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Abstract. In this paper, we present and analyze a framework for self-
evolving autonomic services in a wireless nomadic environment. We
present a disconnected network architecture, where users mobility is ex-
ploited to achieve a scalable behaviour, and communication is based
on localized peer-to-peer interactions among neighboring nodes. Service
management is achieved by introducing autonomic services, whose oper-
ations are based on a distributed evolution process. The latter relies on
the concept of mating, i.e., the exchange of information (e.g., code, pa-
rameters, data) among service users, which collaborate to enhance their
fitness, defined as the ability of the actual service to fullfill the environ-
mental features. The core of the evolution process is given by the service
mating policy, which defines the way the running services should be mod-
ified when mating with other users. We introduce a general framework
for analyzing service mating policies and exploit results from martingales
theory to study their convergence properties. In particular, we introduce
two optimal policies, clone-and-mutate and combine-and-mutate, and an-
alyze their convergence times through extensive numerical simulations,
addressing the impact of various parameters (number of nodes, users
speed, mobility pattern).

1 Introduction

The emerging of a novel pervasive computing environment imposes big chal-
lenges to the current ICT technologies, calling for novel paradigms of com-
munication, computing and service provisioning. The Internet, as we know it,
is going to explode, due to the tremendous amount of information exchanged
among a massively large number of devices. This problem does not concern only
the communication aspect, i.e., the ability of the network to carry information,
but also the way in which the network is managed and administrated. New
paradigms are needed to face the needs and features of this novel networking
environment.

In particular, autonomic communication systems are expected to represent
one of the major technological breakthrough in the next decades, enabling the

I. Stavrakakis and M. Smirnov (Eds.): WAC 2005, LNCS 3854, pp. 29–40, 2006.

The original version of this chapter was revised: The copyright line was incorrect.This   has  been 
  corrected. The    Erratum   to   this   chapter   is   available   at DOI: 10.1007/978-3-540-32993-0 29

© 2006Springer-Verlag Berlin Heidelberg

http://dx.doi.org/10.1007/978-3-540-32993-0_29


30 I. Carreras et al.

introduction of novel services and leading to a deep change in people/technology
interactions [1]. The term “autonomic” comes from the computing field [2], where
it is used to define systems which are inherently self-configuring, self-optimizing,
self-healing and self-protecting. As the term itself suggests, an autonomic system
should show the same properties of the human nervous system, which controls in
an “unconscious” way routine tasks such as blood pressure, hormone levels, heart
and breathing rate. Moving to the communication field, a system able to exhibit
such features would clearly allow to solve the scalability and management issues
related to the deployment of large-scale networks. In particular, we are interested
in (i) defining a network architecture able to scale well with the number of
nodes (ii) design services that are able to exploit the peculiar features of such
networking support in order to evolve, leading, on the whole, to a complete
autonomic communication system.

In this work, we first review, along the lines of some previous work by the same
authors, a nomadic wireless network infrastructure model [3], which achieves
network scalability by exploiting the users mobility [4] and a particular form
of information filtering, that spatially limits the diffusion of data in the net-
work [5]. Then, we address the problem of obtaining autonomic services over
such a backbone-less networking infrastructure. We will see how such a task
can be accomplished borrowing notions and drawing inspiration from the bi-
ological concept of evolution [6]. The basic idea is to have a service able to
adapt to the surrounding environment, where the environment can include the
space/time location of the user, the state of the entire system, the user’s require-
ments etc. The problem becomes then how to achieve service evolution over our
infrastructure-less network. The solution we propose is based on a one-to-one
mapping from biology to networking, in which a population (i.e., the instances
of the service running on different users) evolves through mating (i.e., the ex-
change of code/parameters between neighboring nodes made possible by the
adoption of a wireless interface), the mating process being driven by fitness (i.e.,
the ability of the service to fit the actual environmental features). In this way,
a distributed version of the “survival of the fittest” paradigm can be applied to
achieve adaptation by evolution. The result is a service which is able to evolve,
without the need of any human intervention nor of a central controller, to adapt
to the actual features/needs/requirements. The aim of this paper is to study this
evolution process, first introducing a rather general model for the evolution and
convergence of the service fitness level, and then addressing, through numerical
simulations, the performance of this evolution process, covering a wide range of
system parameters. In this way, we are able to obtain some insight into both the
performance obtainable by self-evolving services, as well as into some desirable
features of the actual evolutionary algorithm to be employed.

