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Abstract—Peers and data objects in the Hybrid
Overlay Network (HON) are organized in a n-
dimensional feature space. As the dimensionality
increases, peers and data objects become sparse
and the distance measures become increasingly
meaningless which leads to serious problems af-
fecting HON performance. In this paper we pro-
pose a distributed feature selection technique re-
duce the dimensionaliy in HON. We study in our
simulations the impact of the proposed feature
selection technique on query results quality and
show that it achieves high recall and precision.

I. Introduction

In recent years, content-based retrieval of high
dimensional data has been a challenging problem in
several fields such as data analysis and data mining.
A number of applications including multimedia and
text retrieval require the use of high dimensional
methods to provide capabilities for finding data ob-
jects which are similar by content. In our work,
we focus on content-based and similarity search in
P2P networks. We have proposed a Hybrid Overlay
Network (HON) [12] that organizes both peers and
data in an n-dimensional feature space based on
content description. The basic idea is to define a
partition of the feature space into cells and use the
distribution of data objects over the cells as the basis
for defining peer similarity, creating clusters and
computing query similarities to peers and clusters. As
the dimensionality of the feature space increases, the
data objects are sparsely distributed over the space
resulting in several problems. First, the number of
cells increases exponentially with increasing dimen-
sionality. For example, using a 30 dimensional data
and only 2 partitions for each feature, we can have
more than one billion of cells. Thus, the computation
time and the storage space needed to store cells
description increases dramatically. Second, a cluster
might be divided into a large number of cells and
many or even all these cells might have a density less
than the required threshold. In addition, the clus-
ters might only exist in subsets of high dimensional
spaces. Since the number of possible subspaces is
also exponential in the dimensionality of the space,
clusters cannot be easily defined.

Several dimensionality reduction techniques have
been proposed to address the curse of dimensionality
[2], [3], [8], [11], [14], [14]. These techniques aim
to project data objects from a high dimensional
space to a lower dimensional space. The resulting
subspace is described by a set of new features that
are the combination of the original features. Most
of these techniques are centralized. They are called
GDR techniques (Global Dimensionality Reduction)
because they use the whole dataset for the projection.
In a P2P context, the dataset is highly distributed
among peers. Therefore, data need to be collected
in a central server to do the projection which might
limit the use of GDR techniques in P2P systems.

It has been shown in [6] that GDR techniques
provide good results only if the dataset is glob-
ally correlated which means that the variation in
the data can be captured by few dimensions. In
practice, datasets are often not globally correlated.
Thus, GDR techniques lead to a significant loss of
information. To address this problem, Local Dimen-
sionality Reduction (LDR) techniques [6] have been
applied individually to clusters of locally correlated
data which results in a different subspace for each
cluster. In P2P systems, peers belonging to different
subspaces need to communicate. Hence, mapping
techniques have to be introduced. Since the features
that describe the new subspaces are meaningless to
the user because they are a combination of the orig-
inal features, the mapping might require a complex
schema.

Dimensionality reduction techniques presented
above can be hardly used in P2P systems, mainly be-
cause of their centralized aspect. Thus, some efforts
have been made to propose distributed dimension-
ality reduction techniques [1], [15] where each node
in the network sends a sample of data representing
its content to a central server. This server projects
the set of samples in a new subspace and sends its
description to all nodes of the network. When the
nodes receive that description, they project all their
data in the new subspace. Actually, these techniques
have a distributed input but a centralized processing.
In addition, the resulting subspace might provide a
loss of information since data are usually not globally
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correlated.
The focus of this paper is to address the dimen-

sionality issue by viewing a P2P systems as one or
more overlay networks. Each overlay is described by
a specific and limited number of features. To guide
the selection of features for the overlays, we propose a
distributed feature selection technique that describes
dense regions of the feature space. Its is a variant of
the weighted feature selection algorithm proposed by
Wang et al [16]. Each peer selects the set of features
describing most of its data objects and joins one or
multiple overlay networks depending on its selected
features. The main contributions of this work are
threefolds:

1) we propose a weighted feature selection tech-
nique to reduce the dimensionality of HON
improving its efficiency.

