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The last years have brought a dramatic increase in the popularity of collaborative Web 2.0
sites. According to recent evaluations, this phenomenon accounts for a large share of Inter-
net traffic and significantly augments the load on the end-servers of Web 2.0 sites. In this
paper, we show how collaborative classifications extracted from Web 2.0-like sites can be
leveraged in the design of a self-organizing peer-to-peer network in order to distribute
data in a scalable manner while preserving a high-content locality. We propose Affinity
P2P (AP2P), a novel cluster-based locality-aware self-organizing peer-to-peer network.
AP2P self-organizes in order to improve content locality using a novel affinity-based metric
for estimating the distance between clusters of nodes sharing similar content. Searches in
AP2P are directed to the cluster of interests, where a logarithmic-time parallel flooding
algorithm provides high recall, low latency, and low communication overhead. The order
of clusters is periodically changed using a greedy cluster placement algorithm, which reor-
ganizes clusters based on affinity in order to increase the locality of related content. The
experimental and analytical results demonstrate that the locality-aware cluster-based
organization of content offers substantial benefits, achieving an average latency improve-
ment of 45%, and up to 12% increase in search recall.

� 2010 Elsevier B.V. All rights reserved.
1. Introduction

The last years have shown an unprecedented increase in
the Internet traffic, boosted by the emergence of Web 2.0
sites such as social networking, wikis and blogs. Web 2.0
facilitates the publishing of user-generated content and
the creation of social networks of people sharing common
interests. According to Alexa [3], YouTube is the largest
and one of the fastest growing user-generated content sites
for video sharing. Due to its large popularity and increasing
traffic, YouTube offers slow response times to user
requests [7,31]. This fact is mostly due to the limits on sca-
lability placed by the server-based architecture of
YouTube-like sites.
. All rights reserved.

).
On the other hand, the peer-to-peer (P2P) architecture
has become a powerful paradigm for the design of large-
scale content-sharing systems. P2P architectures offer a
scalable platform for applications such as file sharing or
video streaming. Existing P2P video streaming protocols
assume that the videos are long and served independently
from each other [8]. However, a Web 2.0 site such as You-
Tube is characterized by short video sizes, collaborative
content sharing and recommendation-based surfing. These
characteristics make interest-based content locality of crit-
ical importance for the efficient searching and retrieving of
videos in a scalable P2P system.

In this paper, we propose and evaluate Affinity P2P
(AP2P), a novel scalable system for the management of col-
laboratively-generated content in YouTube-like networks.
The system targets to increase content locality and to im-
prove search latency and recall in a large-scale distributed
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system. AP2P is a cluster-based structured P2P network
that self-organizes in order to increase content locality,
while offering a high degree of availability.

The main contributions of this paper are the following.
First, AP2P exploits Web 2.0 collaborative classification of
content in order to automatically improve content locality
at two levels. At the first level, peers autonomously join or
leave clusters according to their content. At the second
level, the clusters of peers self-organize on the overlay tar-
geting to maximize the global inter-cluster locality. Sec-
ond, we propose a novel affinity-based metric for
estimating the distance between clusters of interests.
Third, we use a logarithmic-time parallel flooding algo-
rithm that aims to achieve high data recall, high tolerance
to node failure, and no redundant communication. Fourth,
we propose a greedy cluster placement algorithm, which
reorganizes clusters based on affinity in order to increase
content locality.

The remainder of this paper is organized as follows. Sec-
tion 2 presents an overview of our system. In Section 3 we
discuss related work. Section 4 presents in detail the sys-
tem architecture. Section 5 presents the experimental
results. Finally, Section 6 concludes and discusses our fu-
ture plans.
2. System overview

In this paper, we target two main objectives. The first is
to investigate to what extent collaborative classifications
can be useful in designing an efficient P2P system. The sec-
ond is to design a P2P network that self-organizes in order
to increase content locality and to achieve a high data
recall with low latency and low network traffic. The AP2P
system has the following major features:

� AP2P network is a structured Chord-like [35] overlay
with three main differences when compared to Chord.
First, AP2P logical nodes correspond to Chord nodes,
with the difference that Chord identifiers are generated
through uniform hashing, while AP2P identifiers are a
concatenation of a cluster identifier and a node identi-
fier generated through uniform hashing. While Chord
generates a global uniform distribution of node identifi-
ers, AP2P locally distributes node identifiers uniformly
inside each cluster. Second, resource placement is not
done based on node identifiers: each peer stores the
resources it shares, as in many real applications scenar-
ios. Third, interest-based clusters of peers are supported
by extending the identifier space with a cluster identi-
fier field. All the other overlay maintenance operations
of Chord are preserved with the same functionality.
� Each cluster of peers is labeled with a category. Labeling

a cluster with a category does not mean that all the
resources of its peers are classified in the same category,
but that the peers have a sufficient number of resources
classified in that category.
� Each peer joins at least one primary cluster, correspond-

ing to the category to which the highest number of its
resources are classified. Additionally, a peer may join
one or several secondary clusters, if a sufficiently large
number of its resources are classified in the category
corresponding to the secondary clusters. Peers auto-
matically change their primary and secondary clusters
over time, adapting to changes in the resources they
make available.
� The semantic closeness between any two clusters is

estimated by an affinity matrix. The affinity matrix is
leveraged in order to place clusters with close semantic
content close to each other in the overlay. The affinity
matrix is not an exact global measure of content distri-
bution, but rather an approximation periodically
updated.
� The lookup algorithm localizes first the cluster of inter-

est for the search and, subsequently, performs a fast
parallel logarithmic flooding based on a recursive dou-
bling strategy. The parallelism of the algorithm assures
that if a node fails, the search can continue on alterna-
tive parallel branches.
� Periodically, clusters are reorganized in the overlay

based on the changing affinities of the peers. This
approach ensures that affine clusters are placed close
to each other, thus increasing the locality of related
content.

