributed over autonomous servers such as grid systems, large-scale data centers or
cloud computing infrastructures. In our future work, we plan to investigate the ap-
plicability of distributed query processing algorithms in other environments, such
as cloud computing platforms.

Finally, in several distributed environments, such as mobile networks or cloud
computing, users may be charged based on the amount of transferred data or the
available bandwidth may be restricted. In a distributed environment, the perfor-
mance of multidimensional query processing depends on the cardinality of the result
set because at least these points have to be transferred to the querying peer. More-
over, the total number of transferred data points is much higher than the cardinality
of the result set. An interesting direction of P2P query processing is to develop cost-
efficient methods for computing an approximation of the query result set of high
quality. The main goal is to process bandwidth-constrained queries by transferring
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only some of the local query result, but still the result set of the P2P query should
be very similar to the exact result set.
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114. O. D. Sahin, F. Emekçi, D. Agrawal, and A. E. Abbadi. Content-based similarity search over
peer-to-peer systems. In International Workshop on Databases, Information Systems and
Peer-to-Peer Computing (DBISP2P), pages 61–78, 2004.

115. O. D. Sahin, A. Gupta, D. Agrawal, and A. E. Abbadi. A peer-to-peer framework for
caching range queries. In Proceedings of IEEE International Conference on Data Engi-
neering (ICDE), page 165, 2004.

116. H. Samet. Foundations of Multidimensional and Metric Data Structures (The Morgan Kauf-
mann Series in Computer Graphics and Geometric Modeling). Morgan Kaufmann Publishers
Inc., 2005.

117. S. Saroiu, P. K. Gummadi, and S. D. Gribble. A measurement study of peer-to-peer file
sharing systems. In Proceedings of the Multimedia Computing and Networking, 2002.

118. T. Seidl and H.-P. Kriegel. Efficient user-adaptable similarity search in large multimedia
databases. In Proceedings of International Conference on Very Large Data Bases (VLDB),
pages 506–515, 1997.

119. T. Seidl and H.-P. Kriegel. Optimal multi-step k-nearest neighbor search. In Proceedings of
International Conference on Management of Data (SIGMOD), pages 154–165, 1998.

120. Y. Shu, B. C. Ooi, K.-L. Tan, and A. Zhou. Supporting multi-dimensional range queries
in peer-to-peer systems. In Proceedings of IEEE International Conference on Peer-to-Peer
Computing, pages 173–180, 2005.

121. I. Stoica, R. Morris, D. Karger, M. F. Kaashoek, and H. Balakrishnan. Chord: A scalable
peer-to-peer lookup service for internet applications. In Proceedings of ACM Conference
on Applications, technologies, architectures, and protocols for computer communications
(SIGCOMM), pages 149–160, 2001.

122. K.-L. Tan, P.-K. Eng, and B. C. Ooi. Efficient progressive skyline computation. In Pro-
ceedings of International Conference on Very Large Data Bases (VLDB), pages 301–310,
2001.

123. C. Tang, Z. Xu, and S. Dwarkadas. Peer-to-peer information retrieval using self-organizing
semantic overlay networks. In Proceedings of ACM Conference on Applications, technolo-
gies, architectures, and protocols for computer communications (SIGCOMM), pages 175–
186, 2003.

124. Y. Tao, X. Xiao, and J. Pei. SUBSKY: Efficient computation of skylines in subspaces. In
Proceedings of IEEE International Conference on Data Engineering (ICDE), page 65, 2006.

125. Y. Tao, X. Xiao, and J. Pei. Efficient skyline and top-k retrieval in subspaces. IEEE Trans-
actions on Knowledge and Data Engineering (TKDE), 19(8):1072–1088, 2007.

126. N. E. Taylor and Z. G. Ives. Reliable storage and querying for collaborative data sharing
systems. In Proceedings of International Conference on Data Engineering (ICDE), 2010.

127. Y. Theodoridis and T. K. Sellis. A model for the prediction of R-tree performance. In Pro-
ceedings of Symposium on Principles of Database Systems (PODS), pages 161–171, 1996.

128. A. Vlachou, C. Doulkeridis, Y. Kotidis, and K. Nørvåg. Reverse top-k queries. In Pro-
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