2) we evaluate the performance of the feature se-
lection technique using different data and query
distributions, namely, uniform and Zipfian.

3) we improve the performance of the proposed
feature selection technique by considering dis-
carded features to increase the recall and the
precision.

The remainder of the paper is organized as fol-
lows. In the next section, we give an overview of
dimensionality reduction techniques. In section 3, we
give a brief description of HON. Section 4 presents
the weighted feature selection technique. Section 5
presents the evaluation results. And finally section 6
concludes the paper.

II. Related Work

Dimensionality reduction techniques can be clas-
sified into two categories: Feature Construction and
Feature Selection. Feature construction approaches
project points from a higher dimensional space to a
subspace having a lower dimensionality. By contrast,
feature selection techniques consider that not all
features are important in describing data objects.
Therefore, they select a subset of the original features
that describes most of the data.

There are several feature construction techniques
that have been proposed for different problems.
Carrerira-Peripinan classifies in [5] dimensionality
reduction problems into three categories: Hard, Soft
and Visualisation. In Hard dimensionality reduction
problems, the dimension of data objects ranges from
hundreds to hundreds of thousands of features. This
category of problems includes pattern recognition
and classification studies involving images or audio
data types. In practical cases, the most widespread
technique used for Hard problems is Principal Com-
ponents Analysis (PCA). The Soft category of di-
mensionality problem includes data objects having

(a) Data organization (b) Peers organization

1: Hybrid Overlay Network

less than tens of features. Most statistical analysis
in fields such as social science and psychology fall
into this category. The number of these features
is never too-high which makes the dimensionality
reduction not very drastic. Soft problems also employ
the PCA algorithm and other techniques such as
Factor Analysis [8], Discriminant Analysis [2] and
Multidimensional Scaling [14]. The last category of
reduction problems is the visualisation where the
data objects are not high dimensional, but they need
to be projected in 2, 3 or 4 dimensional spaces in
order to plot them. For Visualisation purpose many
methods have been used in practice including PCA,
Projection Pursuit [11], Multidimensional Scaling
[14], and Self-Organizing maps [3] including their
variants.

Feature selection has been the focus of interests
of many fields and applications such as data mining
[7], machine learning [4], pattern recognition [9], text
categorization [8] and image retrieval [17]. The main
idea of feature selection is to reduce the number of
features by removing irrelevant, redundant, or noisy
information to improve the application performance
such as computational time and result comprehensi-
bility.

III. Hybrid Overlay Network

The Hybrid Overlay Network (HON) organizes
peers and data to perform an efficient similarity
search based on range and nearest neighbor queries.
The data contents of peers are represented by n-
element feature vector, where each element is a
particular feature or attribute associated with data
object (e.g., color for an image, concept or key word
for a text document). Since each data object is
described by a feature vector, it can be seen as a
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point in a n-dimensional feature space.
The feature space is described by n features

f1, f2, ...fn. The basic idea is to define a partition of
the feature space into cells and use the distribution
of data objects over the cells as the basis for defin-
ing peer similarity, creating clusters and computing
query similarities to peers and clusters. Thus, two
peers are considered similar if their contents are
distributed on the same sub regions of the feature
space. Figure 1a shows the partition cells of a 2-
dimensional feature space using the features f1 and
f2. Data of peers P1, P2 and P3 are distributed over
cells according to their description. The number of
data objects in each cell is recorded using a cell
density measure. This notion of cell density is used
for mapping a peer to a cell, to create peer clusters
and to reduce the dimensionality of the feature space.
Peers are mapped into cells according to the distri-
bution of their data objects. using a threshold value,
a peer is mapped to a cell if the number of its data
objects in that cell is higher than T . Figure 1b shows
an example of peer mapping where T = 1.

Once data and peers are mapped into the fea-
ture space, clusters of peers are created according
to cells’ density to provide a high recall. Grouping
peers within cells having high densities increases
the number of retrieved similar objects. Clustering
will not be discussed further in this paper. More
details about the density-based algorithm and query
processing can be found in our previous work [13].

