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Abstract—Estimating latency between the hosts in the Internet
can play a significant role in the improvement of the performance
of many services that use latency among hosts to make routing
decisions. A popular example is peer to peer networks that need
to build an overlay between peers in a way that minimizes the
message exchange delay among the peers. Acquisition of latency
information requires a considerable amount of measurements to
be performed at each node in order for that node to keep a
record of its latency to all the other nodes. Moreover, measured
latency values are frequently subject to change and need to be
regularly repeated in order to be updated against network
dynamics. This has motivated the use of techniques that alleviate
the need for a large number of empirical measurements, and try
to predict the entire network latency matrix using a small set of
latency measurements. Coordinate-based approaches are the
most popular solutions to this problem. The basic idea behind
coordinates based schemes is to model the latency between each
pair of nodes as the virtual distance among those nodes in a
virtual coordinate system. This article proposes a new
decentralized coordinate-based solution to the problem of
Internet delay measurement. Simulation results demonstrate that
the proposed system provides relatively accurate estimations.

Keywords- Distributed measurement, peer-to-peer networks,
virtual coordinates, Latency estimation, distributed systems,
Internet latency.

L INTRODUCTION

In the Last few years there has been a fast growing trend
towards the use of peer-to-peer based Internet services.
Therefore, peer-to-peer distributed architectures have become
the focus of countless studies. The goal of the majority of
these studies is to either improve the achieved quality of
service or to reduce the total amount of traffic that needs to be
exchanged among the peers in a P2P networks. In early peer-
to-peer networks like Gnutella[1], locating a data object was
mainly based on flooding the query that results in a high
amount of search traffic. Later, many other search algorithms

[2]-[5] were suggested to narrow down the search space and
reduce the search traffic. Distributed Hash Tables (DHTs) are
popular solutions to the P2P search problem in which the
queries are guaranteed to be answered within a limited number
of search hops. Although reducing the number of search hops
directly affects the search efficiency, minimizing the transport
latency of each hop is important as well. As each link in the
overlay layer corresponds to one or more links in the physical
layer (Internet), a short path may map to a long path in the
physical layer. Ignoring this important issue may result in a
considerable increase in communication costs and delay.
Experiments in [6] show that only 2 to 5 percent of the total
communications in a P2P network are between nodes in the
same autonomous system(AS), while more than 40% of the
nodes are within one of the main 10 ASs. This reveals the fact
that most of the exchanged messages pass across AS borders
and will therefore experience high latencies. Moreover, a large
number links should be utilized in the underlying layer which
causes more traffic in that layer. Hence, exploiting the
topological information about the relative locations of the
participating nodes can be useful in reducing the overlay
network transport latency as well as underlying network
bandwidth utilization. For example, latency information has
been used in Pastry [7] where locality-aware algorithm has
been introduced for routing queries over the network.
Although Latency information is useful to a variety of internet
applications, latency estimation over the Internet as a large-
scale network is a challenging problem due to the large
amount of measurements that needs to be performed.
Moreover, Internet is a dynamic environment where the
measurement results are needed to be constantly updated to
account for the changes.

The challenge of performing measurement over large scale
dynamic networks such as Internet has introduced a new field
in measurement research known as distributed measurement.
The idea of distributed measurement has been applied in a
number of related applications. For example, [8] proposes a



distributed digital measurement architecture for industrial
applications. [9] uses distributed measurement for power
quality calculations. A review of different solutions proposed
for One Way Delay measurement (OWD) and their pros and
cons is presented in [10], where various point-to-point
measurement techniques such as Network Time Protocol,
Global Positioning System, the IEEE 1588 Standard, and
others are discussed.

While attempts have been made to improve delay estimation
over large scale networks, the majority of existing works
suffer from problems such as fixed landmarks, unproven
convergence, or lack of locality-awareness. This has been the
motivation behind this work to design a distributed delay
estimation technique that overcomes these shortcomings and
can be used to more accurately measure node-to-node delay
across a large network. At a high level, our contributions are
twofold. First, we propose a new distributed measurement
algorithm for delay estimation which is more accurate than
existing ones, can be mathematically proven to converge, and
has a locality-aware design as requirement for many P2P
applications. Second, we propose a P2P network based on our
algorithm and show that our approach not only reduces
network query time by as much as 45%, but also can reduce
search traffic by about 5%.

