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Abstract— The contribution of this paper is twofold. On
the one hand the authors give a brief survey on existing
publications on the performance modeling of discrete-event
systems and on the existing literature on the modeling of
self-organizing systems. On the other hand an evaluation
is started towards answering the question if modeling
techniques designed for discrete-event systems are capable
of describing self-organizing systems. We demonstrate that
self-organizing systems share many properties of discrete-
event systems. Thus, the well-known methods developed
for the performance investigation of discrete-event system
performance seem to be attractive for the performance
evaluation of self-organizing systems.

I. I NTRODUCTION

Self-organization is supposed to play a decisive role in
future communication systems, especially in the Internet.
With the help of self-organizing systems, developers of
already complex and still further growing communicati-
on infrastructures hope to keep their system manageable,
scalable, configurable, repairable, and last but not least
high-performing.

Thus, to see the benefit of self-organizing systems it
is worthwhile to investigate modeling techniques suitable
for evaluating the performance of these systems. Parti-
cularly with regard to complexity and nonlinearity, the
modeling of self-organizing systems and the evaluation
of these models is a non-trivial task.

This paper lists some ideas how to deal with this
problem and discusses to which degree discrete-event
system models are suitable to model the behavior of self-
organizing systems. The investigation is consciously kept
general and abstract to provide a common universal basis
for multiple applications like sensor networks and ubi-
quitous computing, ad-hoc and group-forming networks,
P2P networks, and others.

The paper is organized as follows. In Section II mode-
ling techniques for discrete-event systems are reviewed.
In Section III the paper introduces the properties of self-
organizing systems. Section IV is used to discuss which
properties complicate the modeling of self-organizing
systems. Furthermore, Section IV investigates if self-
organizing systems can be modeled and evaluated easily
using the well-known methods developed for discrete-
event systems.

II. D ISCRETE-EVENT SYSTEMS

To set a basis for discussion, we will recapitulate
the definition and different modeling and evaluation
techniques for discrete-event systems (DESs).

A. Working Definition

Referring to a point of view which is widely accepted
in large parts of the research community (see, e.g., [1]),
a system in general can be described as a set of objects
that depend on each other or interact with each other
in some way to fulfill some task. While doing this, the
system might be influenced by the system’s environment.
It is essential to set clear boundaries between the system
and its environment.

At this point it is worthwhile to define some system
components (see [1]):

• Entity: An entity is an object of interest in the sy-
stem, whereby the selection of the object of interests
depends on the purpose and level of abstraction of
the study.

• Attribute: Attributes are used to describe the pro-
perties of the system’s entities.

• State:The state of the system is a set of variables
that is capable of characterizing the system at any
time.
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• Event: An event is an instantaneous incidence that
might result in a state change. Events can be
endogenous (generated by the system itself) or
exogenous (induced by the system’s environment).

Systems can be classified as continuous-state or as
discrete-state systems (see [1]). Incontinuous-statesy-
stems the state variables change continuously over time.
By contrast, the state ofdiscrete-statesystems only
changes at arbitrary but instantaneous points in time.

An orthogonal classification of systems is based on
the distinction if the progress of the dynamic system
state is pushed forward by time or by the occurrence of
events (see [2]). While intime-drivensystems all state
changes are synchronized by the system clock, inevent-
drivensystems events occur asynchronously and possibly
concurrently/simultaneously.

Thus, a DES (see, e.g., [1] or [2]) is a discrete-
state, event-driven (not time-driven) system, i.e., the
state changes of the system depend completely on the
appearance of discrete events over time.

B. Modeling Techniques

Various approaches to the modeling of (discrete-event)
dynamic systems exist (see [3]). These approaches can
be divided intological modelsand timed models. The
latter are also known asperformance modelsand can
further be split into the classes ofdeterministic(or non-
stochastic) andstochasticmodels.

Logical models and non-stochastic timed models are
primarily used in control theory (see, e.g., [4]). These
models mainly consider the logical aspects of the system,
e.g., the order of events. Although it might be interesting
to apply control theory to self-organizing systems, these
models are not within the scope of this paper.

Thus, in this paper we focus on stochastic models
of discrete-event systems. Event-driven systems may
be modeled incontinuous timeor in discrete time.
Several modeling techniques exist, developed especially
for handling performance aspects of discrete-event sy-
stems, includingMarkov chains, queueing networks, and
stochasticPetri nets. A thorough investigation of these
well-established techniques can be found in [5].

