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Abstract—Network coordinate (NC) system is an efficient
mechanism to predict Internet distance (latency) with limited
times of measurement. In this paper, we focus on the node churn
problem in distributed NC systems. Our study on Vivaldi, a
representative distributed NC system, shows that under high
node churn rate the prediction accuracy of the system will be
seriously impaired, which renders the system unusable in many
potential application scenarios. As remedy, we propose the idea
and implementation of Myth, an accurate and scalable NC system
even under high node churn rate. Myth introduces the merit
of Landmark-based NC system to shorten convergence time in
Simulation-based NC system with negligible extra overhead. We
evaluate the performance of Myth system with two typical real-
world data sets measured in Internet. The experimental results
show that Myth outperforms Vivaldi in relative error, relative
rank loss and closest neighbor absolute error under high node
churn rate, without compromising the performance under stable
environment.

Index Terms—Peer-to-Peer, Network Coordinates, Node
Churn, Accuracy, Scalability

I. INTRODUCTION

Network coordinate (NC) system is an efficient mechanism
to predict network distance (latency) between any two Internet
nodes without explicit measurements. In NC system, each
node is assigned a set of numbers called network coordinates
to represent its position in an Euclidean space, and the latency
between any two nodes can be calculated from their coordi-
nates with a distance function. NC system reduces the active
probing overhead significantly, which is especially beneficial
to large-scale distributed applications, such as peer-to-peer
content distribution, multi-user gaming, and server selection.

Several approaches have been proposed in literature, whose
core algorithms can be categorized into two classes, namely
landmark-based algorithm (LBA) and simulation-based algo-
rithm (SBA). In LBA systems ( [2], [7], [8]), each node mea-
sures its distances to a set of reference nodes called landmarks,
and its coordinates can be determined by minimizing the
difference between the measured distances and the calculated
distances. LBA provides high accuracy and stability. However,
the dedicated landmark nodes are under the heavy load of
serving all the other nodes in the system. Also, as the common
weakness of all centralized systems, the failure of landmark
nodes will degrade the prediction accuracy of the whole NC
system, which introduces single point of failure to the system.
As for SBA systems, such as [3] and [14], pairwise distances

are mapped into a physical spring system, so that every node’s
coordinates can be determined by minimizing the energy of
the whole simulated physical system. SBA systems distribute
the measurement and computation to all participating nodes
in order to lighten the load of any individual node. Thus SBA
guarantees higher scalability and has received more practical
implementations.

In Vivaldi [3], a representative SBA system, each node starts
from the same initial position in the Euclidean space, and takes
many rounds to update its own coordinates before converging
to the ideal position, where energy of the whole system is the
lowest. Each update tries to minimize the energy by referring
to the measured distance to one of its neighbors and the
neighbor’s current coordinates. Given that the convergence
time of a Vivaldi node will take tens of seconds even when
nodes stay stable in the system, it is very likely that one node’s
convergence process be interfered by its neighbors’ leaving
and joining, which are common in general P2P systems. [1]
indicates that almost every distributed system has to deal with
churn-change in the set of participating nodes due to joins,
graceful leaves, and failures. Moreover, the newly joined nodes
with inaccurate coordinates will be referred by other nodes in
the hope to improve their own coordinates, which increases the
instability of the whole system. Thus, the lengthy convergence
time, together with the inaccurate initial positions of nodes,
might significantly impair Vivaldi’s prediction accuracy in
high node churn rate scenario. [5] confirms this by analyzing
the statistics obtained from Azureus BitTorrent client running
upon Vivaldi.

This paper focuses on the node churn problem of Vivaldi,
with the major contributions as follows:

First, we study the impact of the node churn to the Vivaldi
system. By evaluating the performance of Vivaldi under high
node churn rate we can see that the system will have degraded
prediction accuracy under such situation.