This paper is organized as follows: section II discusses delay
in P2P overlays and the problem of locality-aware overlay
construction. Section III includes related works and existing
solutions to the problem. In section IV we will introduce our
approach to distributed measurement of internet latencies. In
section V we will discuss methods to improve the accuracy of
the measurements. The application of the coordinate system in
locality-aware overlay construction will be investigated in
Section VI, while Section VII will provide the results of the
experimental evaluations. Finally section VIII will include
summary and conclusion.

II.  BACKGROUND: LATENCY IN P2P OVERLAYS

The goal in locality-aware overlay construction is to establish
the logical links between peers based on their distances in the
underlying physical network. The distance between any two
nodes can be measured based on different metrics.
Considering end-to-end latency as the distance metric, peers in
a locality-aware overlay are supposed to be connected through
relatively low latency links. Without this locality-aware
overlay, there might be a situation where two close nodes, A
and B, that frequently communicate with each other are forced
to connect through an intermediate distant node C (instead of
a more appropriate node). This will result in reduced
performance. Moreover, in many real-time applications such
as video conferencing or multiuser gaming, this will also
result in violation of tolerable delay thresholds and makes the
application unusable.

In structured peer-to-peer networks, each node is assigned a
unique key in the key space that can be calculated by hashing
one of its unique properties (for example, its IP address and
port number). As Logical links between peers are established
based on their hash keys, it is possible for distant nodes to be

neighbors in the overlay. A number of works [11][12] have
addressed the issue of eliminating high delay connections or
clustering nodes based on their positions in unstructured
networks. A similar argument also exists in the context of P2P
networks, where each node should be assigned an ID that is
calculated based on its relative position to other network
nodes.

In order to discover the network topology, each peer should be
able to estimate its distance to any other peer in the network.
In large networks, this problem is quite challenging as one-to-
one distance estimation to all other nodes is a time-consuming
and impractical operation. The simplest solution to this
problem is the centralized approach where the topological
information of the whole network is gathered and maintained
in a central control server and made available to the peers.
However, the use of a central server in the system can cause a
potential bottleneck and will not scale as the size of the
network grows. Moreover, such information is not easy to
collect and update due to the large number of participating
nodes and highly dynamic underlying network conditions.
This has motivated techniques that attempt to estimate the
end-to-end latency among peers using only a small set of local
measurements. Coordinate-based approaches are among such
techniques [13]-[17]. These approaches are based on the idea
of assigning virtual coordinates to each node such that the
distance between any two nodes can be estimated as a function
of their coordinates. In this article, we propose a new
coordinate-based algorithm by extending our initial idea
published in [18] and applying it to the construction of a new
P2P network. The initial algorithms as discussed in [18] have
been elaborated and improved and also new algorithms have
been introduced which increase efficacy and accuracy of delay
measurement and positioning in P2P systems. Before getting
into detailed discussion of the algorithms, let us first take a
look at some related work in the field of coordinate-based
delay measurement.

III. RELATED WORKS

Coordinate-based approach for distance measurement was first
introduced in the GNP (Global Network Positioning) [19]
where each node calculates its coordinates in a D-dimensional
geometric coordinate space by using a small number of sample
distances. In GNP, a fixed set of nodes, called landmarks,
calculate their relative coordinates by first measuring the inter-
landmark round trip times and then seeking to minimize the
difference between geometric distances and measured
distances. After this initialization step, newly joining hosts
measure their distances to each of the landmarks and then try
to infer their geometric coordinates by minimizing the
difference between the real distances and the geometric
distances which leads to an optimization problem. In order to
improve the performance of GNP system, a virtual landmarks
algorithm was suggested in [20] which uses Principal
Component  Analysis for extracting the topological
information of the network. Similar to GNP, in virtual
landmarks algorithm, a fixed set of landmarks are exploited.



Internet Iso-bar [21] is another example that uses landmarks
for distance prediction among Internet nodes. In this system,
each host measures its distance to L fixed landmarks to form a
distance vector. A generic clustering algorithm is then applied
to cluster hosts into K groups based on a correlation distance
metric. Finally, a monitor is chosen for each cluster which
periodically measures its distance to cluster members; based
on these measurements, the distance between any pair of
nodes can be estimated.