C. Evaluation Techniques

Various evaluation techniques exist for the mo-
deling techniques mentioned in Section II-B (see,
e.g., [5]). These evaluation techniques include analyti-
cal/numerical methods (e.g., Markovian analysis, algo-
rithms for product-form queueing networks) as well as
(discrete-event) simulation.

Especially when dealing with very complex systems
the following drawbacks can be observed:

• With Markovian analysis, it is necessary to create
the whole state space (e.g., in form of generator
matrices of continuous-time Markov chains). Due
to the finite memory of computer systems, the
calculation of results heavily suffers from state-
space explosion. Furthermore, Markovian analysis
can only be done for models that fulfill the Mar-
kovian property (i.e., state sojourn times have to
be memoryless, i.e., have to be exponentially or
geometrically distributed).

• Algorithms for product-form queueing networks
require queueing network models in product form,
which is a hard constraint. Furthermore, queueing
networks lack means for handling synchronization
and concurrency of system components.

• To get narrow confidence intervals it is necessary
to simulate complex systems with long simulation
runs and/or with a large number of simulation runs,
especially in the presence of rare events. Thus,
although simulation is a versatile tool because it can
handle stochastic processes that fall into the class
of generalized semi-Markov processes, it is a very
time-consuming method for deriving results.

Of course, workarounds have been presented to these
and further problems (see, e.g., [5], [6], or [7]). These
include largeness avoidance, state space truncation, lum-
ping, decomposition, fluid models, stiffness avoidance,
stiffness tolerance, phase approximations, and simulation
speed-up techniques.

Especially this plentifulness of methods makes it
worthwhile to investigate if they can be used efficiently
in the modeling process and evaluation of self-organizing
systems.

III. SELF-ORGANIZING SYSTEMS

The term “self-organization” (SO) is widespread in
science among various disciplines. Interdisciplinary lec-
tures at the University of Passau have shown that it is
difficult to find a common interpretation.

A. Working Definition

We utilize the view on self-organization that emerged
within the USENET Newsgroupcomp.theory.self-org-
sysand was summarized in the “Self-Organizing Systems
(SOS) FAQ”1.

1Version 2.99, July 2006, http://www.calresco.org/sos/sosfaq.htm



There, SO is defined as follows:
• The evolution of a system into an organized form

in the absence of external pressures.
• A move from a large region of state space to a

persistent smaller one, under the control of the
system itself. This smaller region of state space is
called an attractor.

• The introduction of correlations (pattern) over time
or space for previously independent variables ope-
rating under local rules.

The following typical features of SO are listed in
rough order of generality:

• Absence of external control (autonomy)
• Dynamic operation (time evolution)
• Fluctuations (noise/searches through options)
• Symmetry breaking (loss of freedom/heterogeneity)
• Global order (emergence from local interactions)
• Dissipation (energy usage/far-from-equilibrium)
• Instability (self-reinforcing choices/nonlinearity)
• Multiple equilibria (many possible attractors)
• Criticality (threshold effects/phase changes)
• Redundancy (insensitivity to damage)
• Self-maintenance (repair/reproduction metabolisms)
• Adaptation (functionality/tracking of external varia-

tions)
• Complexity (multiple concurrent values or objecti-

ves)
• Hierarchies (multiple nested self-organized levels)
Similar views are (partly) shared by several resear-

chers including, e.g., [8], [9], and [10].

B. Application Areas of Self-Organizing Systems

As stated before, “self-organization” was introduced
into the vocabulary of researchers from many disciplines.
Correspondingly, the field of application areas for self-
organizing systems (SOSs) has grown quite large. For
example, SOSs were related to: peer-to-peer systems (see
[11] or [12]), social networks (see [13]), artificial neural
networks (see [14]), and many more.

C. Performance Modeling Techniques

The approaches towards modeling self-organizing sy-
stems are mostly application area specific. They reach
from very abstract, mathematical models based on Mar-
kov chains (like given in [15]) to application-oriented
models, e.g., based on network calculus (see, e.g., [16]).

A widely preferred evaluation technique of SOS mo-
dels is simulation, used, e.g., in [13] for studying social
networks, in [17] for studying sensor networks, in [18]
for studying neural networks, in [19] for studying mesh

transport networks, in [20] for studying neuro mecha-
nical networks, or in [21] for studying load balancing
in grids. It is also interesting that although simulation
is used a lot for evaluating SO models, the formal
specifications of the underlying (discrete-event) system
models are given rarely. Furthermore, no discussion
could be found within these publications, why simulation
was preferred to analytical solutions.

IV. D ISCRETE-EVENT SELF-ORGANIZING SYSTEMS

To check if SOSs systems can be modeled appropria-
tely by DESs, selected features of SOSs that were listed
in Section III-A will now be discussed and related to
DESs in more detail.