We note that AP2P offers a general solution in several
respects. First, a resource can be classified in more than
one category. Second, the classification is not limited to
Web 2.0 based collaborative classifications: any clustering
algorithm can be used in order to classify resources. Third,
the categories can be split into subcategories without
affecting the correctness of the algorithms presented in
this paper.
3. Related work

P2P networks can be classified into structured and
unstructured ones. Structured networks consist of a set
of nodes interconnected in a regular topology. Examples
of structured networks include Chord [35], Pastry [30],
CAN [26], and Bamboo [27]. They are typically built
based on the Distributed Hash Table (DHT) abstraction,
which guarantees the location of information in a small
number of hops, while incurring the cost of maintaining
the overlay network topology. For unstructured net-
works, such as Gnutella [5] or Freenet [9], nodes can
connect in an arbitrary way and the maintenance costs
are reduced. On the other hand, the search relies on a
flooding mechanism and the localization of content is
not guaranteed.

Table 1 provides a comparison of AP2P with two well
known P2P networks: the structured Chord [35] and the
unstructured Gnutella. AP2P is structured in a ring topol-
ogy as Chord, and allows natural replication of contents
as Gnutella. Unlike Chord and Gnutella, AP2P is structured
in overlapping clusters and self-organizing for high-con-
tent locality. AP2P uses informed search [21] based on
semantic cluster information: the search process locates
first the cluster of interest and then performs a logarithmic
parallel flooding. Like in Chord, and unlike Gnutella, no
redundant messages are generated for searching in AP2P.



Table 1
Comparison of AP2P with Chord and Gnutella.

Chord Gnutella AP2P

Overlay characterization Structured Unstructured Structured
Topology Ring Random Ring
Content replication support (implicit) No Yes Yes
Cluster support No No Yes
Locality oriented No No Yes
Search mechanism Logarithmic keylookup Non-informed flooding Logarithmic lookup + informed flooding
Communication redundancy No Yes No
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3.1. Interest-based self-organizing P2P networks

Sripanidkulchai et al. [34] propose an improvement of
Gnutella scalability by allowing peers to connect among
each other via shortcuts selected based on a comparison
between shared resources. Similarly, REMINDIN’ [37] ex-
ploits previous successful searches in order to improve
the efficiency of future queries by adaptive semantic-based
routing. Our approach differs in that we target to increase
the content locality at both local and global level (nodes
and clusters). Löser et al. [20] propose a semantic overlay
where super-peers act as centroids of semantic clusters.
New nodes join the network by connecting themselves
with super-peers that match node information contents
attending to different clustering and matching policies.
iCluster [25] uses a rewiring method to connect similar
peers with different interests throughout the network. In
turn, the aforementioned solutions focus on locally opti-
mizing the routing based on content at node level.

The common difficulty in the aforementioned ap-
proaches is to determine which metric or estimator is the
most suitable for connecting peers. Data sharing graphs
[16] capture common user interest in data at resource
granularity. These graphs can be used to dynamically orga-
nize files in clusters of interest [15]. Condie et al. [11] pro-
pose an adaptive topology based on local trust scores. We
propose a new metric for estimating the degree of interest
sharing based on user-agreed classification: we assume the
existence of social-based classification and show that this
knowledge can be leveraged in order to improve the con-
tent locality and, therefore, the probability of information
finding.

3.2. Semantic overlay P2P networks

Crespo and Garcia Molina [12] propose a cluster-based
semantic overlay network (SON). When a node joins the
P2P network, a classifier determines the most suitable
clusters according to the resources that the node shares.
P2PDating [22] extends the SON idea to a P2P overlay net-
work whose peers have complete autonomy. The nodes
may group themselves based on several estimators such
as level of overlap between documents of two peers, the
similarity between their documents, history of the peer, le-
vel of trust. Our approach complements the SON and
P2PDating work in at least three main directions: we intro-
duce a metric for semantic closeness of clusters, we pres-
ent algorithms for self-organization of content at both
node level and cluster level based on collaborative classifi-
cations, and we describe a fast parallel flooding search
algorithm.

Cohen et al. [10] assume that searching some items im-
plies searching other related items with a certain probabil-
ity. Peers perform blind flooding searches and store
information about peers that share both the searched
items and related resources. A later search of related items
is faster, as peers can use previously gathered information.
AP2P differs from this approach as it places affine nodes
close to each other using a clustering approach over a
structured network.

Aberer et al. [2] propose a semantic overlay network
layered on top of P-Grid overlay. The semantic information
described by RDF (Resource Description Framework) tri-
ples is stored in the overlay network. Unlike in AP2P, the
semantic information is leveraged neither in the network
construction nor in resource placement.

Rostami et al. [29] propose a system with the objective
of reducing P2P traffic by employing an external ontology,
which filters only the semantically-relevant queries. Peers
consult the ontology service for P2P routing. In contrast,
AP2P reduces traffic by self-organizing for higher locality
and eliminating redundant messages by using an efficient
parallel flooding algorithm.

In pNear [33] every peer chooses its neighbors based on
semantic similarity evaluated by a customizable metric.
This selfish approach trades off content locality for peer
independence, and may reduce the search efficiency, as
the quality of the routing process depends on how effective
the peers cluster themselves. AP2P leverages the common
knowledge to global benefit of all peers by global cluster
reordering.

Scholosser et al. [32] propose an improvement of
HyperCuP overlay by mapping an ontology onto an hyper-
cube topology. Using this hierarchical hypercubes, a query
can be routed through the network using semantic links.
Triantafillou et al. [38] target high performance in a clus-
ter-based P2P system by distributing the load among
peers. Cluster leaders monitor request statistics in order
to adapt the assignation of categories to non-overloaded
clusters. Our approach changes the order of the clusters
in the network to increase content locality, and not to bal-
ance the load.

Anwar et al. [4] evaluate the Orkut social network and
propose to leverage common user interests for setting up
an overlay topology. They show that this approach reduces
the latency in group communication compared to other
application-level multicast techniques, but do not provide
any formal definition of how such a network can be



Fig. 2. Example of physical node joining several clusters as logical nodes.
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created. Pouwelse et al. [24] propose a social P2P network
in which communities are built based on similar interests
of peers. In order to locate content, they use an algorithm
called Buddycast that uses a flooding algorithm to share
preferences with other peers. Our approach places users
into semantically-related clusters according to the re-
sources they share in the network.