The remainder of the paper is organized as follows. Section 2 defines the net-
working setting we will focus on and introduces concepts and features of the
self-evolving services we will consider. Section 3 presents a mathematical model
for the fitness evolution process, analyzes three simple evolutionary mating al-
gorithms and presents numerical results on the convergence process. Section 4
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concludes the paper with a brief summary of the results obtained and points out
directions for future investigations.

2 Autonomic Networks and Services

2.1 A Nomadic Wireless Networking Infrastructure

We consider a scenario where the nodes of a wireless network are attached or
otherwise assigned to a human user. They are the central part of the electronic
“halo” that will surround the human being in the future, making life easier,
more enjoyable and more secure. It is reasonable to assume that the majority
of nodes in this halo will fulfill only primitive tasks like sensing the environ-
ment and will not be able to perform complex computing as it may be necessary
for the rendering of 3D-graphics or database operations. A small number of
complex multi-purpose devices will then be controlling the primitive embedded
systems, gather and process their information and provide an interface to the
user. This separation in the functionality of the nodes follows the technologi-
cal constraints imposed by the size (and corresponding energy/storage capac-
ity) of the respective devices. In fact, many of those tiny devices will be in
part or totally passive, relying on the RFID principle. Consequently only the
more complex nodes (named user-nodes in [3]) will be able to exchange infor-
mation among each other. The nodes of this network are mobile because users
are mobile. In addition, the information that is being processed will be of local
significance most of the time, which calls for a novel communication paradigm
based on localized interactions among peer nodes rather than the conventional
end-to-end approach. The access to a fixed Internet backbone is optional and
will not be present all the time. If needed to provide a certain service, the
user node is responsible for setting up the backbone connection. In addition,
the kind of information that is going to be exchanged as well as the address-
ing (node ID vs. geographic address) will depend on the service running on the
user node.

All these considerations lead to a network model where we do not assume
packet relaying between the nodes. All communication will take place in a
single-hop broadcast. In result we see a fully distributed network of mobile
wireless nodes without any backbone connectivity. Routing (or the rules of
information exchange) will be part of the service. We are not anymore con-
sidering packet forwarding, but instead information flow between nodes of the
network. Services are self-contained, i.e. they function out of themselves and
get information through interaction with the environment. Two basic prob-
lems arise: The first one is that of a network-wide information exchange using
only single-hop broadcast and the second problem is what we call the manage-
ment problem. While the authors showed at least the solvability of the first
problem in previous publications (using information filters inside example ser-
vices) this paper is intended to lay the ground to solve the second problem.
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Management of a network usually involves different aspects like performance,
configuration, accounting, fault, and security management. In traditional net-
works these tasks are performed in a centralized network management system
(NMS). With the network model described above this approach is no longer
feasible, and new concepts are needed.