Second, we propose Myth, a fully decentralized NC scheme,
to solve this problem. In Myth, a dedicated LBA-like algorithm
is designed to intelligently choose the initial coordinates of
nodes based on existing information. After the initial coordi-
nates are determined, SBA is utilized to achieve convergence
and guarantee scalability. By using the algorithm, the initial
position of a Myth node is close to its final ideal position;
hence the convergence time is greatly shortened. Furthermore,



because the initial coordinates of a Myth node are more
accurate than the ones of a Vivaldi node, the impairment of
referring to a newly joined node as neighbor is reduced. The
extra overhead of using Myth is moderate. We evaluate the
performance of Myth by comparing it with the Vivaldi system.
The experimental results show that under high node churn rate
Myth outperforms Vivaldi under every metric. Moreover, in
both stable and churn scenarios, Myth achieves almost the
same prediction accuracy. We believe that Myth is a step
further towards a practical NC system in high node churn rate
environment.

The rest of this paper is organized as follows. In Section
II, we review the related works. Then in Section III, we
present the design and implementation of Myth, followed by
its performance evaluation in Section IV. In Section V, we
summarize the conclusions.

II. IMPACT OF HIGH NODE CHURN RATE FOR VIVALDI

In this section, we first briefly introduce the basic algorithm
of Vivaldi, and then study its performance degradation under
high node churn rate.

A. Vivaldi Algorithm

Vivaldi characterizes the whole network as a spring system.
Let Lij be the actual distance (round-trip time) between node
i and node j in the system, and xi be the coordinates assigned
to node i. Ideally, the coordinates of all nodes are produced
by minimizing the following error function which corresponds
to the overall energy. We refer to those coordinates as ideal
coordinates of all nodes.

E =
∑

i

∑

j

(Lij− ‖ xi − xj ‖)2 (1)

||xi−xj || is the distance between node i and node j calculated
based on coordinates.

In practical decentralized Vivaldi system, node i maintains
its current coordinates xi and local error ei, and updates them
many rounds to get closer to the ideal coordinates. In each
round, i adjusts them through measuring the latency to one of
its overlay neighbor in the system. The pseudo-code of Vivaldi
is shown as follows, where ce and cc are tunable parameters.

Algorithm 1 vivaldi(rtt, xj , ej)
1: w = ei/(ei + ej)
2: es =|‖ xi − xj ‖ −rtt | /rtt
3: ei = es × ce × w + ei × (1 − ce × w)
4: δ = cc × w
5: xi = xi + δ × (rtt− ‖ xi − xj ‖) × u(xi − xj)

A sample weight is firstly computed based on the local and
remote error (line 1), and then the relative error is computed
(line 2). Next node i updates its local error (line 3). Finally
node i calculates and updates its coordinates (line 4 and line
5).

In Vivaldi, all nodes have the same initial coordinates.
To bootstrap the algorithm Vivaldi defines u(0) as a unit-
length vector in a randomly chosen direction. When two nodes
occupy the same location, there will be a spring pushing them
away from each other in an arbitrary direction.

B. Impact of High Node Churn Rate

In most of the NC applications, especially peer-to-peer
content distribution or file sharing, all nodes may join or leave
the system at any time. This inherent dynamics and distributed
essence make the deployment of NC even more challenging.

[3] only studied Vivaldi under stable environment where
all nodes will not leave the system after they join. However,
this is not always the case in practice. [5] shows that the client
lifetime in file sharing using Azureus (running upon Vivaldi)
follows a long-tailed distribution typical in P2P systems. In
their study, 78% of the nodes stay in the system for less than
60 minutes.

We evaluate Vivaldi in two scenarios and compare the
prediction accuracies.

Stable scenario: All nodes join the system at the beginning
and stay throughout the whole experiment.

Churn scenario: Each node joins at the beginning and stays
for a random period of time characterized by the Pareto Distri-
bution. After a node leaves, it sleeps for a random period with
uniform distribution and rejoins the system as a newcomer to
stay another Pareto distributed period. Pareto Distribution can
describe the long-tailed characteristic of nodes’ staying time,
which is also used for simulating the node staying time in [1]
and [6].

In particular, the Pareto distribution is determined by pa-
rameters k and xm (k is a shape parameter that determines
how skew the distribution is, and xm is a location parameter
that determines where the distribution starts). [6] studies the
cumulative distributions of the traces of PPLive, the largest
commercial P2P live streaming system to date with over
100,000 users online at peak times. Their finding shows that
the nodes’ stay duration of PPLive is well approximated by a
Pareto distribution of k = 1.03. Thus, in our simulation k is
set as 1.03. We also adjust xm to let the stay duration at 78th
percentile to be 60 minutes.