Voulgaris et al. [40] propose a proactive gossip-based
management network that uses a semantic proximity
function to define the semantically closest neighbors of a
node. Nodes try periodically to find new neighbors that im-
prove this function in order to increase the similarity be-
tween nodes. Koloniari and Pitoura [19] follow a similar
approach based on selecting clusters depending on the rate
of successful queries. Nodes analyze the recall obtained
from previous queries and decide which clusters are more
suitable using a selfish or an altruistic relocation strategy.
Lodi et al. [23] present a strategy that permits nodes to
choose among several SONs using a semantic similarity
function. We share with these solutions the target to
dynamically increase the similarity among neighbors.
However AP2P permits a node to belong simultaneously
to several clusters and we propose a dynamic reorganiza-
tion at both node and cluster level.

4. System architecture

This section describes the AP2P system architecture,
which builds on the general architecture [1] for overlay
networks depicted in Fig. 1. The P2P layer offers basic
interconnection services at clusters level such as joining
or leaving a cluster and overlay maintenance. The semantic
layer provides the management of content-based informa-
tion and offers high level services to the applications such
as strategic node joins, efficient content-based searches.

4.1. Concepts and formal definitions

The AP2P network interconnects nodes in a ring topol-
ogy in a similar manner as other overlays, such as Chord
[35] or Pastry [30]. However, there are two main depar-
tures from the Chord and Pastry approaches. First, like in
CAN [26] and SON [12] the presence of the nodes in the
overlay is logical, i.e. a physical node may have several
appearances at various locations of the network. Second,
our architecture provides support for clusters of nodes.
Consequently, a physical node may have several logical
presences in different clusters. For example, Fig. 2 shows
a ring with three clusters C3, C5 and C9, corresponding to
Music, Movies and Games categories. The clusters may
Fig. 1. AP2P architecture layers.
share physical nodes, e.g. node n1 participates in all three
clusters.

A physical node represents a user contributing a collec-
tion of resources in the network. Any physical node joining
AP2P is assigned a unique identifier nj, where j = 0,
1, . . ., (N � 1), and N is the number of physical nodes in
the network. Each node has a node identifier that is com-
puted as in Chord, by hashing the IP address of the node.

A resource is a persistent object characterized by a set
of attributes, including a unique identifier. Unlike in
Chord, the resource identifier space is different from the
peer identifier space. A resource identifier does not dic-
tate on which node the resource will be placed. Each re-
source can be classified in one or several categories
(e.g., Music, Movies, etc.). A user can share resources clas-
sified in various categories. AP2P leverages this classifica-
tion for computing the degree of interest of a certain user
in a cluster. Based on this information, peers self-organize
into clusters by joining or leaving different parts of the
overlay. A cluster is denoted by Ck, where k = 0,1, . . .,
(c � 1) and c is the total number of clusters. The purpose
of introducing a cluster organization of nodes is twofold.
First, we want to increase locality of related content in
the same cluster. Second, we want to leverage this con-
tent locality in the search process to reduce latency, and
improve recall without increasing the number of
messages.

In the general case, one node shares resources classified
in different semantic categories, e.g. Music and Movies. In
order to address this scenario, a physical node may join
several clusters as a logical node. A logical node represents
the presence of a physical node inside a cluster. AP2P log-
ical node identifier is denoted by nkj, whose value is the
concatenation of cluster identifier and node identifier:
nkj = [Ckjnj]. Fig. 2 shows several physical nodes in the
semantic layer. Physical nodes n1, n27 and n42 join different
clusters as logical nodes in the P2P layer. For instance, n1 is
interested in music, movies and games, thus joins clusters:
C3, C5 and C9 with logical nodes n3,1, n5,1 and n9,1,
respectively.

The number of resources of a node nj classified in the
category associated to cluster k is denoted by rkj. Conse-
quently, a cluster Ck can be formally defined as:
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Ck ¼ fnkjjnj is a physical node sharing rkj resources;
where rkj > 0 and the node meets
membership conditionsg: ð1Þ

AP2P network can be defined as the union of all
clusters:

AP2P ¼
[c�1

k¼0

Ck: ð2Þ

The definition of a node identifier as a concatenation of
cluster and physical node identifiers implies that each
cluster is a segment of the AP2P ring. According to the pre-
vious definition, we can model the YouTube content net-
work as YouTube = {C0, . . .,C14} = {Music,Entertainment, . . .,
Comedy}.

Each physical node joins at least one cluster, called pri-
mary cluster. The primary cluster pj of a node nj corre-
sponds to the category in which the highest number of
node resources are classified. Formally, the index of the
primary cluster can be calculated as:

pj ¼ t such that rtj ¼max
c�1

k¼0
ðrkjÞ; ð3Þ

where rkj is the number of resources of node nj classified to
the category associated to cluster Ck and c is the number of
clusters. A physical node may join additional clusters,
called secondary clusters, depending on absolute and rela-
tive thresholds, as it will be explained in Section 4.3.1.

Each logical node maintains one finger table of size
2 �m, where m is the number of table entries. The entry
i in the finger table points to the logical node at distance
2i in both clockwise and counterclockwise directions,
where distance is the path length between two nodes fol-
lowing exclusively ring edges. Unlike in Chord where the
ith entry in the finger table of node with identifier n points
to the first node that succeeds n + 2i, in AP2P the ith entry
points to the logical node at distance 2i. Fig. 3 shows an
example of a clockwise finger table with four entries.

AP2P clusters are mapped on the ring topology in an or-
der that is decided based on content locality (more details
about cluster ordering on the ring are given in Section
4.3.4). Each node keeps the order of cluster placement on
the ring in a cluster placement order table, which is updated
each time a new cluster ordering is computed. This table is
2° n3,15

n3,20

n4,17

n5,89

21

22

23

Offset Right

Fig. 3. Example of a finger table with four entries. Entry i in the finger
table points to the node at distance 2i. Note that fingers are cluster-
agnostic. For instance, the last finger of node n3,4 from cluster C3 points to
a node in cluster C5.
used in the locate operation for identifying the cluster, as
described in Section 4.2.

One goal of our architecture is to achieve high locality
for related resources. In a real world scenario a node may
share resources classified in different categories, given that
a user may have different interests. The affinity matrix
approximates the level of interest sharing among all pairs
of clusters in the network and therefore, the probability
that a user from a cluster may share content classified in
the category of an other cluster. This global approximation
of the network content can be used to dynamically adapt
its configuration to maximize the content locality. More
formally, the affinity matrix (A) is a square (c � 1) � (c � 1)
matrix of the form:
A ¼

a00 . . . a0ðc�1Þ

..

. . .
. ..