IV. Dimensionality Reduction in HON

To reduce the dimensionality in HON, we use a
variant of the Weighted Feature Selection algorithm
proposed by Wang et al. [16] which aims to (1)
cluster data point using k-means algorithm [10] and
(2) extract the relevant features for each cluster using
histogram analysis to assign greater weight to rele-
vant features. In our work, the selection of features
is processed in each peer without any clustering
consideration. Each peer runs locally the Weighted
Feature Selection technique to select the most rele-
vant features to its data objects. Depending on their
selected features, peers joins one or multiple overlay
networks, where each overlay network is associated
to a subset of features that describe common set of
peers.

Let f1, ...fn be the set of features describing the
feature space. We have defined a partition of the
feature space into cells by dividing the range of values
[fmin

i , fmax
i ] of a feature fi into mi intervals of size

d fmax
i −fmin

i

mi
e, for i = 1, 2...n. We assume that the

denser is the distribution of a given feature fi, the
greater is the probability that fi is the dominant
feature in representing the dataset. Considering this

2: Feature density

assumption, each peer starts by computing for each
feature fi the number of its data objects in each
partition. Let Dij be the number of the peer’s data
objects in the partition Pij of the feature fi. We
define a region of a feature fi by:

FeatureRegion(i) =
mi∑
j=1

Dij ×
fmax

i − fmin
i

mi

The density for the feature fi is defined by:

FeatureDensity(i) = 1− FeatureRegioni

Max(Dij)× (fmax
i − fmin

i )

The FeatureDensity(i) represents the density value
of the distribution of the feature fi. Following a
uniform distribution, the number of data objects in
each partition Pij is almost the same as shown in fig-
ure 2b. Consequently the ratio FeatureResgioni

Max(Dij)×(fmax
i −fmin

i )

tends to 1 resulting in a low feature density. By
contrast, if the data objects are distributed using
a Zipfian low where they are highly concentrated
in few partitions as shown in figure 2a, the feature
density value becomes higher. Therefore, the larger
is FeatureDensity(i), the denser is the value distri-
bution for fi. The FeatureDensity(i) values are then
used to compute the weight that we associate to each
feature. This weight value will indicate the relevancy
of features. Let {wi, ..., wn} be the corresponding
weights to the features {f1, ...fn}. We define the
weight wi of the feature fi as:

wi =
FeatureDensity(i)∑n

j=1 FeatureDensity(j)

Two different strategies can be used by a peer to
select the important features in describing its data
objects. The first strategy uses a threshold value
TW . If the weight wi of a feature fi is higher than
the threshold value TW , then the feature fi is be
selected. Otherwise, it is be discarded. The second
strategy consists in defining the number k of features
that have to be selected. In this case, the peer ranks
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the features according to their weight values. Then,
only the k first features will be selected as the most
important ones.

V. Evaluation

We have evaluated the weighted feature selection
technique that we proposed to reduce dimensional-
ity in HON. An efficient dimensionality reduction
technique should preserve data information as much
as possible. Concretely, we use three metrics for
the evaluation: Recall, Precision and F-Measure de-
scribed as follows:

1) extitRecall r: represents the percentage of re-
trieved responses out of the available responses
in the network.

2) Precision p: represents the percentage of rele-
vant responses to the query out of the retrieved
responses.

3) F-Measure: is a weighted harmonic mean of
precision and recall. In our simulation we use
an F1 measure that gives the same weight to
the recall r and the precision p. F1 is given by:

F1 =
2rp

r + p

We consider in our simulation a global set of
features that describe peers’ data objects. Each peer
applies locally the weighted feature selection algo-
rithm to select the important features in describing
its content. The number of selected features varies
from a peer to another depending on the distribution
of its data objects. Two types of data distribution
are used in this simulation: uniform data distribution
and Zipfian data distribution. Recall that using a
uniform distribution, peers’ data objects have equal
chance to be mapped to any cell of the feature
space. By contrast, using a Zipfian distribution, data
objects are mapped to few cells of the feature space.
Note that data objects of each peer follow a different
Zipfian distribution.