A landmark-based approach has been similarly used in order
to construct a locality sensitive CAN (Content Addressable
Network) [22]. Each node measures its distance to each of the
m landmarks and orders the landmarks in ascending order of
distances. With m landmarls, m! ordering is possible and the
key space is partitioned into m! regions. Each incoming peer
joins the network at a random point in the region that
associates with its landmark ordering. Close nodes in the
underlying IP network are expected to have similar landmark
orderings; therefore, there is a high probability that they join
the same region. Landmarks-based topology discovery has
been addressed in many other researches as well [23][24][25].

While the above approaches demonstrate acceptable accuracy,
the use of landmarks can introduce potential bottlenecks in the
system as landmarks must be able to reply to the distance
queries from all the peers. In addition, the choice of optimal
landmark locations for accurate coordinate calculations is not
trivial and is a problem of its own. Therefore, some studies
have proposed pure distributed solutions to the problem.
Lighthouse [26] follows this strategy, where each node selects
a set of random nodes as its landmark set and forms its local
coordinate system. A transition matrix is calculated for every
local coordinate system that is used to map it to a global
coordinate system shared among all the nodes. Although this
approach alleviates the use of a fixed set of landmarks, the
calculation of the transition matrices and keeping them up to
date makes it very costly in terms of the message
communications. Practical Internet Coordinates (PIC) [24],
takes advantage of another strategy in order to avoid a fixed
landmark set. In this approach, network nodes are divided into
two categories. The first group contains the nodes that have
already calculated their coordinates and the second group
randomly takes a number of nodes from the first group as the
landmark set. Despite the simplicity of the system, error
propagation can dramatically reduce the accuracy of the
calculated positions. As every node calculates its position with
some inaccuracy, this error accumulates in the estimated
position of another node when it is used as a landmark for that
node.

In Vivaldi [27], the network is modeled as a mass-spring
system in which each node represents a mass in the model.
The measured distance between node j and node i, (d;;)) is
assumed to be the rest length of the spring that connects their
corresponding masses. Therefore, assuming the coordinates of
nodes i and j to be C; and C;, the length of their connecting
spring will bed(C; - C;) =||C; — Cj||. Vivaldi tries to
gradually minimize the energy of the system through an

iterative process. This is similar to minimizing the squared
error function in equation (1).

f(C)=ZZId(Ct—Cj)—dtj|z )

J

In Vivaldi, the coordinate calculation algorithm starts by
assigning random coordinates to each node. The difference
between d;; and d(Ci - Cj) exerts a force on nodes i and j
that causes them to move and change their coordinates
accordingly. The movement relation is the result of the spring
force between the nodes. The new coordinate of node i is
found according to relation (2) where parameter & is
adaptively calculated based on the amount of confidence of i
and j in their current positions and the unit vector u(C; — C;)
gives the direction of the force on node i.

As nodes keep updating their coordinates, their coordinates
finally converge to values that can be used for distance
prediction.

C;=Ci+8x(d;j—d(C;—C)) xu(C; — ) ®)

Pcoord [28] is also a fully decentralized coordinate system that
uses a similar coordinate estimation approach to Vivaldi.
However, it aims at improving the convergence rate of Vivaldi
by providing an enhanced message exchange protocol.
Although no mathematical proof of convergence has been
provided for Vivaldi and Pcoord, simulation results
demonstrate that both of these systems convergence to the
optimal solution within a reasonable time. However, the
general convergence proof is still an issue where cases of
trapping in local minimums are questionable. Similarly,
Pharos [29] was suggested to refine Vivaldi’s algorithm. After
analysis of the coordinates calculated using Vivaldi’s
algorithm, it was shown that there is more error in estimating
short distances. In order to alleviate this problem, it was
suggested to assign global and local coordinates (that are two
different sets) to each node. Global coordinates are computed
using the same approach as in Vivaldi. For calculating the
local coordinates, network nodes are clustered based on their
distance with respect to each other. After clustering, Vivaldi
algorithm will apply to each cluster independent of the rest of
the network and in this way the local coordinates will be
calculated. If nodes are located in the same cluster, their
distance is estimated based on their local coordinates and, if
they are not in the same cluster, global coordinates are used
for distance estimation. Although this method outperforms
Vivaldi in terms of accuracy, its major problem is that similar
to [21] a fixed set of landmarks are used for clustering the
nodes while one of the major goals of Vivaldi is to avoid a
fixed set of nodes to be used as landmarks.