.

aðc�1Þ0 . . . aðc�1Þðc�1Þ

2
664

3
775;
where each element akt is computed as:
akt ¼
Rkt þ RtkPc�1

s¼0ðRks þ RskÞ
; ð4Þ
where Rkt is the number of resources accessible through
cluster Ck and classified in the category of cluster Ct.
The akt values represent the sum of the resources stored
by the nodes with primary cluster Ck and classified in
the category of cluster Ct and the resources stored in
nodes with primary cluster Ct and classified in the cate-
gory of cluster Ck divided by the total number of re-
sources accessible on cluster Ck. The affinity matrix is
used to determine the placement of the clusters in the
overlay: affine clusters should be placed near each other
in order to improve cross-cluster locality. This algorithm
is described in Section 4.3.4. Placing clusters with affine
content close to each other is an heuristic to minimize
the distance between them. Searches from one cluster
to another are with high probability targeted to affine
clusters; in this situation the latency to locate the target
cluster is reduced.

The affinity matrix is not an exact value of the system
state, but an approximation. Our solution is similar to the
one used in [13] and employs agents, which traverse the
whole overlay in order to compute Rkt values and to dis-
tribute them. The agents are spawned periodically from
nodes bordering the clusters in clockwise directions. Each
agent travels using the successor links and sum up the con-
tribution of each node to all clusters (Rkt) values. These val-
ues are an approximation, as nodes may leave and join the
network, while the agent traverses the overlay. In the sec-
ond pass, the agent distributes the Rkt values to all nodes,
which can compute the new affinity matrix. New nodes
joining the overlay receive the current affinity matrix from
their neighbors. The period between launches of new
agents to recalculate the affinity matrix should be adapted
based on the success rate of agents. This problem is outside
the scope of this paper and it is the subject of future work.
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4.2. P2P layer

The P2P layer depicted in Fig. 1 provides mechanisms
for the construction and maintenance of the P2P overlay
network. This layer is not semantics-aware. The main oper-
ations of the P2P layer are:

� cluster_join(nkj,ni) receives as parameters a logical node
nkj and an arbitrary physical node ni and attaches the
physical node nj to the cluster Ck through the interme-
diation of ni. Subsequently, the successor and predeces-
sor nodes are informed and the Chord-like stabilize
method is called in order to update the corresponding
finger tables. This operation is called by the upper con-
tent-aware join operation after deciding the primary
and secondary clusters of a physical node.
� cluster_leave(nkj) receives as parameter a logical node

nkj and removes the physical node nj from the cluster
Ck. When leaving, the successor and predecessor nodes
are informed and the Chord-like stabilize function is
called in order to update the finger tables of all involved
nodes.
� cluster_locate(Ck) locates and returns an arbitrary node

from the cluster Ck. This operation works similarly to
the key retrieve algorithm from Chord. The invoking
node looks at its finger table for an entry from the target
cluster. If the node does not find the target cluster, the
locate operation consults the cluster placement order
table and delegates the locate operation to a logical
node closer to the target cluster. This operation is used
by join and stabilize operations from P2P layer and the
search operation from the semantic layer.
� cluster_reorder(C0,C1,C2 , . . .,Cc�1) is called by the upper

layer for changing the order of cluster placement on
the overlay. The parameter is an ordered list of clusters.
If the parameter order is different from the current
order, each involved cluster is cut from the present
location and reinserted in the new location. This is an
expensive operation, as it may involve a substantial sta-
bilization process. However, it is not expected to be
invoked frequently, as cluster cross-locality evolves
slowly, given that the interests of users do not change
fast. Additionally, when a new placement is necessary,
it likely involves a small number of cluster reorderings.
� stabilize() is similar to the method with the same name

from Chord: brings the finger table of invoking nodes to
a coherent state, i.e. the entries point clockwise and
counterclockwise to 2i hops away.

4.3. Semantic layer

The semantic layer contains operations that leverage
collaborative classifications in order to improve content
locality via a self-configuring topology.

4.3.1. Node join
The sem_join(nj,ni) operation connects the physical

node nj to the network through the intermediation of an
arbitrary physical node ni, as described in Algorithm 1.
First, nj contacts a known node ni and receives the affinity
matrix A. Second, the node computes and joins its primary
cluster. Finally, the node joins its secondary clusters. The
intuition behind the algorithm for choosing secondary
clusters can be summarized as follows: a node is replicated
in secondary clusters only if it stores enough resources
classified in the category of the secondary clusters. The
number of such resources should be larger than an abso-
lute and a relative thresholds. Both thresholds are neces-
sary in order to avoid nodes with a negligible amount of
relevant resources from joining secondary clusters,
increasing the overhead with practically no benefit. The
absolute threshold is computed as the multiplication of
an absolute factor of logical node presence (a) and an esti-
mation of the total number of resources classified to the
category corresponding to cluster Ck, denoted Tk. The rela-
tive threshold is given by the affinity matrix values (akt)
multiplied by a relative factor of logical node presence
(b). Both a and b values are network wide constant param-
eters and can be chosen empirically based on application
requirements.

Algorithm 1. sem_join (nj, ni)

Request and receive affinity matrix A from ni

pj ¼ t such that rtj ¼maxc�1
k¼0ðrkjÞ/* Eq. (3) */

cluster_join (npjj,ni)/* Join the primary cluster */
for k 2 {0,1, . . .,c � 1} do

/* Tk: total number of resources classified in the
category of cluster Ck */

Tk ¼
Pc�1

s¼0 Rks

if rjk > a � Tk then
/* rjk documents stored in the node nj and

classified to the category of cluster Ck */

ratio rjk=
Pc�1

t¼0 rtk

if ratio > b � apk then
/* Join secondary clusters */
cluster_join(nkj, ni)

end if
end if

end for

4.3.2. Resource insertion
The sem_insert(resource) function adds a resource to the

local library of a physical node. Given that the physical
node can have several points of logical presence in the
P2P network, the inserted resource becomes visible in
the primary and all secondary clusters. Before insertion, a
resource must be classified in at least one category.

The insertion of resources may cause changes in the rel-
ative contribution of a node to different clusters. The node
decides autonomously to join a new secondary cluster, to
leave a secondary cluster or to choose a different primary
cluster, by using the same procedure described in Algo-
rithm 1.