The prediction accuracy of a NC scheme is often denoted
by the relative error (RE) of predicted distance over the real
latency measured on Internet. Relative Error (RE) is defined
as:

RE =
| PredictionDist − MeasuredDist |

min(PredictionDist,MeasuredDist)
(2)

We use two different data sets from real Internet measure-
ment to study the prediction accuracy of Vivaldi. The first
data set is the King data set from [3], which includes the
round-trip latencies among 1740 Internet naming servers. The
second data set is the PlanetLab data set, available at [13],
which includes the round-trip latencies among 226 hosts of the
Planet-Lab. As in [4], each Vivaldi node measures a round-trip
time (RTT) to one of its neighbor nodes in the overlay once
every five seconds.



0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Relative Error

C
um

ul
at

iv
e 

D
is

tr
ib

ut
io

n 
F

un
ct

io
n

Empirical CDF

 

 

Vivaldi (Churn)
Vivaldi (Stable)

(a) PlanetLab

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Relative Error

C
um

ul
at

iv
e 

D
is

tr
ib

ut
io

n 
F

un
ct

io
n

Empirical CDF

 

 

Vivaldi (Churn)
Vivaldi (Stable)

(b) King

Fig. 1. Distribution of Relative Error
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Fig. 2. Illustrations of Coordinates Update in Vivaldi and Myth

Fig.1 shows the comparison of the REs of Vivaldi between
two different scenarios. According to Fig.1, we can find that
the performance of Vivaldi degrades in node churn scenario. In
Churn scenario ninety-percentile REs are 0.820 in PlanetLab
data set and 0.848 in King data set, whereas in Stable scenario,
ninety-percentile REs are 0.533 in PlanetLab data set and
0.689 in King data set. Vivaldi’s performance degradation in
node churn scenario will seriously limit its application.

III. MYTH SYSTEM DESIGN

A. Basic Idea of Myth

In Vivaldi, all the nodes start at the same initial position and
update their coordinates for many rounds and finally converge
to their ideal positions. Fig. 2(a) shows the first three rounds
of update of two nodes after their joining to the system. The
two stars with different colors show the ideal positions of both
nodes, respectively.

To use the same initial coordinates for all nodes is a bad
heuristic to bootstrap the system, even though nodes will be
spread in the following update. First, extra rounds are needed
to spread out the nodes from their initial coordinates, and
hence the convergence time is increased. Furthermore, since a
newly joined node may serve as the reference for its neighbors,
its irrelevant and inaccurate initial coordinates will affect the
prediction of its neighbors. Thus under high node churn rate, a

large portion of the nodes are in the state of disturbance with
inaccurate NCs.

To remedy this problem, in Myth we manage to bootstrap
each node with the initial coordinates closed to its ideal coor-
dinates. Fig. 2(b) shows the case. An Initial Coordinates (IC)
prediction scheme is added before the Vivaldi-like adjustment.
The scheme utilizes the coordinates of nodes which are already
in the system. After doing this, each node needs fewer rounds
to converge. Moreover, the prediction error caused by referring
to a newly joined node is reduced, which improves the stability
of the system. In the following we will present the scheme in
details.

B. Initial Coordinates Prediction

One sparking point of Myth is to predict the IC of each node
in a scalable fashion. When a new node A joins the overlay
system, it will create neighbor connections with nodes already
in the overlay through Gossip [15]. After getting enough
neighbors, node A measures its RTTs to L nodes in its neigh-
bor set (L > N , where N is the dimension of the space). Using
the L measured distances, node A can calculate its own initial
coordinates ICA which minimize the overall error between
the measured and the calculated distances from A to these L
neighbors. As in [2], we use Simplex Downhill Algorithm to
minimize the following objective function fobj(A).



fobj(A) =
∑

Ni∈N1...NL

ξ(dANi
, d̂ANi

) (3)

where ξ(·) is an error measurement function defined as
follows.