Finally, in Meridian [30] each participating host is responsible
to keep track of the locations of a fixed number of peers and
organize them into concentric rings according to their
locations. For example, suppose that the host distance to peer j
is d;. j will be placed in the i" ring if and only if s~ < d; <



as® where a and s are algorithm specific parameters. Position-
based routing in Meridian is performed using physical
latencies and by utilizing the above-mentioned concentric
rings. Although this approach can be exploited for routing
queries, it is not applicable in locality-aware overlay
construction.

In this paper, we present a fully decentralized measurement
system, inspired mainly by Vivaldi, that doesn’t rely on any
infrastructure support or fixed landmarks from the underlying
network. In addition, we will introduce an optimization
technique (see section V) whose convergence can be
mathematically proven. Finally, our algorithm has a locality-
aware design which is important in P2P applications.
Simulations in section VII show that our results are more
accurate than existing techniques.

IV. DISTRIBUTED COORDINATE MEASUREMENT

In the proposed approach, coordinate estimation is performed
in two steps. First, rough initial coordinates are assigned to
each node. Then, these coordinates will be used as inputs to
the second step where they will be refined using an iterative
process.

In the proposed distributed measurement scheme, the nodes
are divided into K groups, A to Ay. The group membership is
better to be uniformly distributed all over the network.
Therefore we can choose a group number as a function of its
IP address (let’s say M = IP_address mod k) where 0, 1,...K
are assigned to groups A; to A respectively. The algorithm
runs in K phases. In the j" phase of the algorithm, each node
in group A; takes a fixed number of nodes from the group
Ai+j) mod k1 @8 its own landmark set and updates its coordinates.
Assuming the overall update interval to be KT, group A;
coordinates are updated at jT intervals where T represents the
base update period. It should be noted that the coordinates of
each group is assumed to be fixed during the update phase of
the other groups.

In equation (1), let’s partition the coordinates set, C, into K
distinct subsets A to A,. Based on function f(C) in (1), we
define f (Ai,Aj) as in (3). Note that each node must select its
landmarks from the nodes in the other groups.

f(4i4)) = ld(a; — a;) — dy|? 3)
aj€landmark set of a;

Where a; is an arbitrary member of group A; that updates
itself with respect to group j and a; represents all the nodes in
group 4; that are neighbors of node a;.
At the beginning of the n™ step, the coordinates of the nodes in
all groups are stored in vectors A} *to A}~ respectively and
the set of all the coordinates of the nodes are in vector A~ 1.
During the update phase of group A4;, all other group nodes are
assumed to have fixed positions. Group A; nodes update their
coordinates to vector A} such that:

A} = argmin, f(A"1) )

Let’s denote the landmark set of A; with L(4;). In order to
solve relation (4), each node 4; calculates AT as follows:

A} = argmin,, f(L(A)™ AT ®

Since nodes in each group select their landmarks from the
other group that are assumed to be fixed during their update
time, the solution to the minimization problem in relation (5)
can be found locally at each node. Equation (5) can be solved
by various optimization methods. Here we use the Simplex
Downhill method which is a numerical method used for
finding the local optimum of an objective function with N
variables. The method starts with forming a simplex based on
an initial guess. In N dimensional space, a simplex S is a
convex hull of N+ 1 wvertices. For example, in a 2
dimensional space, a simplex is a triangle. At each
minimization step, this simplex is updated by applying certain
transformations to it so that it "rolls downhill" until it finds a
minimum. Interested readers are referred to [31] for more
details on the algorithm. In order to apply the Simplex
Downhill method, we use the coordinates obtained from the
previous iteration as the initial solution estimation. After all
the members of group A; have performed the optimization in
relation (5), the following relation will become valid:

FAFL, LA L AT < F(AmTY) (6)

In the next step of the algorithm, group A; nodes are kept fixed
and group A;:; update their coordinates and this continues
until all groups are updated. Hence,

fA) < AT LAY AT S FUATD O

V. IMPROVING THE ROUGH INITIAL ESTIMATE

Similar to Vivaldi [27] and Pcoord [28], we also try to
minimize the square-error function in equation (1). As
mentioned before, the convergence of these systems has been
demonstrated by means of simulation rather than being
theoretically proven. This is in fact one of the shortcoming of
these approaches. In order to overcome this issue, we have
selected the majorization technique [34] to solve the
optimization problem. The convergence of this approach can
be mathematically proven and the accuracy of the results is
also improved according to simulations.

The proper choice of landmarks in distance prediction
methods is among the important issues that has been
considered in many researches [24][27][28]. Before explaining
the second phase, we will discuss this issue further in detail.