2.2 Self-evolving Autonomic Services

If we target the same level of efficiency of current centralized network man-
agement systems, the scenario outlined above represents an harsh environment
for two key reasons. First, the nomadic network paradigm is designed to de-
ploy services on large-scale networks [3]. Clearly, centralized management is
out of question due to scalability problems with respect to the number of
nodes and active services. Second, a large fraction of the information con-
veyed in such a network will have local scope, as in the case of the estimation
of certain physical quantities (temperature, pressure) or activity detection on
the battlefield, so that a distributed solution sounds more promising. Further-
more, since the nomadic wireless networking paradigm we propose is based on
disconnected operations, this clearly clashes with the needs of a centralized
controller. We believe that the adoption of evolving services, i.e., services that
are able to configure, regenerate and optimize their behavior, is the natural
solution to such challenges. In this way, no centralized management mecha-
nism is needed, and we only need to design supporting mechanisms for evolv-
ing and adapting services. Basically, the gain is that the network management
is embedded in services and thus, since in the autonomic scenario services are
users-situated, this calls for distributed operations and self-adaptation capabil-
ities. Notice that, together with the end-to-end communication paradigm, we
drop also the client-server semantics which is at the basis of the current Inter-
net, replacing it with a novel paradigm, where services are carried on users’
devices and evolve exploiting local peer-to-peer communications. In the rest
of this work we will provide insight into some viable mechanisms to enable
self-adaptation of autonomic services over the nomadic wireless infrastructure.
Following some preliminary work by the same authors [6], our proposed ap-
proach is based on some biologically-inspired techniques. In particular, we fo-
cus on evolutionary paradigms for services: services should evolve showing the
ability to drift towards better performance, resembling what several biological
entities do. The key mechanism is the exchange, through a mating procedure,
of data/code/parameters with other users. In other words, we exploit nodes
mobility to enable node cooperation, shaped as exchange of code and/or pa-
rameters, so that the overall effect is a distributed evolution process. The suc-
cess of this evolution process is quantified through a standard metric. i.e. the
fitness, which represents also the driving parameter of the mating process. In
the next section we shall illustrate that it is possible to provide an abstraction
of the concept of service evolution and to obtain, analytically and numerically,
results on the performance of the distributed evolution process.
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3 On the Fitness Evolution

3.1 The Fitness Convergence Process

According to the framework outlined in the previous section, we are interested
in modelling the evolution process of autonomic services over a nomadic wireless
network architecture. It is worth remarking that, from the user’s point of view,
the process of service evolution is completely transparent, since what it experi-
ences, in reality, is the evolution of the degree of satisfaction to the actual service
provided, i.e., what we call fitness. In order to keep the analysis and simulation
scenarios simple, we will employ a simple yet general model for the service and
its associated fitness level. This sort of black-box approach to services comes
from the observation that the evolution of fitness as an outcome of the evolution
of the service code is something which should be evaluated on a case-by-case ba-
sis, whereas we are interested in getting insight into a more general framework.
This is expected to provide useful information for the design of service mating
policies, i.e., the algorithms that will actually drive the service evolution. In the
following, we will provide, as examples, three possible service mating policies,
derive the associated fitness mating functions (i.e., the functions that defines
the fitness evolution process) and study their convergence properties. While this
is not meant to be omnicomprehensive, it enables us to individuate stable and
optimal service mating policies and to gain insight into the various factors in-
fluencing the design of an effective service mating algorithm. In particular, we
are interested in understanding how some factors (i.e., the number of nodes,
the nodes speed, the mobility model) affect the evolution process. In terms of
fitness, we expect that services with a higher degree of fitness will have a higher
chance to survive, so that, in the mating process, their genes (e.g., routines, code
parameters etc.) are likely to be inherited by the offsprings.

We denote the fitness level of user i at time t as Ii(t), and assume that
0 ≤ Ii(t) ≤ 1 ∀i = 1, . . . , N , where N is the total number of users in the net-
work. We can group the fitness level of all users into an N -dimensional vector
Î(t) = [I1(t), . . . , IN (t)]. Assuming that the users requirements and the environ-
mental features are slowly changing over both time and space dimensions, Î(t)
will change only at the mating instants. If the mobile speed is finite, the mating
instants form a sequence {tk}k∈N. In general, Î(t) will then be a random jump
process defined on a suitable probability space {Ω, F , P}. We denote by E[·]
the expectation taken with respect to the measure induced by P. By standard
arguments, we can transform Î(t) into a right-continuous left-limited (càdlàg)
process, that will be denoted by I(t). In order to study the system evolution,
we can then limit our scope to the embedded process I(tk), where tk denotes
the k-th mating time. Please note that the mating times will be defined as a
subset of the meeting times (i.e., the time instants two or more nodes get into
mutual communication range), depending on the actual service mating policy
employed (see below for the definition of the three cases considered). Also, note
that the mobility models employed play a crucial role, in that they determine
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the intensity (and distribution) of the sequence of meeting times, and thus the
convergence rate of the service evolution process.