ξ(dN1N2 , d̂N1N2) = (
dN1N2 − d̂N1N2

dN1N2

)2 (4)

The idea of our IC prediction algorithm is similar to the
NC calculation of the ordinary GNP nodes in [2]. However,
there is a significant difference between Myth and GNP or
other LBAs: Myth does not require the deployment of special
landmark nodes. Our trick is to make use of the existing Myth
nodes, which are already in the system, as landmark nodes.
This solution is scalable and free from single point of failure
problem as in [2], since there are no fixed landmarks.

C. Myth Implementation

Algorithm 2 Myth Algorithm
Connect to Rendezvous Point(rp)
Get Neighbor Candidates List(rp)
Join Overlay()
Make Connections to Neighbors()
for i in Neighbors do

d(i) = Measure Distance to i
end for
xi = Initial Coordinates Prediction(d(·), NCs(·))
Wait(Update Interval)
while forever do

j = random(neighbors of i)
xi = vivaldi(rtt, xj , ej)
Wait(Update Interval);

end while

Algorithm 2 shows the procedure that a new node A joins
a Myth overlay. Node A first contacts the Rendezvous Point
(RP) of the Myth system like all the other P2P schemes. After
obtaining a list of neighbor candidates from RP, Host A joins
the overlay and measures its RTTs to L nodes in its neighbor
set. Then A employs IC prediction algorithm to calculate its
initial coordinates. After that node A can start the coordinates
adjusting procedure and update its coordinates periodically
using basic Vivaldi algorithm.

D. Overhead Analysis

By adding the IC prediction scheme, Myth introduces extra
communicational and computational overhead when a new
node joins. The computational overhead is negligible because
the time needed to compute an IC is far shorter than the
interval between update rounds, which is generally on the
order of seconds. In this section we present a simple analysis
of the communicational overhead imposed by Myth.

Suppose there are M nodes in the swarm, and each node
probes one of its neighbors and updates its NC once per unit

T (units) 120 240 360
Time (minutes) 10 20 30

(L − 1)/T 0.13 0.07 0.04

TABLE I
COMMUNICATIONAL OVERHEAD

time. Thus for each node the communicational load (number
of messages per unit time) of Vivaldi is 1. We do not take
into account the sizes of messages because almost same
format of messages is used for all communications. During
IC prediction, each node will contact extra L − 1 neighbors
(L < M ) to compute its IC (one neighbor information is
shared with the first round of Vivaldi update). If one node’s
average staying duration is T , the upper bound of the extra
communicational load introduced by IC prediction is L−1

T ,
where the IC prediction happens for each node once per T
time units. In practical settings, L is 16, which is also the
number of neighbors in our experiment, and we test multiple
T ’s to show different overheads under different node churn
situations. The unit time is set to 5 seconds according to [3].
Table.I shows the results.

Even when the average node stay duration is as short as 10
minutes, the overhead of Myth is only increased by 13% of
Vivaldi. If the average node stay duration reaches 30 minutes,
Myth will adds merely 4% communicational overhead to
Vivaldi. Thus the extra overhead is acceptable.

IV. PERFORMANCE EVALUATION

A. Experiment Setup

In our experiments, we use two data sets, the King and
PlanetLab, to compare Myth and Vivaldi. Both systems em-
ploy 7-dimension coordinates, and each node has 16 neighbors
in the overlay. cc and ce in Vivaldi and Myth are set to 0.25 as
an empirical value in [3]. Our experiment is performed both
in Stable scenario and Churn scenario. Ten runs are performed
on each data set and the average results are reported.

B. Evaluation results of Myth

Relative Error: Fig.3 shows the comparison of relative error
between Myth and Vivaldi. In Stable scenario, the performance
of Myth is almost equivalent to that of Vivaldi. Hardly any
difference can be found between the two curves. In Churn
scenario, Myth outperforms Vivaldi a lot on both of the data
sets. We pay more attention to the ninety-percentile relative
error(NPRE) which would be helpful to NC-aware applications
[2] [3]. On PlanetLab data set, the NPRE of Myth is 0.624
while Vivaldi’s is 0.820. On King data set, NPRE of Myth is
0.718 and that of Vivaldi is 0.848. Myth can reduce the NPRE
from Vivaldi by 23.90% in PlanetLab data set and 15.33% in
King data set. Furthermore, the performance of Myth under
Churn scenario is very close to the performances of Vivaldi
and Myth under Stable scenario, which indicates that Myth
can reduce the bad effect of the node churn, and maintain the
accuracy in churn environments.
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Fig. 3. Distribution of Relative Error
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Fig. 4. Distribution of Closet Neighbor Absolute Error