1) Landmark Set Selection Method.

As it was first demonstrated in PIC [24], landmark selection
can affect the accuracy of a coordinate estimation algorithm.
In PIC, three different strategies of landmark selection have
been investigated. Random selection chooses the landmarks in
a random way for all the nodes; this selection method has been
used in the first phase of our algorithm. Closest selection



selects the elements of the landmark set for node n from those
network nodes that are closest to n. The third method is the
hybrid selection which selects a portion of the landmark set
elements randomly and the rest of the set are selected using
the closest selection method. The closest selection method has
better performance in estimation of the relative position of the
nodes with respect to their nearby neighbors. In contrast,
random selection strategy is more beneficial for positioning
the nodes relative to distant nodes. Hence, a hybrid strategy is
preferred for achieving lower prediction errors for both short
and long distances.

A problem with the use of the hybrid method is finding the
nearby nodes to a given target. Many solutions have been
proposed to this problem; however, most of them are costly
due to the complexity of numerous distance measurements
which increases the traffic overhead and the algorithm
convergence time.

Although our algorithm is fundamentally different from
PIC, both methods use a two-phase approach for coordinate
calculation where network nodes are assigned rough
coordinates in the first phase. Similar to PIC, we use the rough
coordinates to estimate distances instead of measuring them
through sending probe packets. For finding the k closest nodes
to each node n, k random nodes are selected and a greedy
walk towards the nearest node to n will start from each of
these random nodes. In each step of the greedy walk, the
current node sets the next destination to the closest node to n
among its neighbors; if the current node is itself closer to n
than to the next destination, then the greedy walk will stop and
the current node will be returned as the closest candidate node
ton.

2)  The Iterative Refinement Process

At the beginning of this phase, each node i has coordinates
C; = (x;,y;) which have been calculated in the first phase. We
aim at minimizing f(C) in equation (1) which cannot be
solved locally at each node. Therefore, in our algorithm, each
node i tries to locally minimize F;(C), instead of f(C), as
defined below:

F(C) = ld(C; = ) — dy? (8)
j is alandmark fori

Majorization can be used to minimize our goal function in
(8). This technique has been widely used in many applications,
for example [33] uses majorization for the graph drawing
problem: to construct the layout of a graph based on the
information regarding the length of its edges. The solution to
this problem generally reduces to the definition of a stress
function that should be minimized. Our problem is different
from the graph drawing problem in the sense that we require a
completely distributed algorithm; however, the majorization
technique can be modified to be fitted to a distributed
environment. Here we first briefly review the majorization
technique as explained in [32] and [33], and then we explain
our algorithm.

In our algorithm, each node applies majorization in order to
refine its coordinates. For applying majorization, another
function F;(C,Z) is constructed such that it satisfies the

conditions in (9) and (10). F(C, Z) should be selected in a way
that its minimization would be easier than F;(C) and can give
us a bound on the maximum value of F;(C).

F(C,2) = F;(C) ©)
F(C,0) = Fi(0) (10)

Minimization is done in an iterative manner. Here Z is the
current best estimate for C. In each step, Z is assigned the
value of C that minimizes F;(C, Z):

Z'*1! = argmin, F;(C,Z%) (11)

From relation (11), we can write inequality (12) which
proves the convergence of the algorithm to a local minimum.

F(Z"Y < F(Z7,Z2Y) < F(24ZY)
< F(ZYH
By decomposing F;(C) in Equation (8), we have:

(12)

Fi(C) =

j is alandmark fori

d*(¢; - ¢)

+ Z d;;” (13)
j is alandmark fori
-2 Z d(¢; - ¢)dy;
j is alandmark fori
Using the Cauchy-Schwartz inequality, relation (14) can be
derived. More details on the proof of this is given in [32].

ROs<FCH= )  d
j is alandmark fori (14)
+Tr(CTL C) — 2Tr(CTL*Z)

Where the n X n matrix L is defined as follows:

(—1 jis alandmark for i
0 jis not a landmark for i
Ly = { 15)
| -2, b i=j
ik

Also the matrix LZis defined as:

(—dijinv(d(Zi - Zj))
ngj — 4 0 jis not a landmark for i (16)
| =215 i=j
t i#k
Where inv(a) is defined as follows:

jis alandmark fori

1
inv(a) = {a a#0 17)
0 else

Following the majorization technique, we find the minimum
of F;(C,Z) by solving equation (18):

LC =1%7 (18)



As mentioned before, Z is the best current estimate for C. In
each step of the algorithm, the new coordinates are calculated
based on Z; so we can write:

LC(n+1) = L°Mcm) (19)
For a 2-dimensional coordinate system we need to solve the
following equations:
{LCx(n +1) = LMW C*(n) 20)
LCY(n+ 1) = LY (n)

WhereC*(n) and C¥ (n) represent the x and y coordinates of
the nodes at the n™ iteration of the algorithm.

