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Abstract: Complex computing systems begin to overwhelm the capacities of 
software developers and administrators. Self-organization has been a successful 
strategy of evolution to handle the increasing complexity of organisms with the 
emergence of novel structures and behavior. Thus, self-organization and 
emergence are fundamental concepts of organic computing. But these concepts are 
often used in a more or less intuitive and fuzzy manner. In the theory of complex 
systems and nonlinear dynamics, self-organization and emergence can be 
mathematically defined. Actually, these concepts are independent of biological 
applications, but universal features of dynamical systems. We get an 
interdisciplinary framework to understand self-organizing complex systems and to 
ask for applications in organic computing. 

 
 
1 From Linear to Nonlinear Dynamics 
 
A dynamical system is a time-depending multi-component system of elements with local 
states determining a global state of the whole system. In a planetary system, for example, 
the state of a planet at a certain time is determined by its position and momentum. The 
states can also refer to moving molecules in a gas, the excitation of neurons in a neural 
network, nutrition of organisms in an ecological system, supply and demand of 
economic markets, the behavior of social groups in human societies, routers in the 
complex network of the internet, or units of a complex electronic equipment in a car. 
The dynamics of a system, i.e. the change of system’s states depending on time, is 
represented by linear or nonlinear differential equations. In the case of nonlinearity, 
several feedback activities take place between the elements of the system. These many-
bodies problems correspond to nonlinear and non-integrable equations with instabilities 
and sometimes chaos [Ma04]. 
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2 Self-organization and Emergence in Nature  
 
The emergence of order and structures in nature can be explained by the dynamics and 
attractors of complex systems [Ma04]. They result from collective patterns of interacting 
elements in the sense of many-bodies problems that cannot be reduced to the features of 
single elements in a complex system. Nonlinear interactions in multicomponent 
(„complex“) systems often have synergetic effects, which can neither be traced back to 
single causes nor be forecasted in the long run or controled in all details. The whole is 
more than the sum of its parts. This popular slogan for emergence is precisely correct in 
the the sense of nonlinearity. 
 
The mathematical formalism of complex dynamical systems is taken from statistical 
mechanics. If the external conditions of a system are changed by varying certain control 
parameters (e.g., temperature), the system may undergo a change in its macroscopic 
global states at some critical point. For instance, water as a complex system of molecules 
changes spontaneously from a liquid to a frozen state at a critical temperature of zero 
celsius. In physics, those transformations of collective states are called phase transitions. 
Obviously they describe a change of self-organized behavior between the interacting 
elements of a complex system. The suitable macrovariables characterizing the change of 
global order are denoted as „order parameters“. They can be determined by a linear-
stability analysis [Ma04]. From a methodological point of view, the introduction of order 
parameters for modeling self-organization and the emergence of new structures is a giant 
reduction of complexity. The study of, perhaps, billions of equations, characterizing the 
behavior of the elements on the microlevel, is replaced by some few equations of order 
parameters, characterizing the macrodynamics of the whole system. Complex dynamical 
systems and their phase transitions deliver a successful formalism to model self-
organization and emergence. The formalism does not depend on special, for example, 
physical laws, but must be appropriately interpreted for different applications. 
 
 
3 Self-Organization and Emergence in Computational, Information 

and Communicating Systems 
 
There is a precise relation between self-organization of nonlinear systems with 
continuous dynamics and discrete cellular automata. The dynamics of nonlinear systems 
is given by differential equations with continuous variables and a continuous parameter 
of time. Sometimes, difference equations with discrete time points are sufficient. If even 
the continuous variables are replaced by discrete (e.g., binary) variables, we get 
functional schemes of automata with functional arguments as inputs and functional 
values as outputs. There are classes of cellular automata modeling attractor behavior of 
nonlinear complex systems which is well-known from self-organizing processes. But in 
many cases, there is no finite program, in order to forecast the development of random 
patterns. Thus, pattern emergence cannot be controled in any case. Self-organization and 
pattern emergence can also be observed in neural networks, working like brains with 
appropriate topologies and learning algorithms. A simple robot with diverse sensors 
(e.g., proximity, light, collision) and motor equipment can generate complex behavior by 
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a self-organizing neural network. In the case of a collision with an obstacle, the synaptic 
connections between the active nodes for proximity and collision layer are reinforced by 
Hebbian learning: A behavioral pattern emerges, in order to avoid collisions in future. 
 
In a dramatic step, the complex systems approach has been enlarged from neural 
networks to global computer networks like the World Wide Web. The internet can be 
considered as a complex open computer network of autonomous nodes (hosts, routers, 
gateways, etc.), self-organizing without central mechanisms. Routers are nodes of the 
network determining the local path of each information packet by using local routing 
tables with cost metrics for neighboring routers. These buffering and resending activities 
of routers can cause congestions in the internet. Congested buffers behave in surprising 
analogy to infected people. There are nonlinear mathematical models describing true 
epidemic processes like malaria extension as well as the dynamics of routers. Computer 
networks are computational ecologies [Ma03]. 
 