We consider the following two random processes:

X(t) =
1
N

N∑
i=1

Ii(t); (1)

Y (t) = min
i=1,...,N

Ii(t). (2)

An easy sample-path argument leads to the following:

Lemma 1. X(t) converges to 1 P-almost surely if and only if Y (t) converges to
1 P-almost surely.

We then define the following:

Definition 1. A service mating policy is called stable if it leads to convergence
of X(t) [Y (t)] with unitary probability.

Definition 2. A service mating policy is called optimal if it leads to convergence
of X(t) [Y (t)] to 1 with unitary probability.

Please note that the condition of optimality is, in general, not sufficient for
a mating policy to be efficient. How it will be discussed in the next section,
we actually want a service that is able to converge fast to the optimal operating
point, which actually regards the features of the transient behavior of the process
X(·), while optimality here refers to a steady-state characteristic. Next, we want
to estabilish some general sufficient conditions ensuring convergence of X(t)
[Y (t)]. We recall from [7] the followings:

Definition 3. A process Zn is said to be a submartingale (with respect to its
natural filtration) if, ∀n, E[Zn+1|Z0, . . . , Zn] ≥ Zn.

Theorem 1. Let Zn be a submartingale such that sup
n

(|Zn|) < +∞. Then there

exist a random variable Z∞ such that Zn → Z∞ with unitary probability.

Clearly, if would be desirable to have a service mating policy which leads to
X(·) be a submartingale, so that we have convergence of the evolution process.
Further, the optimal convergence should be to a random variable with unitary
mass at 1, so that the process of evolution will reach the optimal system operating
point. We assume that the service of user i can be represented as a binary vector
vi =[vi(1), . . . , vi(T )], vi(l) ∈ {0, 1}, l=1, . . . , T .1 The fitness is then taken to be

Ii =

T∑
l=1

vi(l)

T
.

1 The representation of the service as a binary string is fully general, in that it applies
to any ICT service. This abstraction, while enabling a general tractation, results
in a simplistic approach with respect to “real” services. This complies with the
main focus of the paper, which is to gain a deep understanding of this distributed
evolutionary process; the application of the proposed framework to actual services
is not straightforward, and is left for future work.
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We introduce the following service mating policies:

Definition 4 (Clonation mating policy). Let us consider two nodes with
respective fitness level I1 and I2 that get into mutual communication range. Let
us assume, without any loss of generality, I1 > I2 (if I1 = I2 no mating takes
place). Then user 2 downloads (clones) user 1’s service. User 1 keeps its service
unchanged.

Definition 5 (Clone-and-mutate mating policy). Let us consider two
nodes with respective fitness level I1 and I2 that get into mutual communica-
tion range. Let us assume, without any loss of generality, I1 ≥ I2 (if I1 = I2 = 1
no mating takes place). If I1 = I2, we assume node 2 to perform the mating.
Then user 2 downloads user 1’s service. Mutation is then performed on the new
vector v2, by changing each digit independently with a given probability p (called
the mutation probability). User 1 keeps its service unchanged.

Definition 6 (Combine-and-mutate mating policy). Let us consider two
nodes with respective fitness level I1 and I2 that get into mutual communication
range. Let us assume, without any loss of generality, I1 ≥ I2 (if I1 = I2 = 1
no mating takes place). If I1 = I2, we assume node 2 to perform the mating.
User 2 downloads user 1’s service, i.e., the vector v1. A number k is uniformly
taken in the set {1, . . . , T}. Then, a new vector v′2 = [v1(1), . . . , v1(k), v2(k +
1), . . . , v2(T )] is formed. Mutation is performed on this vector, by changing each
digit independently with probability p (called the mutation probability). User 1
keeps its service unchanged.

To illustrate the fitness evolution process associated with such policies, let us con-
sider the situation when two nodes, running the same service (but with different
parameters), presenting fitness levels I1 and I2, respectively, meet at time tk+1.
We assume, without any loss of generality, that I1(tk) ≥ I2(tk) and I2(tk) < 1.
Both I1 and I2 are taken to be in the interval [0, 1]. In the case of I1 = I2, we
assume without any loss of generality node 2 to perform the mating.