Node i can calculate C;*(n+ 1) and C;”(n + 1) from the
above system. The system can be solved locally because

. . cn) in
according to relations (15) and (16), L and L, jn equal zero if j

is not a landmark of i. Note that this iterative process is
performed in each node independently and asynchronously
from the other nodes. By solving the equation system in (20)
for x coordinate, relation (21) is derived. According to this
relation, each node can update its x coordinate based on its
coordinates in the previous step and the coordinates of its
landmarks. Hence, each node i needs to communicate with its
landmarks at the start of each iteration to obtain their positions
for updating itself.

Cix(n + 1) =
1
2) D I D+ 6y
j€landmarkSet(i)
RO @D
Where :

8ij = dijinv(d(C;*(n) — C;*(n)))
Similarly, the y coordinate for each node i can be calculated
from equation (22).

Cl-y(n + 1) =
1
D KRR I G )
je€landmarkSet(i)
_ ) @2
Where :

8y = dy;inv(d(CY () — 7 (n)))
As explained earlier, in each step of the algorithm the local
function F;(C) decreases which guarantees the convergence of
the algorithm.
3) Termination of the iterative refinement process

As the coordinate refinement process is performed
independently at each node, the decision about algorithm
termination should also be iteratively and independently made
at each node. Therefore each and every node can only use its
local data to determine the stability and accuracy of the
estimated coordinates. In order to make this decision, each
node should j collect some information about the accuracy of
its current position during the algorithm run and use this
information for determining the overall accuracy and stability
of its coordinates. This procedure is accomplished in the
following steps:

1- At each step of the algorithm, each node j calculates its
position error with respect to all its neighbors. The error
between j and neighbor i is calculated as in relation (23).
In this relation d;; represents the actual distance between

i and j and d; shows the estimated distance.

eij = dl] - dAU (23)
2- The average error of j position with respect to its
neighbors is as follows:

Zi is aneighbor of j eij

= - (24)
total number of neighbors

€j

3- The average error of j position over time is defined as in
relation (25).

€ = aej + (1 — a)g (25)
Where a is a constant coefficient that is set to 0.5 in our
simulations. If a node whose coordinates are not accurate
enough becomes j neighbor, using « in relation (25) helps
preventing sudden changes in the value of g;.
4- 1If during t simulation steps, € remains smaller than a
desired accuracy threshold, j will decide to terminate the
algorithm.

VI. LOCALITY-AWARE OVERLAY CONSTRUCTION

In the previous section, a distributed algorithm has been
proposed for assigning virtual coordinates such that the
distance between any pair of nodes could be estimated using
their virtual coordinates. In this section, we will explain how
virtual coordinates can be used to construct locality-aware
peer-to-peer networks where logical neighbors are chosen as
physically close as possible in the physical space. This is
important because when the overlay is built in a way that the
logical neighbors are also physically close, the message
transfer time from one peer to a neighboring peer will become
relatively small. This parameter is known as “per-hop
latency”. When a message passes K number of hops on its
way to the destination, the overall latency will be the sum of
the latencies over all those hops. Therefore, reducing the per-
hop latency will result in decreased overall message transfer
time.

While in our discussions we use CAN [22] as our test P2P
network, without loss of generality, our proposed network
construction method can be adapted for other structured and
unstructured networks as well and is not limited to only CAN.
The rest of this section will describe the process of
constructing a modified CAN network, which we call
LA CAN (Locality-aware CAN), such that the locality
properties of the nodes are preserved meaning that the
communication delay between logical neighbors are expected
to be small. The key space in the CAN network is assumed to
be a d-dimensional Cartesian space that is divided into
different areas. Based on the ID of each node, a specific area
in the key space will be assigned to each node and it will be
responsible for replying to the queries that address the objects
in its area.