4.3.3. Resource search
The sem_search(searchterms, Ck) operation (Algorithm

2) receives a set of terms and the cluster where the re-
sources are supposed to be. The set of terms can contain
wildcards, exact filenames, etc. The search consists of
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two phases. First, a node initiates the search, using the P2P
layer operation cluster_locate to find any node in the target
cluster Ck. Second, a parallel flooding algorithm is used in
the target cluster Ck in order to locate the nodes that store
the searched resources.

Algorithm 2. sem_search(searchterms, Ck)

/* Locate the target cluster */
nkj cluster_locate(Ck)
/* Initiate parallel flooding */
r 0
while r < max_relaunches and insufficient results

returned do
flooding(nkj,searchterms)
nkj last node of the previous flooding
r r + 1

end while

Fig. 4 shows a simplified search operation in five steps.
In step 1 node n9,10 invokes cluster_locate for finding a node
in cluster C5. A pointer to node n5,6 is found in cluster C1

and is returned to n9,10 in step 2. In step 3, n9,10 contacts
n5,6 which starts the flooding search (step 4). Finally, the
nodes with matching resources answer directly to the
source node n9,10 (step 5).
(a) Node n9,10 locates a node (n5,6) in cluster C5 using
cluster locate operation. The cluster locate identifies in the fin-
ger table of node n9,10 a node in a cluster closer to destination
according to the cluster order table. The operation is repeated in
subsequent nodes until cluster C5 is reached.

(b) Node n5,6 starts flooding search in cluster C5. Those nodes
having the requested resource reply to n9,10. In case the flooding
is not successful, the negative answer is returned by the last node
reached by flooding.

Fig. 4. Different phases involved in the search process.
Unstructured P2P systems such as Gnutella [28], use
flooding for content location. One of the main disadvan-
tages of Gnutella flooding is the generated redundant com-
munication, which reduces the scalability of the system. In
this paper we propose a parallel flooding algorithm based
on recursive doubling strategy. We define the flooding
horizon (FH) as the maximum distance from the source
to the farthest node reached by a flooding message. In
our algorithm, at step i, all the peers that have received a
search message forward it in parallel to peers at distance
2i. Therefore, the flooding horizon is reached in log2FH par-
allel steps. Each node that receives a search message and
has a match replies to the source. Negative responses are
reported to the source only from the nodes reaching the
boundary of the flooding horizon. The source can subse-
quently decide to relaunch the search beyond the current
flooding horizon in order to locate more replicas.

Fig. 5 shows an example of a flooding search for FH = 8.
For clarity, the figure does not show replies from visited
nodes. In the initial step (Fig. 5(a)) node 0 sends a message
to node 1 (finger table entry 0th). In step 1 (Fig. 5(b)), 0 and
1 send messages in parallel to nodes 2 and 3 (finger table
entry 1). In step 2 (Fig. 5(c)) nodes 0, 1, 2 and 3 send mes-
sages in parallel to 4, 5, 6 and 7 (finger table entry 2).
Nodes 4, 5, 6 and 7 reach the flooding horizon and the
search is stopped. This flooding generates no redundant
messages, visiting seven nodes and requiring seven
messages.

For reaching the flooding horizon, the flooding algo-
rithm needs s = log2FH steps and generates
1 + 2 + 22 + � � � + 2s�1 = FH � 1 requests followed either by
a maximum number of FH � 1 replies or FH/2 negative
acknowledgements. Therefore, assuming that FH > 1, the
upper bound on number of messages involved in the
search can be calculated in the following way:

Nmax ¼ FH � 1þmax FH � 1;
FH
2

� �
¼ 2� FH � 2: ð5Þ

Given that the search is started simultaneously clock-
wise and counterclockwise, the upper bound is 4 � FH � 4.
Eq. (6) gives the total number of messages generated in the
worst case for AP2P. We assume a limited FH, therefore
relaunching searches is needed to cover the whole cluster.
(a) Flooding step 0

(b) Flooding step 1

(c) Flooding step 2

Fig. 5. Example of a flooding search with FH = 8 on eight neighbors on the
ring. In step i the current node communicates with a node at distance 2i.
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msgAP2P ¼ effective msg þ relaunch msg ¼ jCkj þ
jCkj
FH

: ð6Þ
Fig. 6. Example of affinity matrix for five clusters.
4.3.4. Cluster reordering
AP2P self-organizes the placement of the clusters on the

ring topology in order to improve the inter-cluster locality.
The reorganization of clusters is infrequent, as it is not
likely that the interests of users change very quickly. The
function sem_reorder() is automatically invoked by any
node of the system at regular intervals in order to check
if cluster reorderings may improve locality and to effec-
tively perform the reordering.

Algorithm 3. sem_reorder()

/* Greedy */
cluster_order_table greedy_order (A)
/* Reorder clusters */
cluster_reorder(cluster_order_table)

The reorder operation consists of two steps. In the first
step, the greedy algorithm described below is used for
computing a new cluster placement order table. The sec-
ond step reorders the clusters based on the result of the
greedy algorithm.

The greedy algorithm (Algorithm 4) works as follows.
First, it computes the maximum non-diagonal element of
the affinity matrix arow,col. The row and col values are used
for placing the first cluster Crow and the second cluster Ccol

to the right of Crow. Second, the value of the column col be-
comes the new row; the next cluster is decided by choosing
the maximum value of the affinity matrix on the row, given
that the column does not correspond to a cluster, which
has already been chosen. The second step of the Algorithm
4 is repeated until all the clusters are placed. We call this
algorithm GREEDY-MAX, as it greedily targets to maximize
the total affinity as a sum of affinities of all pairs of
neighbors.

Algorithm 4. greedy_order(A)

for k 0 to c � 1 do
cluster_order_table[k] not_assigned

end for
(row, col) (k,t) such that akt = maxaij, where

0 6 i,j < c and i – j
cluster_order_table[0] row
for k 1 to c � 1 do

cluster_order_table[k] col
row col
col j such that arow,col = maxarow,j, where 0 6 j < c
and j R cluster_order_table[h] for h = 0,1, . . .,k

end for
return cluster_order_table

For instance, for the affinity matrix in Fig. 6, the GREE-
DY-MAX algorithm returns the following cluster order: 0,
3, 1, 4, 2. The total affinity is 0.25 + 0.20 + 0.20 +
0.15 + 0.15 = 0.95. If we apply the same greedy algorithm,
but choose the minimum affinity between pairs of clusters
(GREEDY-MIN), a possible cluster order is 3, 4, 2, 0, 1 with a
total affinity of 0.75, representing 78% of the total affinity
returned by GREEDY-MAX.