In general, we have (I1(tk+1), I2(tk+1)) = φ [I1(tk), I2(tk)], where φ[·] is what
we call the fitness mating function, that maps [0, 1]× [0, 1] into itself. The mating
function is, in general, taken to be a stochastic function, defined on {Ω, F , P}.
For the three examples considered above, the fitness mating function takes the
following form:

φ[x, y] = (x, x) , clonation mating policy, (3)

φ[x, y] = (x, x + ξ) , clone-and-mutate mating policy, (4)

φ[x, y] = (x, ψ · x + (1 − ψ) · y + ξ)) , combine-and-mutate mating policy, (5)

where ψ accounts for the combination operator and ξ is a random variable ac-
counting for the mutation operator. From the structure outlined in the definition,
it is clear that E[ξ] = 0 and E[ψ] = 1

2 .
We are interested is in studying the convergence properties of the aforemen-

tioned policies. We assume that the initial fitness values are indipendently taken
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from a continuous distribution F0(·). We get the following results, whose proofs
can be found in [8]:

Proposition 1. The clonation/clone-and-mutate/combine-and-mutate mating
policies are stable.

Proposition 2. The clonation mating policy is not optimal.

Proposition 3. The clone-and-mutate mating policy is optimal.

Proposition 4. The combine-and-mutate mating policy is optimal.

3.2 Simulation Scenario

In order to study the effectiveness of the distributed evolution process, we run a
wide set of simulations using a freely available software tools [9]. We simulated,
for the whole range of simulation parameters, the two optimal service mating
policies outlined above, and took the mutation parameter p equal to 0.1. We
denote by N the total number of nodes, and assume that they are constrained
to move in a square of 2000×2000 m2. Each node is assumed to have a transmis-
sion range of 50 m, and IEEE 802.11b-compliant PHY and MAC protocols are
used [10]. The nodes are initially dropped according to a uniform distribution
on the square, and then start moving according to either a Brownian Motion
(BM) or a Random Waypoint Mobility (RWM) at constant speed v taken in
the set {2, 5, 10, 15} m/s. For the RWM model, the pause time has been set to
zero; also since we are interested in the transient behavior of the fitness level,
the speed decay phenomenon does not play a significant role in our scenario [11].
Please note that our simulation of RWM is not a perfect simulation [12]. Indeed,
we do not start the simulation with nodes distributed according to the steady-
state distribution, but, rather, with a uniform one. This does indeed represent
a pessimistic assumption, in that, as it may be easily understood, a uniform
distribution of nodes over the area of interest is the distribution yielding the
lowest probability of having nodes connected to one another (or, alternatively,
the highest node isolation probability). Nonetheless, we believe that such an as-
sumption leads to meaningful results in terms of comparison of the performance
obtainable with BM and RWM. For the BM model, a billiard-like reflection was
used when the mobile reached the edge of the domain. The initial fitness values
are drawn from a set of i.i.d. random variables having uniform distribution in
the interval [0, 1]. What we are interested in measuring is the convergence time,
that will be defined in two ways. First, setting a threshold ξ (in the simulation,
we will use ξ = 0.95), we want to measure the time it takes for the average

fitness level to exceed ξ. Formally, T avg
conv = min

⎛
⎝t :

N

i=1
Ii(t)

N ≥ ξ

⎞
⎠. Then, we

are interested in the time it takes for the all the fitness values to exceed ξ,

i.e., T min
conv = min

(
t : min

i=1,...,N
(Ii(t)) ≥ ξ

)
. Clearly, T min

conv ≥ T avg
conv. Further, the
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smaller such convergence times, the more efficient the evolution process and the
ability of the service to adapt to rapidly changing environmental conditions. In-
deed, while the framework outlined in the previous section was able to answer
our questions regarding the stability (i.e., the steady-state) of the distributed
evolution process, we did not get any quantitative result on the convergence
time, that is what in reality impacts the user’s perception of the service quality.
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Fig. 1. Convergence times for the clone-and-mutate mating policy under the random
waypoint mobility model