In the CAN network, nodes are randomly assigned d-
dimensional logical positions where a number of hash
functions are used to produce the random d-dimensional
coordinates. Each joining node generates a join request
message that will be forwarded to the current owner of the
area where the joining new node wants to reside. This area
will then be divided between the current owner and the joining
node. Assigning random positions to new nodes creates a
situation where logical neighbors might be located far away
from each other and will result in increased search response
time and consequently will increase the traffic in the
underlying network layer.

Based on our distributed method, virtual coordinates are
assigned to network nodes such that close nodes in the
Cartesian space are relatively close to each other in the
physical layer. This idea can be used in the CAN network to
select each node position in the key space such that the
average distance to its logical neighbors is minimized. Since
the join process in structured networks requires the exchange
of traffic to update the neighbors of the joining node, it is
neither beneficial nor practical to frequently relocate a node
once it has joined the network. Therefore, similar to the
approach used in CAN, each node in LA CAN is initially
located in a random area. The coordinate refinement algorithm
will then start running; however, the location of the node will
not change until the coordinates become stable. Upon the
completion of the coordinate estimation phase, the node will
be relocated in the network. Assume that the final result of
coordinate estimation for an arbitrary node i is SC; = (x;,y;) .
In this case, { will send its join request to the area where SC;
resides. It will then leave its current location and move to the
new area. This process is shown in Figure 1.

SC;

P 7

Figure 1 The position of node i in the LA_CAN network

VII. EXPERIMENTAL EVALUATION

In this section we provide a various simulation results in order
to demonstrate the performance of the proposed approach. We
have performed the simulations with the King Dataset from
Vivaldi [27] which includes round trip latency among 1740
DNS servers. The simulations have been done using p2psim
[34] which is a packet-level network simulator. We have run
the simulation with different configurations and the results
have been compared to some other network positioning
systems.

It should be noted that for large scale P2P networks, real
world implementation and testing can be costly due to large
number of nodes involved in the network. Therefore, most of
the works in this field use simulators to verify their design and
compare it with existing systems, an approach taken in our
paper as well. In addition to this verification, validation can
also be used in the form of implementation. In this work, we
suffice with verification and leave validation to future works.
Following the conventions in Pcoord [28] and Vivaldi [27],
we define the link error as the difference between the actual
Round Trip Time (RTT) and the estimated RTT. Based on the
link error definition, the node error is defined as the median of
the link errors for links that connect that node to other network
nodes. The system error (also called the median prediction
error) is defined as the median of the node errors. Also,
Similar to GNP [19], we have used the relative error as an
evaluation metric. For each pair of arbitrary nodes (i,j) the
relative error, 775, is defined as follows:

1j = (dij — dyj)/min(dy;, d;j) (26)

Where d;; is the measured distance between i and j and d; j is
the estimated distance based on their coordinates.

In order to determine the impact of the first phase on the
convergence behavior of the algorithm, we have performed a
simulation scenario where only the second phase of the
algorithm is applied. (i.e. we eliminated the first phase) and
compared the results with the original proposed distributed
coordinate system (abbreviated as DCS). The result of this
comparison is shown in Figure 2. The simulations have been
done in a network of 1000 nodes. 10 reference points are used
at each coordinate update and hybrid method is used for
landmark selection. According to Figure 2, at the start of the
algorithm and before time 5ms, the second phase performs
better. However, as time passes, the convergence rate of the
second phase decreases and finally it converges after the DCS
algorithm. Besides, the final results of the DCS algorithm are
more accurate, because the first phase can provide the second
phase with a good initial guess that increases the convergence
rate and in some cases can help the algorithm to escape the
local minima. Also, we have used the initial results of the first
phase in the landmark selection method which decreases the
system error.

Figure 3 compares the accuracy of the system by exploiting
different methods of landmark selection. As discussed earlier,
for updating the coordinates of a particular node, choosing
landmarks from nearby nodes improves the prediction
accuracy for short distances but this also can result in
“folding” the coordinate space where the distance between
two nodes may be predicted to be short while they are far
away from each other. As indicated in Figure 3, the random
selection method performs better than the closest selection
approach while the hybrid method outperforms the other two
strategies. This is consistent with the results in [24] which
claims that the hybrid strategy performs better because it
improves the accuracy of short distances and also helps the
algorithm to avoid folding the coordinate space.
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Figure 2 The comparison of System Error for DCS and DCS without
applying the first phase of the algorithm.
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Figure 3 Cumulative Distribution Function of relative error for
different types of landmark selection methods