A. Autonomy

The autonomy of an SOS has to be distinguished from
total autarchy. The latter does not exist in SOSs (see
[9]). In contrast to total autarchy, interchanges (of, e.g.,
information, space, energy, or perturbations) between the
SOS and its surrounding environment occur. In addition
to these stimulations, the environment must not impose
any control upon the SOS.

In terms of DESs, these stimulations can be modeled
as exogenous events, e.g., in form of workload, job,
token, or customer arrivals, as known from higher-level
DES modeling formalisms like queueing networks or
stochastic Petri nets.

B. Dynamics

As an event-driven system, a DES will have the
facility to proceed as long as exogenous events occur.
If no events are invoked by the environment, the DES’s
progress will depend on the existence of endogenous
events. Regarding this, DESs show the same properties
as SOSs.

C. Fluctuations

The term fluctuation may refer to two different
aspects.

On the one hand, it describes fluctuation in the timing
of events. This can quite easily be handled by stochastic
DES performance models to some extend via defining
stochastic distributions for inter-event times.

On the other hand, the means for modeling fluctua-
tion of the SOS’s structure is limited in DES models.
One could discuss whether fluctuation in structure can
be modeled by using routing probabilities as known
from queueing networks or by using some construct of
immediate transitions with marking dependent weights



(in the following abbreviated as MDWITs) in stocha-
stic Petri nets to let the workload choose only entities
(paths/transitions and nodes) that are set active for the
current structure.

Usually, SOSs are too complex to know all possible
shapes of the SOS’s structure in advance. Thus, the
approach will not be viable without vast abstractions.

D. Symmetry Breaking

Symmetry breaking is closely related to bifurcati-
on. Bifurcation causes sudden qualitative or topological
changes of the SOS’s behavior. Analogously to fluctua-
tions, bifurcations could — respecting the limitations —
be modeled using concepts like MDWITs.

E. Local interactions

To ensure the locality of interactions, MDWITs could
be defined in a way that they depend on the states of
near-by entities only. For this, however, a metric for the
term “near-by” has to be defined. Furthermore, it has to
be discussed how this can be modeled dynamically and
conveniently using high-level model descriptions.

F. Emergence

The investigation of emergence of the SOS towards a
global order is the purpose of the study of SOS models.
It is particularly interesting to investigate the properties
of the attractors the SOS may move to.

Transient evaluation of short, mid, and long-term
behavior could be observed using well-known analyti-
cal/numerical or simulation methods – presuming SOSs
can be modeled as DESs.

G. Energy Usage

In the scope of DESs, energy usage could be modeled
as stimulations from the environment that get dissipated
by the SOSs. As already mentioned in Section IV-A,
these stimulations can be modeled as exogenous events.

The dissipation of the energy can be modeled, e.g., by
join constructs (known from fork-join systems described
in [5]) that can be easily modeled using, e.g., stochastic
Petri nets.

H. Nonlinearity

Nonlinearity results from feedback. Feedback can be
positive or negative (see [9]). Positive and negative
feedback could be modeled by fork and join constructs,
respectively, eventually combined with state or marking-
dependent transition rates and/or arc multiplicities.

Nevertheless, the nonlinear behavior of SOSs is usual-
ly more complex and this makes it hard to model SOSs

and to evaluate these models. It is unlikely that this
complex behavior can be (approximatively) described
appropriately by linear systems of first order differential
equations as it is done for DESs.

I. Further Features

The investigation ofmultiple equilibria is related to
the investigation of the SOS’s behavior (see IV-F).

Criticality (in particular threshold effects) could be
modeled using MDWITs (see IV-C).

Redundancyand repair mechanismscould be hand-
led by well-known methods taken from performability
modeling (see, e.g., [6] or [22]).

Model hierarchiesare also discussed in literature for
several years (see, e.g., [5]).

V. CONCLUSION AND FUTURE WORK

Although initial results for the investigation of correla-
tions of DESs and SOSs were presented in this paper, the
modeling of SOSs in an universal way and the evaluation
of these models remains a non-trivial task.

Not all features of SOSs could be checked in detail yet
whether they restrict or even prohibit the modeling and
evaluation of SOSs with methods originally deployed for
DESs. More time and research effort will be needed to
complete a thorough investigation.

In near future, we plan to build a more detailed survey
and classification of models used by researchers dealing
with SOSs. From these models we might be able to learn
how to extend the capabilities of DESs to increase their
flexibility while modeling SOSs.

Particularly, we will have a look at modeling and
evaluation techniques for nonlinear systems.
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