We simulate 1000 peers described by 30 common
features. When peers select their relevant features
using the weighted feature selection algorithm, they
initiate 500, 000 queries to evaluate the quality of
the search in the reduced spaces by computing the
average recall, precision and F-measure. To study the
behavior of the feature selection algorithm according
to data distributions, we run four different simula-
tions corresponding to four possible cases presented
in the following:

In the first simulation, queries follow a uniform
distribution where peers send queries randomly to
cells. Figure 3 shows that using a uniform distribu-
tion for peers’ content, the average recall is equal to
58% and the precision is equal to 32%. This means

3: Weighted feature selection performance

that 58% of the relevant answers for a given query
are retrieved using the reduced spaces. In addition,
the relevant answers correspond to 32% of the total
answers. Thus, 68% of unnecessary messages related
to irrelevant answers are generated over the network.
The F-measure in this case is equal to 42% indicating
the non efficiency of the search. Note that in the
second simulation, a Zipfian distribution increases
the recall to 87% but do not improve the performance
providing 23% of precision as shown in figure 3.

In the third and the fourth simulations, queries
follow a Zipfian distribution where peers send queries
to few cells in the feature space. Figure 3 shows that
the average precision and F-measure is significantly
improved using a Zipfian distribution of queries.
For example, using a uniform distribution of peers’
content, the average precision is equal to 51%. Thus,
a reduced amount equal to 49% of unnecessary mes-
sages is generated over the network. The F-measure
in this case is equal to 58% indicating a better
efficiency than the first two simulations. By contrast,
using a Zipfian distribution of peers’ content provides
the highest performance of 88% of recall, 56% of
precision and 68% of F-measure.

According to the results presented above, a Zipfian
distribution of data objects and queries performs the
weighted feature selection algorithm comparing to
uniform distributions. This can be explained by the
fact that data objects of peers following a Zipfian
distribution fall into few cells in the feature space.
Therefore, the weighted feature selection algorithm
can efficiently determine the most relevant features
to peers content comparing to uniform distribution.
A uniform distribution maps peers’ data objects
randomly to cells. Subsequently, a larger amount of
information is lost resulting in a low precision and
recall.

To provide more precise search, we propose that
each peer makes use of its discarded features. The
relevant features are used for assigning peers to over-
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4: Precise search using discarded features

lays, organizing peers and their data in the feature
space, creating clusters and routing queries. By con-
trast, discarded features can be used when computing
similarities between queries and data objects to pro-
vide a precise search. Consider a query Q described
by the set of features FQ. When a peer receives the
query Q, it computes the similarity between Q and
each of its data objects in two steps:

1) In the first step, the peer computes the similar-
ity using its relevant features that are common
with the query Q and builds a list S of the
similar objects to the query Q.

2) In the second step, the peer computes the
similarity between each object of the list S
and the query Q using the discarded features.
The peer considers the discarded features that
describe the query Q. The goal is to remove
false positives and to keep as much as possible
the relevant answers to the query Q

We have run a set of experiments using the same
previous configuration to evaluate the efficiency of
the search when taking advantage of discarded fea-
tures. Figure 4 measures the search performance at
the end of each step. When using a uniform distribu-
tion, the search using relevant features provides 32%
of precision. At the end of the second step that selects
the relevant answers using the discarded features,
the precision increases to 91% performing the search
efficiency. We can notice that the Zipfian distribution
of data objects provides the highest precision of 95%.

VI. Conclusion

We have discussed high dimensionality problems
related to the Hybrid Overlay Network that orga-
nizes data and peers into similar clusters. We have
proposed a variation of a weighted feature selec-
tion based on a filter technique. It uses a goodness
criterion depending on cells densities and threshold
values to reduce the dimensionality by eliminating
insignificant features. Therefore, each peer reduces

its dimensionality by selecting a subset of dominant
features. The simulation results showed that the
proposed feature selection technique provides a high
recall and precision.
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