Figure 4 compares the Cumulative Distribution Function
(CDF) of relative error for Vivaldi and the suggested
Distributed Coordinate System (DCS). Both Vivaldi and DCS
have used 2-dimentional Cartesian coordinates and the
simulation has been performed on the King Dataset. In the
suggested method, each node takes 10 landmarks on each
coordinate update and the selection of these landmarks is
based on the hybrid method. We have configured Vivaldi to
use an adaptive time step with C=0.25 which yields fast error
reduction compared to other values of C. The results in the
figure demonstrate the fact that the accuracy of Vivaldi and
our approach are pretty similar for relative errors greater than
0.6. However, our proposed scheme shows better performance
for relative errors that are less than 0.6.

Figure 5 and Figure 6 compare the convergence behavior of
Vivaldi and DCS in terms of time and number of samples used
for coordinate updates. The simulation has been performed
with the same configurations as in Figure 4. According to
Figure 5, DCS converges faster than Vivaldi and also achieves
better accuracy. According to Figure 6, DCS needs more

samples to converge. That is due to the fact that in Vivaldi,
each node takes only one sample at each time it updates its
coordinates while in DCS each node takes 10 samples during
each update iteration.
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Figure 4 CDF of relative error for Vivaldi and the proposed
Distributed Coordinate System (DCS)
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Figure 5 The convergence behavior of Vivaldi and DCS
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In order to evaluate the accuracy of our algorithm in finding
the closet neighbors, we calculate coordinates for each of the
1740 nodes in the King dataset using DCS and Vivaldi. Then
we select 100 nodes as targets and find their neighbors nodes
based on their coordinates. Figure 7 plots the CDF of the
relative error of closet neighbor selection for Vivaldi and
DCS.

As indicated, DCS performs better than Vivaldi in applications
that r1equire closest neighbor selection.
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Figure 7 CDF of the relative error of closet node selection for Vivaldi
and DCS

1) Application of DSC to CAN
The following simulation scenarios will demonstrate the
impact of the using the proposed scheme on the efficiency of
the CAN network. The simulations are performed on a
network of 500 nodes where each node owns a set of objects
and has the capability of requesting a new object at each
simulation step. Based on the study in [35], the number of
search requests sent by each node follows a lognormal
distribution. The result from studying the behavior of users in
different parts of the world shows that only the parameter for
the lognormal distribution differs among the users. Therefore,
we have chosen to use this distribution for modeling the
maximum number of requests sent by each user during its
lifetime.
At each simulation step, each and every node issues a search
request with probability of PB.. After sending the maximum
number of requests, the node leaves the network with
probability of P; in subsequent steps. Also, a number of nodes
join the network at each step to keep the network size fixed.
In LA_CAN and CAN networks, the search algorithms are the
same. Figure 8 shows the percentage of reduction in search
traffic (which is the number of communicated messages for
answering a query) for LA CAN network in comparison with
CAN network. The average of search traffic is almost the
same in both of these networks as expected.
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Figure 8 percentage of reduction in search traffic for LA_CAN network
with respect to CAN network.

The simulation results show that the average distance between
each node and its neighbors is 60 ms in LA CAN network
while it is 182ms in CAN networks, which is a significant
improvement.

Figure 9 shows the query response time reduction in LA CAN
with respect to CAN. As expected, improving the network
structure has significantly improved the search efficiency.
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Figure 9 Query response time reduction in LA_CAN with respect to
CAN network
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VIIL

This article addresses the problem of locating hosts over the
internet in terms of physical proximity, and proposes a
distributed measurement technique as a solution to alleviate
the need for performing a large amount of latency
measurements. The basic idea is to assign an n-dimensional
coordinate to each node on the Internet such that the distance
between the nodes in the coordinate space reflects their
proximity over the latency space. Moreover, the proposed
distributed measurement scheme does not require the use of
fixed landmarks for the coordinate estimation and hence does

CONCLUSION



not need to deal with several scalability issues related to the

use

of fixed landmarks. The suggested algorithm has been

compared to similar approaches like Vivaldi in terms of
accuracy and time to stability and it was shown to outperform
those methods.

Moreover,

we demonstrated the use of the proposed

distributed coordinate system in the construction of a locality-
aware overlay for the CAN network. As observed in the
simulation results, preserving locality of the overlay network
greatly reduces the search response time. It should be noted
that the proposed scheme could also be adapted to be used in
any other peer-to-peer networks.
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