Finally, in the second step of the reordering algorithm
(Algorithm 3), the solution of the GREEDY-MAX algorithm
is used in order to update the cluster placement order in
the overlay network.

As a final observation, we note that the accuracy of
affinity matrix and the placement order of the clusters on
the ring do not affect the correctness of the search, but only
its performance in terms of latency reaching the target
cluster. Therefore, the update of the affinity matrix and
the reorder frequency can be relaxed, trading off reorgani-
zation overhead for search efficiency.

4.3.5. Other operations
Apart from the operations previously described, there

are other two operations worth mentioning: sem_leave(nj)
and sem_remove(resource_id). The sem_leave(nj) operation
disconnects the logical node from the primary and second-
ary clusters by using cluster_leave operation. The sem_re-
move(resource_id) operation removes the resource
identified by resource_id from the node. As in the case of in-
sert, this operation may cause a node to change its primary
cluster, or to leave or join secondary clusters.
5. Experimental results

This section contains the evaluation of AP2P system and
it is organized as follows. In Section 5.1 we present the meth-
odology used for data collection and a workload character-
ization. Section 5.2 describes the evaluation setup. Section
5.3 provides an evaluation of the small-world properties of
AP2P. In Section 5.4 we evaluate the benefits of cluster reor-
dering in terms of latency and recall. In Section 5.5 we inves-
tigate how different data replica distributions affect latency.
Finally, in Section 5.6 we evaluate AP2P scalability for differ-
ent network sizes and replication distributions.

5.1. Workload characterization

Our YouTube traces are based on the traces collected in
[39], that contain information about YouTube traffic cap-
tured from June 2007 to March 2008 on a campus network.
Using the video identifiers and the YouTube public API
[42], we collect information about the user who uploaded
each video, and all the videos uploaded by that user until
June 2008. We also extract the number of views per video
and the category of each video. The videos appearing in
[39] but not available at the moment of harvesting were
discarded. The obtained traces contain 23,076 users shar-
ing a total of 952,718 distinct videos.
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(a) Distribution of videos per category. For instance, 37% of 
videos from the trace are classified in the music category.
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(b) Classification of nodes based on their maximum contribution.
For instance, 20% of the node have the majority of their videos
classified in the Entertainment category.

Fig. 8. Distribution of users and videos according to YouTube categories.
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Fig. 9. Number of categories a user is interested in. For instance, 15% of
the users have videos classified only in one category.
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Fig. 7 shows the video popularity distribution of the
YouTube trace. First we note that this distribution is simi-
lar to those obtained in other studies [6–8]. From our trace,
only 0.08% of the videos have more than a million views,
and 50% of the videos have less than 2300 views. The Zipf
distribution overestimates the number of views for 98% of
the videos and underestimates the 2%. This situation is also
discussed in [8], where the authors note that the Zipf dis-
tribution does not predict the existence of many popular
videos. Additionally, we observe that the top 2% most pop-
ular videos aggregate 35,603 million views, which repre-
sent 70% of the total number of views.

In our YouTube trace each video was classified by the
user who uploaded it into exactly one of 15 video catego-
ries. Fig. 8(a) shows the percentage of videos classified in
each category. Videos classified in Music and Entertainment
represent more than 50% of the sample. Other categories
such as Education, Gaming or Nonprofits and Activism have
a small representation. These values confirm the recrea-
tional character of YouTube. Recent studies [7,14] also ob-
tain a similar distribution of videos per category.

Fig. 8(b) shows the primary cluster distribution calcu-
lated for the YouTube trace. We note that the distribution
of videos per category does not directly correspond to the
distribution of primary clusters: e.g., music videos repre-
sents 37% of the videos in the system, but only 18% of
the users joined Music as their primary cluster. This phe-
nomenon corresponds to the fact that the Music videos
are popular to the large majority of users, including users
having their primary interests in other clusters.

Users interests are determined by the number of cate-
gories they are interested in. Fig. 9 shows the percentage
of nodes that share videos in one or more categories. We
notice that most users are interested in more than three
categories, with an average of 3.3. Interest in more than
five categories is unusual, whereas users interested in just
one category represent 15% of the total.
5.2. Experimental setup

Simulated networks are composed of different numbers
of physical nodes, which additionally join the network as
logical nodes according to the procedure explained in Sec-
tion 4.3.1.

We have implemented a multi-threaded discrete event
simulator in Java. The simulator uses the YouTube trace for
constructing the P2P network. Each AP2P physical node
corresponds in our experiments to a YouTube user. The



Table 2
Parameter values used in the experiments.
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simulations were performed on two Sun SPARC Enterprise
T1000 with 8 GB of RAM and eight multi-threaded cores.

Three common metrics are used in this evaluation: rate
of successful searches, latency and recall. The rate of suc-
cessful searches measures the ratio of searches returning
at least one resource. Latency is defined as the number of
hops until the first replica of a resource is encountered. La-
tency results are presented in the paper as Cumulative Dis-
tribution Functions (CDF). Recall is the number of replicas
returned by the search divided by the total number of rep-
licas in the network.

The flooding horizon value was FH = 64, i.e. six entries
from the finger table were utilized. The search was per-
formed with no relaunches in clockwise and counterclock-
wise directions in parallel over the ring topology. The
number of logical nodes appearing in the simulations are
controlled by two parameters a and b used in the join
operation (Algorithm 1). The absolute threshold was a = 0
and the relative threshold b = 0.5.

The construction of the simulated network consists of
the following steps. First, n users and their shared re-
sources are read from the trace. Each user corresponds to
a new physical node. Second, each video is replicated on
the physical nodes according to its popularity shown in
Fig. 7. The nodes on which replicas are placed are chosen
randomly with a uniform distribution from the nodes al-
ready sharing resources in the same category as the candi-
date video. The number of replicas is proportional to the
video popularity as depicted in Fig. 10 for the three replica
distributions used for evaluation: rd1, rd2 and rd3. The
shape of these distributions is similar to the popularity dis-
tribution depending on the video age showed in [6]. Third,
the affinity matrix is computed according to Eq. (4). Fourth,
the physical nodes are inserted one by one as logical nodes
in the AP2P network by calling Algorithm 1. Fifth, the affin-
ity matrix is updated to reflect the new network state.