The first issue we want to address is which of the two optimal mating policies
described in the previous section is able to achieve the faster convergence. The
results, in terms of 95% confidence interval for the convergence times, for the
RWM mobility model are reported in Fig. 1 and Fig. 2 for the clone-and-mutate
and combine-and-mutate policies, respectively. It can be seen that the clone-and-
mutate has, in general, quite lower convergence times, showing thus higher ability
to adapt to changing environmental conditions. On the other hand, the combine-
and-mutate is able to achieve interesting performance figures when dealing with
high-density high-mobility scenarios, the most interesting cases for the pervasive
environments we are targeting. The combine-and-mutate policy shows then to
represent an interesting choice, and we are currently investigating whether more
complex extensions of such a scheme can be actually used to speed up the service
evolution process.

We also tested extensively the case of BM mobility model, which resulted
in worse performance with respect to the RWM case. In Fig. 3 and Fig. 4 we
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Fig. 2. Convergence times for the combine-and-mutate mating policy under the random
waypoint mobility model
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Fig. 3. Convergence times for the clone-and-mutate mating policy under the Brownian
motion mobility model

reported the convergence times for the clone-and-mutate and combine-and-
mutate policies. The results are reported, in terms of 95% confidence interval,
only for the cases of N = 75, 100, 125, 150 users moving at a speed v = 10, 15
m/s, because of the extremely long convergence times under such a mobility
model. As it may be easily seen comparing these results with the ones in Fig. 1
and Fig. 2, the RWM model is able to achieve much better performance (al-
most one order of magnitude), in terms of convergence time. This phenomenon
is worth some comments. In general, it reflects the fact that the inter-meeting
times in the RWM are smaller than in the BM (see [13] for an extensive and
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Fig. 4. Convergence times for the combine-and-mutate mating policy under the Brow-
nian motion mobility model

in-depth discussion of such phenomena). However, the difference in the inter-
meeting times statistics is not sufficient to completely understand the difference
between the two. Indeed, an extensive analysis of the trace files shows that the
convergence (in particular for the minimum value) is driven by a few nodes which
keep isolated for a very long time. This comes from the well-known tendency of
the BM model to “move around”, without getting far from the initial location.
Hence, if a node is very far from all the others in the initial distribution, it will
take him a very long time before getting in contact with the rest of the popula-
tion. Further, nodes will tend to remain in closed clusters; the evolution process
remains localized inside the cluster and hence becomes much lower, since such
a “local” evolution takes place over a smaller population. On the other hand, in
RWM, nodes tend to pass through the center, and to meet more regularly with
each other. In particular, a careful analysis of the trace files show that the time
it takes for a node to get in touch with all other nodes is much lower in RWM
than in the BM model. We might thus conclude that regularity in the traffic
pattern helps in speeding up the convergence process.

4 Conclusions

In this work, we have proposed a framework for self-evolving autonomic services
in a nomadic wireless environment. Freely drawing inspiration from the living
world, we outlined a one-to-one mapping from biology to services, and apply the
concept of evolution by adaptation to obtain truly autonomic services, able to
self-optimize and to self-adapt to changing environmental conditions. The core
of this evolution process is represented by the service mating policy. We outlined
a general framework for studying service mating policies, and exploited results
from martingales theory to assess the convergence properties of the resulting
evolution process. We considered three policies and showed that two of them,
the clone-and-mutate and the combine-and-mutate ones, are actually optimal,
in that they are able to reach with unitary probability the optimal operating
point. These two optimal policies have been widely compared through extensive
numerical simulations, leading to interesting conclusions in terms of performance
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impact of parameters such as the number of nodes, the nodes speed and the
mobility pattern.

In order to improve the present work, one direction of interest is to build
a model for the transient behaviour of the evolution process, in order to get
estimates (or, at least, bounds) for the convergence time of the fitness evolution
process. Further, an open issue remains the characterization of the mating times
sequence for different mobility models, in order to analyze the impact of the
mobility pattern on the evolution convergence rate. Finally, we are currently
investigating more complex extensions of the combine-and-mutate service mating
policy, exploiting results in the area of GAs to find solutions able to speed up
the convergence process in highly-dense highly-mobile networks.
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