Data set Vivaldi (Stable) Myth (Stable) Vivaldi (Churn) Myth (Churn)
PlanetLab 76.32% 77.21% 81.85% 74.69%

King 98.10% 98.31% 98.51% 97.93%

TABLE II
CLOSEST NEIGHBOR LOSS

C. Other Metrics

Besides RE described in Section II, we also evaluate the
performance of Myth with the following three metrics.

Relative Rank Loss (RRL) [10] measures the probability to
correctly select the closer node from an arbitrary node pair. It
is defined as the percentage of incorrectly ordered node pairs
(as perceived at a given node) based on the prediction.

Closest Neighbor Loss (CNL) [10] indicates the probability
to correctly select the closest neighbor to a given node, and
is defined by the fraction of nodes where an incorrect node is
chosen as the closest neighbor using predicted distances.

In addition to the CNL, we also measure the magnitude of
the error when the wrong node is selected. More precisely,
we use Closest Neighbor Absolute Error (CNAE) [12], which
is defined as the gap between the distance to the incorrectly
selected neighbor and the distance to the actual closest neigh-
bor.

Among these metrics, relative error (RE) is the basic metric
which is evaluated by all NC designers. RRL, CNL and CNAE
focus more on application perspective where nodes only need
to know the relative distances of other nodes.

Closest Neighbor Loss and Closet Neighbor Absolute Error:
Applications will benefit from the higher prediction quality on
various aspects. For example, the lower CNL and CNAE are,
the higher probability applications have to find the nearest
neighbors. Table.II and Fig.4 show the comparison of CNL
and CNAE between Myth and Vivaldi. In Stable Scenario, the
CNAEs of Myth and Vivaldi are also very close to each other.
In Churn Scenario, in both PlanetLab data set and King data
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Fig. 5. Distribution of Relative Rank Loss

set, Myth improves the quality of the closest neighbor selection
a lot comparing to Vivaldi. In addition, the performance of
Myth under Churn scenario is very close to the performances
of Vivaldi and Myth under Stable scenario.

Relative Rank Loss: Fig.5 shows the comparison of relative
rank loss between Myth and Vivaldi. Just as the results in
RE and CNL metrics, the RRL of Myth and Vivaldi in
Stable Scenario are almost equivalent with both PlanetLab
data set and King data set. Myth outperforms Vivaldi with
both PlanetLab data set and King data set in Churn scenario.
Also, the performance of Myth under Churn scenario is very
close to the performances of Vivaldi and Myth under Stable
scenario.

V. CONCLUSION

In this paper we firstly study the impact of high node
churn rate to a representative distributed NC system, Vivaldi,
and then propose an accurate and scalable NC system called
Myth, to improve the prediction accuracy under high node
churn rate. The major contribution of this paper is twofold.
(1) By evaluating the performance of Vivaldi under high node
churn rate, we find out that the NCs of Vivaldi nodes suffer
from degradation of prediction accuracy under such situation.
(2) We propose Myth, a fully decentralized NC scheme, to
improve the accuracy of Internet distance prediction under
high node churn rate. Myth is both accurate and scalable
under high node churn rate, combining merits of LBA and
SBA together without introducing any significant overhead.
We evaluate the performance of Myth and compare it with
the Vivaldi system with real Internet measurement traces. The
experimental results show that Myth can remedy the node
churn problem of Vivaldi. In our experiment, the performance
of Myth exceeds that of Vivaldi a lot in Churn Scenario, and is
almost equivalent to the performance of Vivaldi in the scenario
where all nodes stay stable. In other words, Myth is robust to
node churn.

To further evaluate the practicality of Myth, we currently
focus on deploy Myth on Internet and develop some real
applications based on this NC system.
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