For each simulation described in this paper 100,000
search events are generated. The number of generated
search events for a particular video is proportional to the
popularity (the number of views). The origin node of the
search is chosen randomly with a uniform distribution.
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Fig. 10. The three replica distributions used in the simulation. Each video
is replicated over nodes storing videos from the same category with the
probability shown on the y-axis.
Table 2 shows a summary of parameter values used in
the experiments.
5.3. Small-world analysis

This section presents a small-world analysis of AP2P
network. This analysis targets to highlight network charac-
teristics related to the potential efficiency of content look-
up both at local level (AP2P cluster) and global level (AP2P
network). Locally, a small world with a low average path
length inside a cluster will indicate that a flooding is likely
to reach all nodes storing relevant content in an efficient
way. Globally, the small-world property will suggest that
cluster lookup is likely to be quickly directed to the target
cluster.

A small world is defined in [41] based on two metrics:
clustering coefficient (c) and characteristic path length
(L). The clustering coefficient represents the probability that
the neighbors of a vertex are connected. It is calculated as
the average of the number of connections among the
neighbors of all vertices of a graph. The characteristic path
length is the mean of the path lengths between all pairs
of vertices of a graph. A graph is a small world if, compared
with a random graph with the same number of vertices
and edges, it has roughly the same characteristic path
length and a significantly larger clustering coefficient.

Previous studies [18,36,41] demonstrate that Gnutella
and many real networks (e.g., actors, power grid and C. Ele-
gans) exhibit small-world properties. Table 3 shows c and L
computed in these studies along with the values for AP2P
logical and physical networks corresponding to the work-
load described in the previous subsection. We note that
the characteristic path length for AP2Plogical network is
14.06 which is roughly log(n), corresponding to the charac-
teristic path length of a Chord-like ring. However, in AP2P
each physical node has several logical presences in the net-
work. The c and L values for the AP2Pphysical show that AP2P
Parameter Values

Physical network size 3000–5000 nodes
Logical network size 8897–14,718 nodes
Number of clusters (c) 15
Finger table size (m) 6
a 0
b 0–1

Table 3
Comparison of clustering coefficient and characteristic path length for
various real networks.

L Lrandom c crandom

AP2Plogical 14.06 3.57 0.16 0.003
AP2Pphysical 2.57 2.48 0.15 0.0262
Gnutella 0.6 [36] 4.17–4.23 3.75 0.018 0.00038
Gnutella 0.4 [18] 3.30–4.42 3.66 0.02 0.002
MovieActors [41] 3.65 2.99 0.79 0.00027
PowerGrid [41] 18.7 12.4 0.08 0.005
C. Elegans [41] 2.65 2.25 0.28 0.05
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satisfies the small-world conditions. This fact shows that
by using logical nodes, two physical nodes can be con-
nected with less hops acting like shortcuts.

AP2P is structured as a collection of interconnected
clusters. In order to investigate the local characteristics of
each cluster, we computed the values for local characteris-
tic path length of a cluster Llocal and clustering coefficient of
a cluster clocal. This approach was inspired by the Watts’
model [41] used for analyzing the local and global length
scale of a small-world graph. Fig. 11 shows the values for
clocal, Llocal and the number of logical nodes of each cluster.
The clustering coefficients of all clusters are between 0.16
and 0.26. Nevertheless, the clustering coefficients of popu-
lar clusters are within a small range, i.e. 0.16 and 0.18 and
do not appear to depend on the cluster size; for instance,
the difference between sizes of clusters Music and Auto
and Vehicles is one order of magnitude. Llocal values appear
to depend on the cluster size. Fig. 12 shows that this
dependence is sublogarithmic. These characteristics show
that the content is highly clustered inside each AP2P clus-
ter with a low average path among nodes. Consequently,
the flooding inside each cluster is highly probable to reach
relevant content with a low latency (number of hops).
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Fig. 11. clocal, Llocal and cluster size for AP2Plogical.
5.4. Cluster placement sensitivity analysis

In this subsection, we evaluate the benefits that can be
achieved from a proper order of cluster placement on the
AP2P ring. A good order translates into a high-content
locality across clusters. For the evaluation we have com-
puted two possible orders by applying the GREEDY-MAX
and GREEDY-MIN algorithms on the same network.

Fig. 13 compares search latency and recall for 4000
nodes. We note that the order produced by GREEDY-MAX
results in significant improvements in both latency and re-
call. In terms of latency, for GREEDY-MAX order more than
80% of the searches return the first replica in 40 hops. For
the same number of hops GREEDY-MIN order finds the first
replica only for less than 20% of the searches. The recall
scales almost linearly with the number of messages for
both orders. However, for GREEDY-MAX the slope is signif-
icantly greater. For instance, for 300 messages the recall is
almost 17% for GREEDY-MAX and approximately 6% for
GREEDY-MIN. GREEDY-MAX and GREEDY-MIN can be seen
as an approximation of the upper bound and a lower
bound on a spectrum of different possible cluster orders.
The locality of content is improved by GREEDY-MAX, as af-
fine clusters are placed near each other.
5.5. Effect of replication

In this subsection, we present an evaluation of the effect
of replication on the search latency. We have used the
three replication distributions introduced in Section 5.1
for a network composed of 4000 physical nodes after
applying GREEDY-MAX reordering algorithm. Fig. 14
shows the latency results obtained from simulations.

We note that a higher replication implies a lower la-
tency. For instance, for rd1 more than 95% of the searches
find the first replica in at most 20 hops. For comparison,
in the same number of hops 65% and 40% of the searches
return the first result for rd2 and rd3, respectively.
5.6. Sensitivity to network size

In this section, we evaluate the sensitivity of latency
and recall to the AP2P network size. Fig. 15(a) and (b) show
the results when the network size increases from 3000 to
5000 physical nodes, while maintaining unchanged all
the other parameters. The replication distribution used in
this experiment was rd2. The sizes of AP2P network in
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Fig. 13. Comparisons of GREEDY-MIN and GREEDY-MAX algorithms in a
4000 nodes network using replica distribution rd2.