But complexity of global networking not only means increasing numbers of PCs, 
workstations, servers, and supercomputers interacting via data traffic in the internet. 
Below the complexity of a PC, low-power, cheap, and smart devices are distributed in 
the intelligent environments of our everyday world. Like GPS in car traffic, things in 
everyday life could interact telematically by sensors. The real power of the concept does 
not come from any one of these single devices. In the sense of complex systems, the 
power emerges from the collective interaction of all of them. For instance, the optimal 
use of energy could be considered as a macroscopic order parameter of a household 
realized by the self-organizing use of different household goods according to less 
consumption of electricity during special time-periods with cheap prices. The processors, 
chips, and displays of these smart devices don’t need a user interface like a mouse, 
windows, or keyboards, but just a pleasant and effective place to get things done. 
Wireless computing devices on small scales become more and more invisible to the user. 
Ubiquitous computing enables people to live, work, use, and enjoy things directly 
without being aware of their computing devices. 
 
A challenge of the automobile industry is the increasing complexity of electronic 
systems. If we consider the electronic cable systems of automobiles from the beginning 
through to today, there will be a surprising similarity to neural networks of organisms 
which increase in complexity during evolution. Contrary to biological evolution, 
electronic systems of today are rigid, compact, and not flexible. In an evolutionary 
architecture (EvoArch) the nervous system of an automobile is devided into autonomous 
units (carlets) which can configurate themselves in cooperative functions, in order to 
solve intelligent tasks [Ho02]. They are the macroscopic features realized by interacting 
unities in a complex system. Examples are the complex functions of motor, brake, and 
light, wireless guide systems like GPS, smart devices for information processing, and the 
electronic infrastructure of entertainment. In an evolutionary electronic architecture 
(EvoArch), there are several „self-x-features“ with great similarity to self-organizing 
organic systems in biological evolution: Self-healing demands self-configuration and 
self-diagnosis. Self-diagnosis means error recognition and self-reflection, etc. 
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4 Perspectives for Organic Computing 
 
Organic computing aims at the construction of self-organizing computing systems that 
display desired emergent behavior [Ho01, KC03, Mü03]. Emergence refers to a property 
of a system that is not contained in anyone of its parts. In the sense of nonlinear 
dynamical systems, the whole is more than the sum of its parts. In robotics, it concerns 
behavior resulting from the agent-environment interaction whenever the behavior is not 
preprogrammed. It is thus not common to use the term if the behavior is entirely 
prespecified like a trajectory of a hand that has been precalculated by a planner. Agents 
designed using high-level ontologies have no room for emergence, for novel behaviors. 
A domain or high-level ontology consists of a complete representation of the basic 
vocabulary, the primitives, that are going to be used in designing the system. These are 
the only components that can be used: everything is built on top of these basic elements. 
The domain ontology remains constant for an extended period of time, often for the 
entire life of the system. A well-known example is the bounded knowledge 
representation of an expert system. High-level ontologies are therefore used whenever 
we know precisely in what environments the systems will be used, as for traditional 
computational systems as well as for factory robot systems. 
 
In unknown environments, a better strategy is to define a low-level ontology, introduce 
redundancy – and there is a lot in the sensory systems, for example – and leave room for 
self-organization. Low-level ontologies of robots only specify systems like the body, 
sensory systems, motor systems, and the interactions among their components, which 
may be mechanical, electrical, electromagnetic, thermal etc. According to the complex 
systems approach, the components are characterized by certain microstates generating 
the macrodynamics of the whole system. 
 
Take a legged robot. Its legs have joints that can assume different angles, and various 
forces can be applied to them. Depending on the angles and the forces, the robot will be 
in different positions and behave in different ways. Further, the legs have connections to 
one another and to other elements. If a six-legged robot lifts one of the legs, this changes 
the forces on all the other legs instantaneously, even though no explicit connection needs 
to be specified [PS01]. The connections are implicit: They are enforced through the 
environment, because of the robot‘s weight, the stiffness of its body, and the surface on 
which it stands. Although these connections are elementary, they are not explicit and 
included if the designer wished. Connections may exist between elementary components 
that we do not even realize. Electronic components may interact via electromagnetic 
fields that the designer is not aware of. These connections may generate adaptive 
patterns of behavior with high fitness degrees (order parameter). But they can also lead 
to sudden instability and chaotic behavior. In our example, communication between the 
legs of a robot can be implicit. In general, much more is implicit in a low-level 
specification than in a high-level ontology. In restricted simulated agents with bounded 
knowledge representation, only what is made explicit exists, whereas in the complex real 
world, many forces exist and properties obtain, even if the designer does not explicitly 
represent them. Thus, we must study the nonlinear dynamics of these systems in 
experimental situations, in order to find appropriate order parameters and to prevent 
undesired emergent behavior as possible attractors. 
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Obviously, self-organization leads to the emergence of new phenomena on sequential 
levels of evolution. Nature has demonstrated that self-organization is necessary, in order 
to manage the increasing complexity on these evolutionary levels. But nonlinear 
dynamics can also generate chaotic behavior which cannot be predicted and controled in 
the long run. In complex dynamical systems of organisms monitoring and controling are 
realized on hierarchical levels. There is still no final and unified theory of organic 
computing. We only know parts of biological, neural, cognitive, and social systems in 
the framework of complex dynamical systems. But even in physics, we have no unified 
theory of all physical forces. Nevertheless, scientists work successfully with an 
incomplete patchwork of theories. In order to know more about it, we need an 
interdisciplinary cooperation of computer science, natural and social sciences, and last 
but not least the humanities. The goal of organic computing is the construction of self-
organizing computing systems as service for people, in order to manage a world of 
increasing complexity and to support a sustainable future of human infrastructure. 
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