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40  60  80  100  120

C
um

ul
at

iv
e 

D
is

tri
bu

tio
n 

Fu
nc

tio
n

Hops

rd1
rd2
rd3

Fig. 14. Latency comparison for a 4000 nodes network using different
replica distributions.
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Fig. 15. Evaluation of scalability for different network sizes using replica
distribution rd2.
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terms of logical nodes were 8897, 11,732 and 14,718, for
3000, 4000 and 5000 physical nodes, respectively.

It can be noticed that the variation of both latency and
recall are small, when increasing the number of nodes by
66% (from 3000 to 5000 physical nodes). For instance, in
numerical terms, for 20 hops, 17% more searches return
the first replica for 3000 nodes than for 5000 nodes.
The recall (Fig. 15(b)) also decreases with the increase
in the number of nodes. These results are intuitive, as the
distance between replicas is expected to increase with
the number of nodes and the FH is unmodified. Recall
can be improved by increasing the FH as a function of
the network size. AP2P recall results are good compared
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with other solutions. For example, the efficient search
algorithm from [17] shows a recall value of 14% for a
5000 nodes network, whereas AP2P obtains a recall value
of 16%.

Table 4 shows a comparison of the search success rate
for different network configurations. As expected, the suc-
cess rate increases with the degree of replication. The suc-
cess rate decreases slowly with the number of nodes
showing good scalability with network size. For instance,
increasing by 66% the number of physical nodes (from
3000 to 5000), the success rate is reduced by 0.5%, 2.7%,
and 11.2% for the three replication distributions. It can also
be noticed that the decreasing of the success rate is slower
for higher degrees of replication. However, in our simula-
tions the flooding horizon (FH) was kept constant at 64.
The success rate directly depends on FH and, it can be in-
creased by choosing a higher FH.
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Fig. 16. Locality evaluation of AP2P network.
5.7. Locality evaluation

In this section, we present a study of impact of physical
network size and relative factor of logical nodes presence
(b) on the average inter-node affinity.

In order to estimate the global locality we compute the
average inter-node affinity for all the connected peers in
AP2P and Chord. For each node n, we compute the vector
v of size k, where vk is the percentage of resources of node
n in classified in the category of cluster Ck. Given two nodes
n1 and n2 with vectors u and v, we define inter-node affin-
ity as MAX(MIN(ui,vi))"i 2 {0,1, . . .,c � 1}. Intuitively, MIN
operation computes the taste overlap per category for
two users, while MAX computes the category with highest
taste overlap. For instance, the inter-node locality is 1 for
two nodes storing resources only in Music category, and
0 if one node stores exclusively resources classified in Mu-
sic and another one exclusively resources classified in
Movies.

In order to compare Chord and AP2P locality we build a
Chord network with the same number of physical nodes as
AP2P and with the same finger table size and insert the
same documents in the network. We then compute aver-
age inter-node affinity for both Chord and AP2P networks.

Fig. 16 plots (a) the average inter-node affinity and (b)
logical node size for physical network size ranging from
3000 to 5000 nodes and for b from Algorithm 1 ranging
from 0 to 1. If b = 0 a node is added to secondary clusters
if it has at least one resource in that cluster. This value is
expected to reduce the affinity and to increase the logical
network size. If b = 1 a node is added to secondary clusters
if the number of its resources classified in that cluster is
Table 4
Rate of successful searches for different number of nodes and different
replica distributions.

Number of nodes

3000 4000 5000

Replica distribution rd1 0.9968 0.9884 0.9910
rd2 0.9783 0.9553 0.9520
rd3 0.9134 0.8624 0.8014
larger than the affinity between node’s primary cluster
and target cluster. This value is expected to increase global
affinity and decrease logical network size (as nodes are
added to secondary clusters selectively based on a high
affinity). The value of a was fixed to 0, meaning that a node
is considered to be added in secondary clusters based only
on the relative number of resources classified in the
respective category.

The average inter-node affinity for Chord represents
less than half of the minimum value for AP2P and less than
a third of the maximum value. As expected, the highest
locality is obtained in all cases for b = 1, that is when sec-
ondary clusters are joined selectively. In this case the affin-
ity in each cluster is increased, minimizing the probability
of finding less affine resources. When decreasing b, the glo-
bal locality decreases, the logical network size increases
(Fig. 16(b)), while the probability of finding resources with
the lower degree of affinity faster increases.
6. Conclusions and future work

The recent huge increase of popularity of collaborative
user-generated content sites has exposed the scalability
limitations of server-based systems, especially due to the
high Internet traffic. One of the challenges of distributing
shared data from server-based systems to scalable P2P net-
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works is the preservation of content locality in order to
achieve efficiency of searches for related content. In this
paper we have presented AP2P, a cluster-based locality-
aware self-organizing peer-to-peer network that leverages
collaborative classifications in order to self-organize for a
higher content locality. AP2P self organizes at two levels:
node and cluster level. Each node may decide autono-
mously to join or leave clusters based on the own compo-
sition of content or interests. Clusters may change their
positions in order to achieve a high inter-cluster locality.

Based on analytical and experimental results, our paper
makes the following claims. AP2P shows small-world char-
acteristics, and, therefore, facilitates the localization of
content. By joining the network at different points as logi-
cal nodes, physical nodes offer high content locality in dif-
ferent clusters, substantially improving the search
performance. Additionally, the dynamic reorganization at
cluster level provides an improvement in both search la-
tency and recall. We also demonstrate empirically that
replication of content according to popularity may be lev-
eraged for achieving a lower latency with a relative small
amount of replication. Finally, we show that the search la-
tency, recall and rate of success scale smoothly with the
number of nodes.

Several future research lines open up from this work.
The search complexity in AP2P is logarithmic in number
of clusters. As new nodes join the network, this complexity
can be maintained by proportionally adapting the number
of clusters. We plan to study this aspect in more detail in
future work. We plan to evaluate alternative topologies
that may further improve the locality of content. This goal
makes necessary the construction of new linear optimiza-
tion algorithms for cluster placement, alternative to the
ring-based greedy algorithm proposed in this paper.
Regarding the a and b parameters that determine which
nodes join a cluster, we plan to further investigate which
are the optimal values based on different aspects of the
application scenario: number of users, number of docu-
ments, expected join rate, etc. Finally, we aim to support
and optimize multi-attribute multi-range queries based
on the self-organization of content at both node and clus-
ter level.
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